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With the advent of brain imaging techniques, the study of
human brain connectivity in vivo becomes possible and has
offered new insights into understanding the structural orga-
nization and work mechanisms of the human brain. Using
different modalities of neuroimaging, both structural and
functional brain connectivity can be mapped. The connec-
tivity analysis has been widely applied into investigating the
brain mechanisms of cognitive functions and neuropathol-
ogy of different brain disorders. However, there are still
some challenges when mapping, analyzing, and modeling
the brain connectivity at different scales. This special issue
aims at reflecting the advances in studies of brain connec-
tivity, including both modeling methods and applications.
In this special issue, different imaging techniques, such as
structural MRI, diffusion MRI, and functional near-infrared
spectroscopy (fNIRS), were employed in the studies of
brain connectivity. The applications addressed hemispheric
asymmetry, primary insomnia, and motor training. Also,
the computational modeling methods and analysis toolbox
of brain connectivity were introduced. The types of papers
include review articles as well as original research.

For the modeling methods of brain connectivity, R.
C. Sotero (2015) reviews computational models of phase-
amplitude coupling (PAC) generation ranging from realistic
networks of Hodgkin-Huxley neurons to neural mass models
(NMMs) describing only the average activity of the neu-
ronal populations involved and showed that NMMs are rich

enough to provide a variety of PAC patterns. For the analysis
toolbox of brain connectivity, J. Xu et al. (2015) developed
a MATLAB software package that facilitates fNIRS-based
human functional connectome data-analysis, which will be
useful for the resting-state brain functional connectivity (FC)
studies. For the application studies of brain connectivity, N.
Shu et al. (2015) investigated the hemispheric asymmetry of
brain white matter anatomical network which is constructed
by diffusion MRI tractography and demonstrated that the
topological asymmetries of the anatomical networks might
reflect the functional lateralization of the human brain. L.
Zhao et al. (2015) investigated the topological alterations of
the structural covariance network for patient with primary
insomnia, suggesting that insomnia might be related to
underlying increase in brain network integration encompass-
ing the sensory tomotor networks, the defaultmode network,
and the salience network and decrease in the integration
between the sensory regions and the frontoparietal working
memory network.

The special issue also contains several review papers:
B. Wong et al. (2015) review structural and functional
connectivity studies of bilingualism and examined different
issues such as whether the language neural network is
different for first- (dominant) versus second- (nondominant)
language processing; the effects of bilinguals’ executive func-
tioning on the structure and function of the “universal” lan-
guage neural network; the differential effects of bilingualism
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on phonological, lexical-semantic, and syntactic aspects of
language processing on the brain; and the effects of age of
acquisition and proficiency of the user’s second language
in the bilingual brain, and how these have implications for
future research in neurolinguistics. T. D. Ben-Soussan et al.
(2015) review the connectivity studies of quadrato motor
training and proposed a general model tying cerebellar func-
tion to cognitive improvement, via neuronal synchronization
as well as biochemical and anatomical changes.

In summary, the papers collected in this special issue
cover a wide range of topics that are on the frontier of the
methods and applications of brain connectivity.
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Advances in neuroimaging techniques and analytic methods have led to a proliferation of studies investigating the impact of
bilingualism on the cognitive and brain systems in humans. Lately, these findings have attracted much interest and debate in
the field, leading to a number of recent commentaries and reviews. Here, we contribute to the ongoing discussion by compiling
and interpreting the plethora of findings that relate to the structural, functional, and connective changes in the brain that ensue
from bilingualism. In doing so, we integrate theoretical models and empirical findings from linguistics, cognitive/developmental
psychology, and neuroscience to examine the following issues: (1) whether the language neural network is different for first
(dominant) versus second (nondominant) language processing; (2) the effects of bilinguals’ executive functioning on the structure
and function of the “universal” language neural network; (3) the differential effects of bilingualism on phonological, lexical-
semantic, and syntactic aspects of language processing on the brain; and (4) the effects of age of acquisition and proficiency of
the user’s second language in the bilingual brain, and how these have implications for future research in neurolinguistics.

1. Introduction

It has been estimated that more than half of the world’s
population are bilinguals and/or multilinguals [1]. How does
this widespread capacity for communicating in two or more
languages impact the cognitive and brain systems in humans?
For many years, the fields of psychology and neuroscience
had limited tools and tended to investigate brain structure
and cognitive function separately. However, recent advances
in neuroimaging techniques and analyticmethods have led to
a proliferation of neuroscience findings regarding the impact
of bilingualism on the human brain. Here we review these
numerous and surprisingly diverse findings in light of current
cognitive models, thereby enriching current understandings
on the effects of bilingualism through mutual perspectives
of linguistics, cognition, and neuroscience. Additionally,
in the present review, we overcome the limited perspec-
tives of early work in psychology and neuroscience by
spanning the gap between brain structure and cognitive
function. Specifically, we systematically examine the struc-
tural and functional differences in language networks for

domain-general and domain-specific component processes
in bilinguals/multilinguals (henceforth referred to as “bilin-
guals”: in this paper, we do not distinguish between findings
pertaining to bilinguals versus multilinguals). We also focus
on individual-difference factors including age of acquisition
and language proficiency that may differentially impact
bilingual brain networks. Throughout this review we argue
that bilingual cognition is best understood by taking into
consideration both structure and function, as well as factors
relevant to language learning.

2. Historical Perspective

Early neuroscience perspectives on the relationships between
brain structure and cognitive function drew two opposite
conclusions from then-available cruder forms of investiga-
tion. Brain structure was considered to be organized into
localized, isolated areas where pockets of activity serve very
specialized function, as in the tradition ofGall and Spurzheim
[2] and Fodor [3]. The alternative view was that brain

Hindawi Publishing Corporation
BioMed Research International
Volume 2016, Article ID 7069274, 22 pages
http://dx.doi.org/10.1155/2016/7069274

http://dx.doi.org/10.1155/2016/7069274


2 BioMed Research International

structure is relatively homogeneous with distributed forms of
representation, as in the tradition of Lashley [4] and Hebb
[5]. According to this view, brain structure/architecture was
related to function in a more holistic way that supports
plasticity, whereby functions associated with damaged areas
can be picked up by other undamaged areas. The former per-
spective was supported by myriad functional neuroimaging
studies (e.g., [6–8]), while the latter perspective was taken up
by connectionist investigations [9–11].

Driven by new technologies and advances in computing
power, contemporary approaches to neuroscience have now
been able to draw evidence from more sources than in the
past, leading to new perspectives placed between these two
extremes. Thus, the new evolution of neuroscience investiga-
tions is not structurally bound, like the past lesion studies, nor
functionally discrete, like the early neuroimaging studies, but
can accommodate both perspectives of local specialization
with global coordination across areas as self-organized net-
works that emerge from the individual’s experiential history.
Current neuroscience-based models can therefore point to
a developed neural substrate of networks forged by nature
and nurture, which instantiate soft-assembled coordinative
structures [12] organized to meet the constraints of the
current behavioral task.

As a case in point, language is multifaceted, with oral
and written forms as well as receptive and expressive modes,
but shows evidence of certain universal properties of brain
structures and their interconnections that underlie the behav-
ioral aspects of communicating through speech and/or print
in multiple languages. While structure gives clues to the
architecture of language networks, function relates to the
manner inwhich networksmay be assembledwithin different
contexts or as a result of personal experiences. At present,
unresolved questions for bilingualism include the degree to
which there is anatomical overlap in the neural networks used
for L1 and L2 processing in various language domains.

One possibility is that there is a common neurobiological
foundation for different languages (e.g., [13]), addressed
below as a “universal language neural network.” Although
brain networks may be highly constrained across languages
and routed to the same cortical circuits [14, 15], this expla-
nation may not be tenable in the case of bilingualism, given
that anatomical overlap between language networks could
be sensitive to variables such as language proficiency, age
of acquisition, and different scripts. A second possibility is
that the spatial organization of the neural networks for acts
of reading, listening, and speaking is common across one’s
different languages, only to the extent that a high proficiency
is reached for the languages in question. This would indicate
that the universal neural network is only accessed at the end
of the L2 learning process. Alternatively, a third possibility
is that the linguistic brain structures established from L1
acquisition are coopted for L2 learning only during a critical
window of chronological development; that is, only early age
of L2 acquisition or simultaneous bilingualism would allow
for the assimilation of a universal neural network across
languages.

In the next section, we briefly introduce advanced
neuroimaging techniques and paradigms that have allowed

researchers to investigate the impact of bilingualism on brain
structure, structural connectivity/physical coupling, brain
function, and functional connectivity/statistical coupling.

3. Neuroscience Methodologies

3.1. Techniques Used to Investigate Brain Structure. Magnetic
Resonance Imaging (MRI) is a neuroimaging technique that
produces high quality images of the internal structure of
the living brain by using magnetic fields and radio waves to
detect proton signals from water molecules [16]. It provides
structural information such as neural volume (total brain
volume, gray matter, and white matter volume), cortical
thickness, and surface area [17]. Voxel-based morphometry
(VBM) is an analysis technique that uses T1-weighted MRI
scans and performs statistical tests to identify differences in
brain anatomy [18].

3.2. Techniques Used to Investigate Structural Connectivity.
Diffusion Tensor Imaging (DTI) is another technique that
makes use of the MRI machine to image the neural tracts
and fibre pathways that connect brain regions, so as to gauge
thickness and density of axonal connections through mea-
sures such as fractional anisotropy [19]. Diffusion Spectrum
Imaging (DSI) goes one step further in that it was specifically
developed to image complex distributions of intravoxel fiber
orientation, so as to overcome the inability of DTI to image
multiple fibre orientations [20].

3.3. Techniques Used to Investigate Brain Function. Func-
tional Magnetic Resonance Imaging (fMRI) detects the mag-
netic signal resulting from blood oxygenation and flow that
occur in response to neural activity [21, 22]. Functional near
infrared spectroscopy (fNIRS) is an optical neuroimaging
method that goes beyond fMRI in that the latter simulta-
neously measures the changes in oxygenated, deoxygenated,
and total haemoglobin, is portable, and can be used for both
children and infants [23, 24].

Electroencephalography (EEG) measures cortical electri-
cal activity by recording from electrodes placed on the scalp
[25]. Researchers typically examine the electrical waveforms
for their frequency (e.g., alpha, beta, delta, and theta),
intensity and timing, typically seen in event-related potential
(ERP) components, and signal coherence/synchrony [26].

Magnetoencephalography (MEG) allows researchers to
study neural function in real-time based on the magnetic
fields produced by neural electrical activity and, like EEG, is
a technique with good temporal resolution [27].

3.4. Techniques Used to Investigate Functional Connectivity.
Psychophysiological interactions analysis (PPI) is a method
for investigating functional connectivity between different
brain areas using fMRI data [28]. Effective connectivity
[EC] analysis studies the causal influence that one neural
system has on another using fMRI data, so as to allow for
a richer understanding of interregional brain connectivity
[29, 30].

The review that follows is split into three sections. First,
we provide an overview of a “universal” language network
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across languages and examine how this network functions in
bilinguals. We posit that, upon learning a second language
(L2), some of the same structures are engaged, such that first
language (L1) and L2 processing show similar patterns of
activation across these brain networks (e.g., [31–34]). Addi-
tionally, areas besides those closely associated with language
function are drawn into the processing of multiple languages
and some are correlated with the switching between lan-
guages [35, 36]. In the second section, we focus on the specific
brain areas and subnetworks that are related to three key
aspects of linguistic processing, namely, phonological, lexical,
and syntactic components of linguistic processing. Finally,
we consider variations to the universal language network
in general and to the linguistic component subnetworks in
particular, in response to variables of age of acquisition and
language proficiency.

4. A Universal Language Neural Network

There is compelling evidence for a “universal” language
network of the human brain. Initial insights into this net-
work, from lesion studies, put forth the classical perisylvian
language network, consisting of Broca’s area (BA44) in the
inferior frontal lobe, Wernicke’s area (BA22) in the superior
posterior temporal lobe, and the arcuate fasciculus connect-
ing the two [37], all left lateralized in most individuals.
Additionally, acts of speech draw on the caudate nucleus,
superior frontal gyrus, and superior longitudinal fascicle
(SLF) [38]; and acts of reading draw on visual association
areas, fusiform gyrus, and the angular gyrus [39].

Among languages, including distant ones like Mandarin
and English, identical areas of activation are found for speech
production tasks. Word generation and rhyming tasks elicit
equal activation in L middle frontal cortex and L inferior
prefrontal gyrus for both Chinese and English rhyming [40],
prefrontal, temporal, and parietal areas, and the supplemen-
tary motor area for English and Mandarin word generation
[41]. The results of a meta-analysis of 24 studies on word
production found no significant differences in hemodynamic
activation between L1 and L2 processing on a variety of
experimental tasks [42].

With regard to listening, equivalent areas of activation,
including the L temporal pole, the superior temporal sulcus,
middle temporal gyrus, and hippocampal structures, are
found for bilingual individuals in both L1 and L2 [43, 44].
These findings are in line with connectionist theories which
see the language network as a single system, with L2 learning
being a matter of simply increasing the strength of certain
connections within the same network [45, 46].

Across various languages, a common reading network
is engaged. This includes dorsal, anterior, and posterior
ventral systems [13, 47]. The dorsal system includes the
angular gyrus and posterior superior temporal gyrus and
is associated with mapping orthography onto phonological
and semantic information. The anterior system includes the
posterior inferior frontal gyrus and is related to decoding
new words. The ventral system, including the left inferior
occipitotemporal area, functions as a presemantic word form
area.

Each of these linguistic acts (speech, listening, and read-
ing) engages some common areas and requires knowledge
represented at different linguistic components, including
information about sound structure (phonology), word based
meaning (lexical, vocabulary), andword integration (syntax).
Given results from behavioral studies, the assemblages of
subnetworks related to these different components of linguis-
tic knowledge may show some departure from the common
network for bilinguals. Tasks related to these component
processes of language have been correlated with activity in
the following brain structures.

Phonology. Phonology draws on the auditory input system
in Heschl’s gyrus [38], auditory association areas in the
perisylvian region, including superior temporal gyrus, infe-
rior parietal cortex, inferior frontal gyrus, and the arcuate
fasciculus-Broca’s area-Wernicke’s area pathway [37].

Semantic Vocabulary Knowledge. Semantic vocabulary
knowledge draws on amodal association areas such as the
middle temporal gyrus, posterior STS, temporoparietal
cortex, supramarginal gyrus, anterior inferior frontal cortex,
a long-range dorsal fibre tract that connects the temporal
lobe with Broca’s area, and also the angular gyrus for
sentence-level semantics [38, 48].

Syntax. Syntax draws on the L pars opercularis, pars trian-
gularis in Broca’s area, and the posterior superior temporal
gyrus, connected by the arcuate fasciculus [38, 49].

While the general language networkmay be similar across
languages and even between languages used within a bilin-
gual individual [33, 50–55], there appear to bemore variations
in theway these subnetworks for the component processes are
engaged and assembled.Thismay partially result fromcertain
features of bilingualism that differentially impact the way that
two or more languages are managed. In particular, the age
at which one learns a second language affects whether these
subnetworks overlap or utilize separate brain areas, implying
that language learning is neurophysiologically instantiated in
a different manner across development (e.g., [56]).

Further, language proficiency is also differentially related
to both structure and activity across brain areas, indicating
a similar modification of the way language is instantiated in
the brain over the course of learning the language (e.g., [52]).
These two factors, age and order of language acquisition plus
achieved proficiency, are partially associated andmay interact
with the overlap versus divergence of neural pathways used
for language tasks, such as reading. For instance, simul-
taneous acquisition of reading in two orthographies lends
itself to divergent pathways for reading in each language,
whereas sequential reading acquisition gives rise to largely
overlapping reading circuits in both languages [57].

In some cases, the type of language (tonal versus nonton-
al; or logographic versus alphabetic orthographies) involved
in bilingualism also results in variation on structural and
functional differences in the brain [47, 58, 59]. One area of
difference in brain circuitry/function for bilingual compared
with monolingual individuals pertains to executive function
processes, as described next.
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5. What Are the Effects of Bilinguals’ Executive
Functioning on the Structure and Function
of the (Universal) Language Neural
Network? Do These Effects Differ from
Those of Monolinguals, and If so, How?

The three core aspects of executive functioning that have
been identified by Miyake et al. [60] are inhibitory control,
shifting, and updating. Inhibitory control refers to the ability
to deliberately override a dominant or automatic response
[61, 62]. Shifting refers to the ability to move flexibly between
multiple tasks or operations [60, 63]. Updating refers to
the ability to monitor information that is held in working
memory and revising it as appropriate with newer or more
relevant information [64, 65].

Many behavioral studies and reviews have found that
bilinguals show advantages in tasks of executive functioning
(EF) (e.g., [66–68]). EF tasks require the participants to
engage in high-level cognitive functions to coordinate their
thoughts and actions for goal-directed behaviors [69–71]. It
must be noted, however, that this argument of a bilingual
advantage in EF has recently been under much scrutiny
and debate (e.g., [72–74]). For example, Paap et al. [75]
argue that there have been possible methodological issues
with and differences among behavioral studies, involving
inappropriate baselines and/or questionable use of statistical
tests.

In this section, we contribute to the ongoing discussion
by examining theoretical models for bilingual language pro-
cessing and empirical findings from neuroscience studies
on the structural, functional, and connective changes in
the human brain that ensue from bilingualism and whether
this differs from monolinguals, in an effort to clarify the
“hazy” differences between bilingual andmonolingual brains
[72].

Cognitive models of bilingual language processing impli-
cate a specific role for nonlinguistic executive functioning
[76]. For example, Green’s [77] inhibition control model
posits that bilinguals experience a constant competition
between the lexical representations of both languages and
therefore must use inhibitory control—a domain-general
resource—to inhibit the activation from the nontarget lan-
guage. Similarly, the bilingual interactive activation+ model
[78] proposes that there is a decision and response selec-
tion mechanism that imposes top-down control in selecting
between activated lexical representations. Some consensus
has emerged in the literature that bilinguals recruit some
measure of domain-general executive control to switch
between languages [79, 80]. These models strongly suggest
the importance of executive functioning in language process-
ing for bilinguals.

It must be noted, however, that there may be a differ-
ence between executive functioning for bilingual language
control (e.g., switching between languages and/or inhibiting
nontarget lexical representations) versus nonlinguistic exec-
utive functioning (e.g., switching between tasks). Preliminary
research indicates that bilinguals’ advantage for executive
functioning might be limited to the former ([79, 81], cf. [82]).

Moving on to the effects of executive functioning and
language control on the bilingual brain, neuroscience studies
have found structural, functional, and connectivity differ-
ences in brain areas associated with domain-general cogni-
tion for bilinguals as compared to monolinguals, particularly
in the basal ganglia and the frontoparietal brain network.

5.1. Structure. Studies have found differences in brain struc-
ture between bilinguals and monolinguals particularly in
frontoparietal brain areas traditionally associated with cog-
nitive control and executive functioning. For example, using
voxel-based morphometry (VBM), Mechelli et al. [83] found
that grey matter density in the inferior parietal cortex was
higher in bilinguals than monolinguals and that this effect
was sensitive to age of acquisition and proficiency. Specifi-
cally, the structural difference was more pronounced in early
bilinguals than late bilinguals, as well as bilinguals with a
higher L2 proficiency. Using high resolution anatomicalMRI,
Della Rosa et al. [84] also found that multilingual children
had greater greymatter density thanmonolingual children in
the inferior parietal lobe. The authors argued that increased
grey matter in the IPL was likely the source of their enhanced
attentional and cognitive control.

A number of researchers have also found structural
differences in the basal ganglia, particularly the caudate
nucleus. For example, using VBM, Zou et al. [85] found that
grey matter volume in the left caudate nucleus was higher
in bilinguals than monolinguals. The researchers argued
that this area was implicated in cognitive control, because
functional activation in the caudate nucleus was higher when
bilinguals switched between languages, compared to when
they did not switch.Hosoda et al. [86] reported that a training
intervention for L2 vocabulary in bilinguals resulted in a
significant increase in grey matter volume in the caudate
nucleus, among other brain areas. A review by Li et al. [87]
similarly reported that bilinguals consistently show greater
GM volume and density in the caudate nucleus as compared
to monolinguals.

Given that the basal ganglia, particularly the caudate
nucleus, is known to be part of an anatomical network sub-
serving functions within the dorsolateral prefrontal cortex
[88] for goal-directed behavior [89], and since this brain area
is implicated in switching between languages in the bilingual
brain [90], it is plausible that this brain area, together with
the frontoparietal network,might be the locus of the bilingual
advantage in executive functioning and language control.

5.2. Structural Connectivity. Using DTI, Grady et al. [91]
found stronger connectivity in the frontoparietal control
network in bilinguals compared to monolinguals when they
were at rest. This network includes the dorsolateral and
inferior frontal regions and the inferior parietal lobe and
is well-known to be implicated in executive functioning,
attention, and cognitive control [92].

5.3. Function. Using fNIRS, Kovelman et al. [93] found that
bilinguals activated the dorsolateral prefrontal cortex
(DLPFC) and the inferior frontal cortex in a semantic judg-
ment taskmore strongly than didmonolinguals, even though
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Figure 1: Key brain areas implicated in executive functioning in bilinguals.

both groups had equally good performance in the task. Since
previous research has linked the DLPFC with working
memory [94, 95], the researchers took this to mean that the
ability to process more than one language might have led to
functional changes in brain regions that support working
memory associated with language processing.

This parallels the findings of a fNIRS study by Jasińska
and Petitto [96], where the researchers found that bilin-
guals activated the classic left hemisphere language areas
(L inferior frontal gyrus, superior temporal gyrus) and
the domain-general cognitive areas (dorsolateral prefrontal
cortex, rostrolateral prefrontal cortex)more strongly than did
monolinguals in a reading task. Previous research has found
that RLPFC is linked to planning, reasoning, and integrating
information [97, 98], and the DLPFC to workingmemory. As
such, the researchers proposed that the bilinguals’ experience
withmonitoring and selecting between two language systems
might have been linked to the greater prefrontal cortical
activation. The key brain regions implicated in executive
functioning in bilinguals as compared to monolinguals are
shaded in Figure 1.

In light of the recent debate on the bilingual advantage
in EF, then, while we acknowledge that the frequency and
effect size of the bilingual advantage in EF may have been
inflated by questionable practises among behavioral studies,
we argue that existing neuroscience findings paint a con-
sistent picture of the bilingual advantage in EF. Certainly,
higher numbers of participants would be ideal for future neu-
roscience studies to increase statistical power (cf. [72, 73]).
However, at our current state of knowledge, current research
points to stronger EF in bilinguals, along with increased
gray and white matter volume and regional activation in
areas associated with cognitive control (specifically, fron-
toparietal network and basal ganglia, as shown in Figure 1),
supporting the notion of a bilingual advantage in executive
functions.

Yet another set of findings indicates a bilingual disad-
vantage in specific language abilities/competencies. Friesen
and Bialystok [99] frame this disparity in terms of control
mechanisms versus representations, or crystallized knowl-
edge.They make the case that while the control mechanisms,
such as cognitive control and executive functioning outlined
above, seem to be better for bilinguals than monolinguals,
the opposite is true for lexical representation. Behaviorally,
monolinguals display faster picture naming times than bilin-
guals in either language [100, 101] and produce more words
in verbal fluency tasks [102], particularly in the initial portion
of such timed tasks [103]. More specifically, a bilingual disad-
vantage holds for some forms of crystallized knowledge, such
as vocabulary knowledge (e.g., [104]), but not for others, such
as metalinguistic skills like phonological and morphological
awareness (e.g., [93]).

6. How Is the Differential Effect of
Bilingualism on Phonological,
Lexical-Semantic, and Syntactic Aspects
of Language Reflected in the Structure
and Function of the (Universal) Language
Neural Network?

Cognitivemodels help to differentiate these knowledge forms
or representations of language further. For instance, Ullman
[105, 106] differentiates language processes that involve more
declarative memory frommore rule-like aspects of language.
Vocabulary knowledge and word phonology both involve
arbitrary mappings between word labels and their meanings
and would draw on declarative memory. Syntax and gram-
matical knowledge would constitute procedural forms of
memory that involve rule-based learning instead of arbitrary
mappings.

Kroll and Stewart’s [107, 108] model of second language
learning makes the further distinction between declarative
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memory as word labels and concepts or semantic knowledge.
In their model, the former consists of two separate lexical
stores, with one store of word labels per language, and
the latter is a single store of word meanings that become
linked to the word labels from both language lexicons.
Word labels are essentially the arbitrary sounds or printed
forms associated with the lexical entry and constitute the
whole word phonology. For a bilingual, these arbitrary links
between lexical labels to semantic features are said to be
weaker [109].

How do these cognitive models play out in the brain?
Taylor et al.’s [110] meta-analysis of reading studies using
neuroimaging found support for Ullman’s [105, 106, 111]
model with regard to declarative, temporal lobe versus pro-
cedural, cortical-subcortical systems function-to-structure
links. They reported clusters of activity related to various
language tasks, all in the left hemisphere. Cluster-to-function
relations included the occipitotemporal cortex related to
orthographic analysis; the anterior fusiform and middle
temporal gyrus related to lexical/semantic processing and
declarative memory; the inferior parietal cortex related to
spelling-sound conversion and procedural memory; and
the inferior frontal gyrus as related to phonological output
resolution and procedural memory.

Thus, while many of the same areas and networks are
utilized for both L1 and L2 in bilinguals, even within these
shared regions there may be differences in the level of activity
(e.g., fMRI) and the degree of connectivity (e.g., DTI) in
bilinguals compared with monolinguals. We might expect
that relative weakness in semantic/lexical representations
(e.g., [104]) and syntactic knowledge (e.g., [112, 113]) for
bilinguals is reflected in structural differences as less gray
matter volume and white matter connectivity, and functional
differences as less activation in areas and subnetworks that
are related to lexical and syntactic processing. On the other
hand, subnetworks related to metalinguistic processing, such
as phonology,may show structural and functional differences
in the opposite direction in bilingual individuals, that is,
increased gray and white matter and increased activation
(following [93, 114]).

In the next sections, we review structural and functional
integrity of the respective neural areas and systems related to
phonological, lexical, and syntactic processing for bilinguals
compared with monolinguals and within-individual differ-
ences in processing one’s L1 versus L2. In contrast to the
universal language network noted above for linguistic acts
generally, we show that neural structure and function for
these linguistic components are affected by one’s linguistic
experiences.

6.1. Phonological Processing. Phonological awareness is a
metalinguistic skill, which involves the awareness of and
ability to discriminate or identify phonological structure of
one’s language. This includes knowledge of rhyme, syllables,
and phonemes (i.e., the smallest units of speech, such as
ba, da). In alphabetic languages, phonological awareness is a
foundational skill for literacy acquisition and also contributes
to learning to read nonalphabetic languages [115]. Bilingual
exposure facilitates superior phonological awareness [116].

The focus of this section is on brain areas involved in
phonological processing for bilinguals and L2 learners.

6.1.1. Structure. Overall, there is evidence for significant dif-
ferences in brain structure between bilinguals and monolin-
guals across many of the traditional language areas, including
those areas related specifically to phonology. Gray matter
volume (VBM) is reported to be significantly greater in
bilinguals for Heschl’s gyrus [117], the superior temporal
gyrus [118–120], left inferior parietal cortex [83, 121, 122], and
inferior frontal areas [123].

Functionally, monolingual studies indicate that the supe-
rior temporal gyrus is linked to acoustic and phonological
processing, while the inferior parietal cortex is linked to
semantic/lexical learning [87]. Additionally, increased grey
matter volume is found in the caudate nucleus [85], which is
associated more with phonemic than semantic fluency [33].

6.1.2. Structural Connectivity. Structural connectivity differs
between bilinguals and monolinguals as well. For instance,
DTI studies using fractional anisotropy (FA) report that
superior bilingual language ability is linked to greater white
matter in the arcuate fasciculus [124] and temporoparietal
connections [125]. Luk et al. [126] also report higher FA
values for early bilinguals compared to monolinguals, for
tracts in the right inferior frontooccipital fasciculus, uncinate
fasciculus, and the superior longitudinal fasciculus. The
arcuate fasciculus connects the temporal cortex with the pars
opercularis region of Broca’s area (BA 44), and the superior
longitudinal fascicle (SLF) also connects superior temporal
gyrus to the premotor cortex [127]. The uncinate fasciculus
links the anterior temporal lobe with the inferior frontal
gyrus, whereas the frontooccipital fasciculus links the frontal
lobe to the occipital lobe, as the name implies.

6.1.3. Function. Functional imaging and electrophysiology
studies also show variations in activity patterns across similar
areas for bilinguals. ERP studies demonstrate that in adults
and infants perception of speech phonemes is categorical.
For example, there are sharp boundaries between perceiving
an acoustic signal as a/p/versus a/b/. This is shown with a
mismatch negativity paradigm, and has been localized to the
left planum temporale, posterior to the auditory cortex [128].

Similar studies with bilingual participants show that
second language speakers of a language also demonstrate
this categorical phoneme perception. Using near-infrared
spectroscopy (fNIRS), Minagawa-Kawai et al. [129] reported
categorical phoneme perception of Japanese vowels in groups
of both Japanese L1 and L2 speakers. However, the L2 group
showed slower response times, and only the L1 group showed
a relation of performance to activity in the left auditory area.
Further, Tan et al. [40] found similar activation across L1
and L2 (Chinese and English) on a rhyme task related to L
middle frontal cortex and L inferior prefrontal cortex. The
authors concluded that the bilinguals used similar phonology
networks and transferred their syllable level processing from
L1 to L2.

Even in infancy, activation of areas related to a phonetic
discrimination task has been found to be similar between
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monolinguals and bilinguals [130]. Both groups activate
parts of the language network also found in adult studies,
including the L superior temporal gyrus (related to phonetic
processing in adults) and the L inferior frontal cortex (related
to semantic retrieval, syntax, and phonological patterning in
adults).

In their study with bilingual adults, Grogan et al. [33]
established a link between function and structure with regard
to phonological processing for speech production. The
authors found that participants with better phoneme fluency
than semantic fluency had increased grey matter density in
the bilateral presupplementarymotor area and the head of the
caudate. Importantly, this positive relation of function and
structure was strongest for the bilinguals’ L2 compared with
their L1.

Given the purported role of the caudate nucleus in
procedural memory [111] and control processes [90], this
finding demonstrates how processing of a second language
impacts brain circuitry beyond language areas. In this case,
the caudate may be drawn upon to manage activation and
suppression between the bilingual’s lexicons and to assemble
the phonological sequence for articulating a response in the
targeted language.

6.1.4. Functional Connectivity. Using psychophysiological
interaction analysis in English and Chinese pseudoword
rhyming tasks, Cao et al. [47] found differences in functional
connectivity during L1 and L2 processing. In the L1 tasks,
greater connectivity occurred in the R precentral gyrus
and three visuo-orthographic regions (L fusiform gyrus,
L middle occipital gyrus, and R middle occipital gyrus),
suggesting active sensorimotor processing during Chinese
word rhyming. In the L2 tasks, greater connectivity occurred
between the L postcentral gyrus and the R middle occipital
gyrus, suggesting the importance of somatosensory feedback
for this task with foreign phonemes.

Using graph theory in their study of bilingual and
monolingual adults, Garćıa-Pentón et al. [131] reported two
main networks that show stronger connectivity in bilinguals
than monolinguals. The first comprises L frontal, parietal,
and temporal regions (insula, superior temporal gyrus, pars
triangularis and pars opercularis of the inferior frontal
gyrus, and medial superior frontal gyrus). This network is
potentially involved in phonological, syntactic, and semantic
interference between languages.The second network involves
the L occipital and parietal-temporal regions (R superior
frontal gyrus, L superior occipital gyrus, R superior frontal
gyrus, L superior parietal gyrus, L superior temporal pole,
and L angular gyrus). This second network is postulated
to facilitate visual word recognition, reading, and semantic
processing.

Both of these networksweremore graph-efficient in bilin-
guals as compared to monolinguals; that is, they had higher
capability of transferring information, as higher efficiency
indicates that pairs of nodes “have short communication
distances and can be reached in a few steps” [132, page
14]. Further, age of language acquisition also played a role,
whereby early acquisition resulted in the development of
specialised structural brain networks in terms of higher

connection density between regions andmore graph-efficient
flow of information.

In sum, across the structural, functional, and connectivity
investigations, phonological processing areas show some
differences between bilinguals compared tomonolinguals. As
predicted, bilinguals showed increased brain volume in tra-
ditional phonology-related areas (temporal, temporoparietal,
and frontal areas) and greater connective white matter vol-
ume between these areas (AF, SLF, and uncinate fasciculus).
At a basic level, these structural differences may correspond
to the enhanced phonological awareness that comes with
bilingual exposure, supporting the hypothesis that areas
related to spelling-sound conversion (IPC) and phonological
output (IFG) would show increases in structure and function
with bilingualism (following [93, 114]).

Functionally, bilinguals’ ERPs were qualitatively similar
to monolinguals’ for phoneme perception tasks, even though
overt behavioral responses were slower and unrelated to
temporal brain area activity. This might indicate weaker
declarative-knowledge types of representations that may not
be consolidatedwithin the temporal brain areas. On the other
hand, frontal area activation (L IFC) continued to be elicited
with phoneme discrimination by bilingual infants for both L1
and L2 as they grew older (12 months), whereas this frontal
engagement for a second language dropped out for mono-
lingual infants. Also, performance on L2 speech production
tasks requiring phonemic processing was positively related
to increased structural volume in frontal (SMA) and basal
ganglia (CN) areas.

With regard to connective networks, bilinguals also
showeddifferent assemblages for each languagewhenmaking
rhyme judgements and overall greater estimated processing
efficiency within local subnetworks (frontoparietotemporal
and occipitoparietal). At the same time, they evidenced
less global whole brain network efficiency. These findings
suggest that bilingualismmay result in the formation of early
specialized subnetworks that deal with phonological, as well
as semantic and syntactic, information between languages
[131]. The key brain areas and connections showing variation
in structure and functional activity for bilinguals performing
phonological processing tasks are illustrated in Figure 2.

6.2. Lexical-Semantic Processing. Lexical knowledge encom-
passes both the breadth and depth of the meaning of words,
where breadth indicates the number of known words or
vocabulary size, while depth indicates the degree of represen-
tation of a knownword, including its semantic connections to
other words (synonyms, antonyms), and morphological and
syntactic variations [133]. Vocabulary bears strong relations
to reading comprehension, directly and indirectly through
conceptual knowledge [134]. Both vocabulary breadth and
depth are reduced in bilinguals’ languages [104, 135]. The
focus of this section is on neural correlates of lexical-semantic
processing by bilinguals and L2 learners.

6.2.1. Structure. For monolinguals as well as bilinguals, MRI
studies reveal that vocabulary size correlates positively with
greymatter volume in the L and bilateral supramarginal gyrus
in the left hemisphere [136–138]. As a group, bilinguals show
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Figure 2: Key brain areas and connections showing variation in
structure and functional activity for bilinguals performing phono-
logical processing tasks.

greater volume in these areas compared with monolinguals
[83, 139].

Grey matter volume in the L pars opercularis of the
inferior frontal gyrus is also positively related to speed and
accuracy ofmaking lexical decisions, verbal fluency [139], and
expressive vocabulary [86].

6.2.2. Structural Connectivity. Studies investigating struc-
tural connectivity in lexical-semantic processing similarly
implicate supramarginal areas and the IFG. For example,
using fractional anisotropy (FA) analysis, Hosoda et al. [86]
found that white matter between the IFG-pars opercularis
and the supramarginal gyrus and the superior temporal gyrus
is related to increased L2 competence. This relation was
stronger in the R hemisphere structures and increased after
L2 vocabulary training, along with increased connectivity
in the R pars opercularis-caudate nucleus pathway. This
plasticity was transient, however, and reversed at one-year
follow-up [86].

6.2.3. Function. While some findings with functional imag-
ing show overlap in areas activated in bilinguals and mono-
linguals for lexical-semantic tasks, others show that some
disparities exist as well. As with the structural studies, the
two main sets of findings pertain to the frontal cortex and
temporal cortex.

For frontal areas, Kovelman et al. [140] found that early
bilinguals showed different brain activation patterns com-
pared with monolinguals in the prefrontal cortex (DLPFC
and IFC), even though they recruited similar language areas
(Broca’s 44/45). These differences occurred when bilinguals
had to use both or either of their languages. When bilin-
guals had to use one language only, they showed greater
signal intensity (as measured by changes in oxygenated
hemoglobin) inDLPFC and IFC areas.This findingwas taken
to suggest neural activity to support working memory and
attention associated with bilingual processing.

Similarly, in a visual lexical decision task with mor-
phologically related primes, Bick et al. [141] found that
highly proficient Hebrew-English bilinguals activated the
L inferior and middle frontal gyri and occipital-temporal
regions regardless of language type. However, the degree of
activation was modulated by semantic properties for English
only, showing cross-language sensitivity to differences in
linguistic structure.

Vingerhoets et al. [142] reported that late multilinguals
show similar regions of activation regardless of language used
(Dutch, French, and English) during covert lexical-semantic
processing. However, certain task-specific requirements acti-
vated additional areas during L2 processing. Specifically,
picture naming involved additional L2 recruitment of L
frontal areas, and inferior frontal, lateral, and medial areas
(including Broca’s), while word generation involved addi-
tional recruitment of inferior frontal and L middle temporal
gyri for L2 processing.

Yet other studies report differences in functional activa-
tion in the temporal cortex for L2 lexical-semantic process-
ing. Jeong et al. [143] manipulated whether L2 Korean words
by Japanese learners were learned through situation-based
dialogue or from print. They found that the R supramarginal
gyrus was active for L2 words learned in the former manner,
while the latter manner of learning drew greater activation
in the L middle frontal area (WM) during the retrieval test.
Further, when words that were learned in one condition were
tested in the other condition (e.g., situation-learned, print
tested), the L inferior frontal gyrus was activated, supporting
the role of IFG in flexible retrieval of L2 vocabulary.

Raboyeau et al. [144] examined fMRI activation patterns
during phases of learning new L2 Spanish vocabulary by
French speakers (early, first 5 days, and later, 2 weeks). Left
inferior frontal and Broca’s region activity was associated
with early learning, along with anterior cingulate cortex and
DLPFC activation, suggesting the role of these areas in effort-
ful lexical retrieval, phonological output, and monitoring,
respectively. During the extended learning phase, L premotor
cortex and R supramarginal gyrus as well as cerebellum areas
were activated.

Finally, Crinion et al. [145] foundwith a semantic priming
task in German-English and Japanese-English bilinguals
that L ventral anterior temporal lobe activity was reduced
with semantic primes (compared with unrelated primes)
regardless of the language and regardless of whether the
prime and target were in the same language. In contrast to
this language general effect, a whole brain fMRI analysis
found language-specific effects in the L head of the caudate
nucleus. In this case, only semantically related word pairs that
were presented in the same language showed reduced activ-
ity; other conditions with different language pairs showed
increased activity in the CN. This suggests a role of the CN
in lexical-semantic control, which the authors interpreted as
a possible mechanism for regulating output given variations
in language input.

6.2.4. Functional Connectivity. Ghazi Saidi et al. [146] exam-
ined functional connectivity after L2 vocabulary training for
Persian-French bilinguals in a picture-naming task. They
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reported increased functional connectivity within both net-
works with increasing L2 proficiency. The two networks
included language areas (L temporal, perisylvian, and frontal
areas) on the one hand and domain general cognitive control
areas (bilateral cingulate, postcentral gyri, R superior parietal
and inferior frontal gyri, and L superior frontal gyri) as
regions of interest on the other.

In sum, lexical-semantic processing in bilingual and
L2 learners is associated with similar areas as in mono-
linguals and L1, including anterior inferior frontal cortex
and supramarginal gyrus. Increased volume and structural
connectivity between these areas is reported for bilingual and
L2 learners. Additionally, structural connectivity between
inferior frontal with superior temporal gyrus, as well as the
caudate nucleus, is also related to training induced changes in
L2 vocabulary. Activation in these areas of the temporal and
frontal “universal reading network” also showed increases in
bilinguals or L2 learners when they process lexical-semantic
information. While most areas were insensitive to different
scripts, there was some indication that task type or learning
modes or phases impacted different parts of the network, with
frontal areas (e.g., L IFG) relating to early learning phases
and flexible retrieval (across modes) of new vocabulary in an
L2.

In light of behavioral findings that point to a bilingual
disadvantage in lexical knowledge, we had predicted gener-
ally lower structural volume and connectivity, as well as lower
function-related activity and connectivity for bilingual and
L2 lexical-semantic processing. Yet this is not the pattern of
the reported results. Instead, we observe apparently divergent
findings between structure and function for bilinguals on
one hand and behavioral differences between bilinguals and
monolinguals on the other. The set of results here, taken in
line with the behavioral findings of reduced bilingual lexical
knowledge and efficiency, may need to be considered in light
of effortful versus efficient processing (e.g., see [110]). In other
words, reduced knowledge and efficiency observed behav-
iorally may be reflected neurally in terms of more volume
and activation, characteristics of more effortful processing.
This may be the case for the studies examining function,
where bilingual compared with monolingual groups showed
greater activation during semantic word processing tasks,
especially in the prefrontal and inferior frontal cortex—
areas outside the language circuits. These areas correspond
more closely with general cognitive functions like working
memory andmay therefore reflect greater effort for bilinguals
even when only processing one of their languages (e.g.,
[93, 114]).

With regard to the structural findings, both gray and
white matter volume were greater for bilingual groups and
even more so for multilinguals, possibly as a correlate of
overall vocabulary size across known languages. These met-
rics also waxed and waned with second language proficiency
after L2 vocabulary training. This suggests a more fluid
relation of structure and function comparedwith our original
hypothesis, and the findings above further suggest that the
neural substrate assembled for lexical-semantic processing is
responsive to both context-specific factors (e.g., [143]) and
language-specific contexts (e.g., [145]).

6.3. Morphosyntactic Processing. In this section, we discuss
the neural correlates of syntactic representation and process-
ing in bilinguals/L2 learners. Syntax is a module of grammar
which can be defined as a system of combinatorial rules that
enables the generation of an infinite number of sentences
from a finite lexicon. Syntactic knowledge can be charac-
terized by its generative and systematic nature. The rule-
based nature of syntax is in contrast with vocabulary, where
the form-meaning association in words (i.e., lexical knowl-
edge) is largely arbitrary. As mentioned above, these two
types of knowledge are thought to be acquired via different
memory systems for monolingual speakers: procedural and
declarative, respectively [105, 106, 111]. According to Ullman’s
model [111], L2 learners employ the declarative system for
the learning of both types of linguistic knowledge, especially
those at lower proficiency levels. That is because instead of
computing morphosyntax information from smaller units in
accordancewith linguistic rules, such information tends to be
remembered as an unanalyzed chunk for second or additional
languages.We review studies that discuss L1-L2 differences in
the neural aspects of morphosyntactic processing.

6.3.1. Structure. The cerebellum is considered part of the
procedural memory network. Its role in syntactic processing
has been demonstrated in studies reporting a link between
cerebellar damage and grammar impairment (see review in
[147]). In their study with whole brain MRI, Pliatsikas et al.
[148] report greater GM volume in several cerebellar areas for
highly proficient L1 Greek/L2 English bilinguals compared
with monolingual controls. Further, cerebellar GM volume
was significantly correlated with behavioral performance
on an English masked priming morphological task. The
negative relationship between response time (i.e., faster, more
efficient) and greater cerebellar volume was only evident for
the L2 group, not the monolingual controls. The structure-
behavior relation was also specific to a rule-based condition
with past tense inflection.The conditions that did not involve
rule-based morphological application did not show such a
correlation, implying the cerebellum is not simply related to
word reading or lexical decision tasks.

6.3.2. Structural Connectivity. Most research on the connec-
tivity of morphosyntactic language pathways for bilingual
or L2 speakers shows that structural differences covary with
L2 grammatical competence and learning. Using DTI, Xiang
[149] found that L2 grammar competence was correlated
with volume of the BA45 (pars triangularis of the IFG) to
posterior temporal lobe pathway. To examine the grammar
acquisition process in a more controlled way, other investi-
gators have employed artificial language learning paradigms
[150–152].

Of particular interest, Friederici et al. [150] looked at
the learning of two types of syntactic information: local
transitions (such as (AB)𝑛) and hierarchical structures (such
as A𝑛B𝑛). While the former information can be learned
by both human and nonhuman primates, it is argued that
hierarchical structures can only be learned by humans.
This position is supported by linguistic theories which
take the hierarchical nature of syntax and phonology to
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be the hallmark characteristic of human language (e.g.,
[153, 154]). Friederici et al. [150] postulated that learning
of local transitional probabilities ((AB)𝑛) can be mapped
to the ventral premotor cortex and the frontal operculum
(FOP) while Broca’s area is responsible for the computation
of complex, hierarchical information (A𝑛B𝑛). Participants
were assigned to either of the two learning conditions with
fMRI data acquired two days after learning and structural
data (DTI) acquired from 4 of the participants (2 from
each learning group). The authors found that the “local
transition” participants showed structural connectivity of the
FOP via the fasciculus uncinatus to the temporal lobe. The
“hierarchical structure” participants demonstrated the same
profile but showed an additional connectivity of Broca’s area
via the fasciculus longitudinalis superior to the temporal
lobe.

Flöel et al. [151] found similar results: participants learn-
ing an artificial grammar showed a correlation between
grammaticality judgment and white matter integrity in fibers
originating from Broca’s area. In contrast, Loui et al. [152]
posited that R rather than L hemisphere areas implicated
in pitch-based grammar learning. Specifically, their study
showed that participants’ ability to generalize learned rules
to novel sequences correlated with the volume of the
ventral arcuate fasciculus in the R hemisphere and with
white matter integrity underlying the R temporal-parietal
junction.

6.3.3. Function. ERP research on the temporal dynamics
of language processing yields primary neurolinguistic evi-
dence bearing on L1-L2 syntactic processing differences
especially in relation to the D/P model. Of interest are
the ELAN (early L anterior negativity) and P600 effects,
where the former has been interpreted as reflecting first-
pass, automatic parsing, characteristic of native language
processing, and the latter reflects a more controlled process
of grammatical reanalysis and repair. Here, it has often
been found that low-proficiency L2 learners do not evi-
dence ELAN in syntactic/morphological violation judgments
(e.g., [155–158]). For such speakers, only the less auto-
matic/more controlled pattern of P600 effect was observed
(e.g., [159, 160]). A biphasic pattern of ELAN followed
by P600 is only observed in higher-proficiency speakers
[160–162].

fMRI studies, in contrast with ERP studies, generally
reveal that native and L2 syntactic processing recruit the same
or similar regions, indicating a universal language network
for syntax. Reported L1-L2 differences in such studies involve
the relative degree of activation of these common areas.
For instance, in a covert/silent sentence production task
administered to native French speakers with moderate pro-
ficiency in English, Golestani et al. [163] found that regions
such as Broca’s area, dorsolateral prefrontal cortex, and R
superior parietal cortex were activated in both L1 (French)
and L2 (English) but that production in L2 resulted in greater
activation in the L prefrontal area.

Unlike the production task in Golestani et al. [163],
Wartenburger et al. [54] administered a grammaticality
judgment task requiring comprehension to Italian-German

bilinguals. For their early, high proficiency group, no differ-
ences were detected in brain activation regardless of whether
such participants were judging sentences in their L1 or L2.
The other lower proficiency groups (one early exposure and
one late exposure group) showed more extensive activation
involving Broca’s region and subcortical areas when process-
ing grammar in L2 versus in L1.

Also utilizing a sentence comprehension task, but varying
the level of syntactic complexity, Suh et al. [164] found that
processing in either L1 (Korean) or L2 (English) activated
mainly the same areas, including the L inferior frontal gyrus
(IFG), bilateral inferior parietal gyrus, and occipital lobe
including cuneus and lingual gyrus. However, there was
an effect of syntactic complexity: more complex structure
induced greater activation in the L inferior frontal gyrus
when processing L1 but not L2 sentences. Other studies
generally support the view of shared cerebral regions for
L1/L2 syntactic processing by more proficient learners [52,
165, 166].

Further, the generalization regarding a common syn-
tactic network seems to hold true for low-proficiency L2
learners as well (e.g., [167–169]). For instance, Indefrey et
al. [169] administered a grammaticality judgment task to
Chinese immigrants in Netherlands after 3, 6, and 9 months
of classroom learning of Dutch and found that as early
as at 6 months, these L2 learners were shown to recruit
areas related to native syntactic processing such as the L
inferior frontal gyrus. This is somewhat problematic for
the D/P model, since proceduralization and recruitment
of L1-like syntax processing areas (such as inferior frontal
cortex) is not predicted for beginning and low-proficiency
learners.

However, not all findings support the shared network
hypothesis, as different areas are found to be activated when
processing L1 and L2 for certain types of morphosyntactic
tasks. For instance, while Golestani et al. [163] found overlap
in activation areas (noted above), covert language production
in L2 English, but not in L1 French, activated the L inferior
and superior parietal cortices, the R occipital cortex, and
the cerebellum. On the other hand, the L putamen was
found to be activated in L1 French production only. Thus,
syntax may best be considered not as a monolithic module
(as is the case for the D/P model) but rather as a set of
more fine-grained processes as reviewed in theoretical syntax.
Accordingly, contradictory findings may not be surprising
given the different methodologies and tasks used in the
field.

6.3.4. Functional Connectivity. Dodel et al. [168] investigated
“conditional dependent functional interactions” by looking
at subject-dependent variables in a group of L1 French/L2
English bilinguals engaged in covert language production
tasks (both lexical and syntactic). Findings of note include
a more functionally linked network during L2 sentence
production than during L1 consisting of the L inferior frontal
gyrus, putamen, insula, precentral gyrus, and supplemen-
tary motor area. This finding held for participants with
higher L2 syntactic proficiency than for those with lower
proficiency.
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Figure 3: Brain areas showing variation in structure and functional
activity for bilinguals performing syntactic processing tasks.

In sum, bilingual individuals had more gray matter vol-
ume than monolinguals in areas related to syntactic pro-
cessing and procedural representation in the cerebellum.
Differences were also reported for syntactic processing of
bilinguals’ L2 compared with their L1, including engagement
of L inferior frontal gyrus (IFG), precentral gyrus and SMA,
putamen, and SMA. Further, the degree of grammatical
proficiency in one’s L2 or a learned artificial grammar also
corresponded to increased activity in brain areas of overlap,
notably Broca’s area (BA44) and connecting fibers with
Broca’s such as the superior longitudinal fasciculus. Structural
connectivity involving Broca’s area has been demonstrated
for L1 learning and processing [170]. Additionally, higher
L2 grammatical proficiency corresponded with electrophys-
iological patterns related to automatic language processing
(ELAN) and cerebellar volume. The key brain areas showing
variation in structure and functional activity for bilinguals
performing L2 syntactic processing tasks are illustrated in
Figure 3.

For morphosyntactic processing, the L1-L2 overlap seems
less complete compared to lexical semantics. The wider
degree of L1-L2 neurolinguistic difference lends at least
partial support to the Declarative/Procedural model [111]
and captures the insight on a very broad level of other
similar (psycho)linguistic models such as the Fundamental
Difference Hypothesis [171], Shallow Tree Hypothesis [172],
and the Representational Deficit model [173] that point to
divergences in representation and processing in L1 versus
L2.

One issue to highlight is that the bulk of current mor-
phosyntactic research may be beset by a “Granularity Mis-
match Problem (GMP)” [174]. Specifically, the level at which
linguistic computation is posed to take place is more fine-
grained than the broader conceptual distinctions that form
the basis of neuroscientific studies of language. For example,
syntactic details concerning phrase structure,movement, and
feature checking are central to linguistic theories but have

no visible reflexes in current imaging data. With regard to
bilingual syntax, a worthwhile pursuit would emphasize dif-
ferences between “local” and “nonlocal” syntactic properties,
where the latter provesmore difficult for L2/bilingual learners
behaviorally [172, 175, 176].

6.4. Effects of AoA and Proficiency. In this last section, we
explore the effects of age of acquisition (henceforth AoA)
and proficiency of L2/nondominant language on the location,
interconnections, and intensity of activation in the bilin-
gual brain. We also make a distinction between proficiency
and task performance [162]. We refer to “proficiency” as
baseline/entering/general language competence prior to the
study, whereas “task performance” refers to participants’
performance in a specific language task (e.g., lexical decision
or grammar judgment) in studies that investigate a specific
aspect of language processing. These two variables are often
considered to be related (e.g., [177]). Indeed, the well-known
Critical Period Hypothesis (e.g., [178]) postulates a direct
correlation between AoA and ultimate attainment in native-
like proficiency within a maturationally constrained time
period (e.g., puberty). Therefore it would be important to
attempt to disentangle these two factors in understanding
how they impact the neural aspects of bilingualism (e.g.,
[87]). It should be noted that while some of the studies
summarized and reviewed here do control for one or the
other variable, others examine one factor without con-
trolling for the other. Both types of studies are included
here.

A further distinction is made between the structural and
functional imaging studies in the effect of these variables.
For structural imaging studies, we mainly look at how AoA,
proficiency, and performance are related to GM density and
WM integrity. For functional imaging studies, we mainly
look at how AoA as well as proficiency further modu-
lates the relationship between task performance and brain
activation.

6.4.1. Proficiency. Structural studies generally report a pos-
itive relationship between task performance and indicators
of brain structure like fractional anisotropy and grey matter
(e.g., [31, 33, 148]). For example, in Cummine and Boliek’s
[31] structural connectivity study, Chinese-English bilingual
participants’ reading performance was found to be positively
associated with mean fractional anisotropy values in the
parietal-occipital sulcus. In grammar processing, Greek-
English bilinguals who performed better in an inflectional
processing task were found to have more grey matter in
the cerebellum [148]. The same pattern was observed in
studies that examine the effect of general language pro-
ficiency. Mechelli et al. [83] found that, for their Italian-
English bilinguals with varying AoA (2–34), those identified
as having high proficiency in English (regardless of AoA)
showed more grey matter density in the L inferior parietal
region.

In functional studies, better task performance is associated
withmore L1-L2 similarity in functional activation. In a study
where participants who all had late AoA listened to stories in
different languages while undergoing PET, it was found that
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high proficiency Italian-English bilinguals activated similar
L hemispheric areas (L temporal pole, the superior temporal
sulcus, middle temporal gyrus, and hippocampal structures)
whether the stories were in L1 or L2 [43]. In contrast, low
proficiency bilinguals showed no activation for L2 English in
those regions.

Wartenburger et al. [54]whose study is reported below for
AoA effects on grammar processing also examined semantic
processing (e.g., the deer shoots the hunter). They found
this domain of language to be affected by proficiency, but
with mixed results: low proficiency L2 speakers showed
more activation in Broca’s area and the R middle frontal
gyrus than high proficiency speakers who in turn showed
more activation in the L middle frontal and R fusiform
gyrus.

Proficiency also seems to be a more important factor
in understanding the neural substrates of lexical processing.
Chee et al. [41] examined both early and late Chinese-English
bilinguals (<6 yo, >12 yo). Using fMRI, the authors found
both groups activated the same areas for both L1 and L2
languages, including the prefrontal, temporal, parietal, and
supplementary motor area.There was only a difference in the
magnitude of activation for L1 versus L2.

ERP studies, on the other hand, provide evidence that the
effect of proficiency depends on the specific language domain
in question, as discussed in the section on morphosyntac-
tic processing. While semantic anomalies elicit the similar
responses (i.e., N400) in all groups (native controls, low
and high proficiency groups) (e.g., [160]), syntactic violation
elicits a native-like biphasic pattern of ELAN followed by
P600 only in high proficiency learners (and native controls),
whether in an artificial language learning paradigm (e.g.,
[161]) or in natural language learning cases (e.g., [160, 162,
179]).

6.4.2. Age of Acquisition. In general, structural imaging
results show that AoA is negatively associated with grey
matter density and white matter integrity [83, 139, 180]. That
is, individuals acquiring the second language early in life
show increased volumetric changes (grey and white) in the
brain. For example, in Mechelli et al. [83], early English-
Italian bilinguals (L2 learned before 5 years of age) showed
greater increase in greymatter density in the bilateral inferior
parietal cortex than late bilinguals (L2 learned between 10 and
15 years of age). In Grogan et al. [139], grey matter density
in another area, L pars opercularis, was negatively related
to L2 AoA. For structural connection studies, Mohades et
al. [180] found that simultaneous bilinguals (considered to
have comparatively early AoA) showed higher FA value in the
L inferior occipitofrontal fasciculus (IIFOF) than sequential
bilinguals (andmonolinguals). Such studies therefore seem to
provide neuroimaging evidence for the maturational effects
in language learning that have been observed in behavioral
research.

Functional studies on the other hand present a more
mixed picture regarding the effect of AoA, possibly due to
the specific aspects of linguistic processing involved in the
studies [162]. Studies suggest that AoA positively modifies
brain activation in grammar processing, meaning that the

later a second language is acquired, the more the activation
is required/observed. For instance, in Wartenburger et al.
[54], while early L1 Italian/L2 German learners (L2 = birth)
showed no L1-L2 differences in activation, the late groups (L2
= 19 and 20 years), regardless of their proficiency, showed
significantly more activation in Broca’s area and subcorti-
cal structure when processing L2 grammar. Hernandez et
al. [166] likewise found more neural activity in the LIFT
44/45 in later L2 Spanish learners compared with early
ones while performing a grammatical gender decision task.
Similar patterns were observed in Jasinska and Petitto [181]
in L2 syntactic processing, for the classic language neural
areas.

On the other hand, L2 AoA appears to negativelymodify
brain activation in reading and phonological processing,
indicating that early AoA is related to greater activation. For
example, Krizman et al. [182] found that simultaneous bilin-
guals (early AoA) showed greater amplitude in the auditory
brainstem and more consistency in responses to synthesized
syllables. In a passage reading task administered to Hindi-
English bilinguals, Das et al. [57] found that L2 AoA was
negatively related to L inferior parietal lobe activity. Lastly,
Archila-Suerte et al.’s [183] study on phonological processing
in English-Spanish bilinguals showed mixed results: While
later bilinguals were found to show more neural activity
than early bilinguals in the bilateral superior temporal gyrus
(related to perceptual auditory information) and theRolandic
operculum (related to subvocal rehearsal), indicating a posi-
tive relationship between AoA and neural activity, the reverse
was true for activity in the R middle frontal gyrus (related
to high-order executive function and cognitive control).
The authors explain this difference in terms of the unique
linguistic environment of bilinguals (who need tomanipulate
speech sounds from an early age) and how that affects the
allocation of brain areas for processing language information.

Finally, we consider the mode of learning by early versus
late learners, and how such a differencemay account for some
of AoA effects reported in the studies reviewed above. It has
long been hypothesized in the second language acquisition
literature that, unlike monolingual/young learners who learn
certain language aspects implicitly (without awareness of
what is being learned), late learners adopt a more explicit
approach [184, 185] whereby they notice negative evidence
and make use of pedagogical grammatical descriptions and
analogical reasoning, among other things [185].

In cognitive psychology, there are further proposals
mapping these learningmodes to different language domains
(speech/phonology, syntax, lexical semantics, etc.) and dif-
ferent types of language competence (e.g., “Basic Interper-
sonal Communication Skills” (BICS) versus “Cognitive and
Language Proficiency” (CALP), [186]). Various researchers
have associated early (implicit) learning with grammar (e.g.,
[105, 106]) and speech sounds (e.g., [187]), in contrast with
(lexical) semantics which characterize late, explicit learning.
Consequently, late learners might adopt a different approach
(perhaps more conscious, effortful, and academic-like) to
learning language (aspects) than early learners (e.g., [188]).

Some of the studies reported here can be interpreted in
terms of such a model. For instance, Wartenburger et al.’s
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[54] study found an effect of AoA for grammar processing.
It could be that if rule-based knowledge such as grammar is
learned at a later stage and via the explicit mode, a different
pattern of neural recruitment is observedwhen processing L2
(e.g., increased intensity in activation, as was reported in the
study) which could be neural reflexes of effortful learning.
The absence of L1-L2 activation difference for grammar
processing in the early group is then perhaps reflective of the
absence of such conscious, effortful learning for L2ers.

Likewise, Archila-Suerte et al.’s [183] finding that late
bilinguals showed increased activity in the bilateral rolandic
operculum when processing L2 speech (as compared with
early bilinguals and monolinguals) could also be explained
by the differences in the mode of learning. This premotor
area has been linked to subvocal rehearsal, which, as the
authors point out, is important for L2ers for whom the
interconnection of L2 sounds may be less strong than L1
sounds. Therefore, the more effortful learning of L2 speech
may be reflected in the increased activation of this brain
region. A summary of the studies reviewed in this section is
shown in Table 1.

7. Conclusion

We have systematically reviewed studies that employ ad-
vanced neuroimaging techniques to study the impact of bilin-
gualism on brain structure, structural connectivity, function,
and functional connectivity. The first issue we addressed,
whether the language neural network is different for L1
versus L2 processing, revealed evidence that similar brain
networks are activated for L1 and L2 in the domains of
reading, listening, and speech production. Secondly, on the
effects of bilinguals’ executive functioning on the structure
and function of the “universal” language neural network, the
reviewed studies indicate that stronger cognitive control in
bilinguals is accompanied by increased gray and white matter
volume and regional activation in the frontoparietal network
and basal ganglia.

The third issue on the effects of bilingualism on phono-
logical, lexical-semantic, and syntactic aspects of lan-
guage processing conveyed that bilinguals generally showed
increased volume in component language structures and the
connective tracts between these brain areas compared to
monolinguals. Further, the degree of convergence/divergence
in brain regions and networks involved in L1 and L2 pro-
cessing is related to the linguistic processes involved. Specif-
ically, the largest degree of divergence in structure, function,
and/or connectivity is observed in phonology, followed by
morphosyntax and semantics. It is likely that the development
of these brain regions may parallel language developmental
milestones, with phonological development beginning first,
followed by semantic development, and finally grammat-
ical/syntax development. In line with the often observed
difference in reliability and convergence in language systems
(between first and second language acquisition, e.g., Funda-
mental Difference Hypothesis [112]), sensitive periods do not
apply to language broadly, rather different linguistic domains
or components are affected in a nonuniform manner, with
phonology being most susceptible to age effects and syntax

to a lesser degree (around adolescence), while vocabulary has
no age constraints at all (e.g., [162, 189]).

With regard to the fourth issue, we found that factors such
as age of acquisition and proficiency levels further modify
the location, interconnections, and intensity of activation in
the bilingual brain, especially when considered with respect
to the different component processes. Studies indicate that,
generally, the earlier a language is learned and the higher
proficiency is attained in L2, the more the grey matter
intensity and white matter integrity are observed. Functional
results, on the other hand, seem to depend on the specific
nature of the component processes. While phonology and
syntactic knowledge are generallymore sensitive to age effects
(earlier AoA = less activation), lexical semantics, on the
other hand, is more affected by proficiency levels (higher
proficiency = more L1-like activation, generally).

In interpreting the nascent neurolinguistics literature,
methodological differences between investigations should be
taken into account [73], but at the same time advancement in
this scientific area would also benefit frommultiple sources of
information [190].Therefore, in this review we included find-
ings from research employing diverse neuroscience methods
and we considered their concurrence in light of current
cognitive and linguistic models. We did not find obvious
alignment of structure and function connectivity within the
area of neurolinguistics, but we are optimistic that current
methodologies emphasizing dynamic and emergent neural
networks can supplement behavioral research to inform
bilingual models [191].

There are a number of limitations to the conclusions that
can be drawn at present. For instance, we note here that not
all studies investigating language proficiency controlled for
AoA, and vice versa. Thus, future studies should consider
the possibility of holding all other language-related variables
constant. Future studies may also consider investigating
the factor of AoA longitudinally, by following a population
of bilingual children across developmental time, or cross-
sectionally, by studying bilingual children of varying age
ranges at a single time point.

Other considerations for future research regard the mis-
match of “granularity” between the disciplines of linguistics
and the neuroscience of language. In the neuroscience of
language, the terms “phonology, semantics, and syntax” are
used in a very general sense to refer to “sound structure, word
meaning, and phrase structure,” whereas in contemporary
linguistics, each of those subfields necessarily consists of
numerous computations and much finer-grained represen-
tations [174]. In addition, current understanding of lin-
guistics often emphasizes the interconnections or interfaces
of different linguistic submodules as well as nonlinguistic
information, instead of treating them as separate, isolated
domains [192].

Future consideration of neural correlates, especially in
terms of connectivity, could focus on issues like how lin-
guistic interfaces affect completeness of bilingual acquisition
and L1 attrition (e.g., [193, 194]). Finally, additional factors
not included in our review may also prove relevant in
the neurolinguistics of bilingualism, such as language types
with two typologically/phonetically similar languages (e.g.,
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German and English), as compared to bilinguals with two
typologically/phonetically dissimilar languages (e.g., Tamil
and English).While this goes beyond the scope of the current
review, future work may wish to consider investigating the
impact of different language types/pairings on the bilingual
brain.
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The topological architecture of the cerebral anatomical network reflects the structural organization of the human brain. Recently,
topological measures based on graph theory have provided new approaches for quantifying large-scale anatomical networks.
However, few studies have investigated the hemispheric asymmetries of the human brain from the perspective of the network
model, and little is known about the asymmetries of the connection patterns of brain regions, which may reflect the functional
integration and interaction between different regions. Here, we utilized diffusion tensor imaging to construct binary anatomical
networks for 72 right-handed healthy adult subjects. We established the existence of structural connections between any pair of
the 90 cortical and subcortical regions using deterministic tractography. To investigate the hemispheric asymmetries of the brain,
statistical analyses were performed to reveal the brain regions with significant differences between bilateral topological properties,
such as degree of connectivity, characteristic path length, and betweenness centrality. Furthermore, local structural connections
were also investigated to examine the local asymmetries of some specific white matter tracts. From the perspective of both the
global and local connection patterns, we identified the brain regions with hemispheric asymmetries. Combined with the previous
studies, we suggested that the topological asymmetries in the anatomical network may reflect the functional lateralization of the
human brain.

1. Introduction

The brain exhibits asymmetry in both macroscopic structure
and microscopic cytoarchitecture. Moreover, many studies
have revealed the anatomical asymmetry corresponding with
functional lateralization [1–3]. For example, leftward asym-
metries in the size of regions are involved in language and
auditory processing, such as planum temporale [4–7], sylvian
fissure [8], and Heschl’s gyrus [4, 9, 10], consistent with left-
hemispheric dominance for language [11]. Recently, func-
tional neuroimaging studies have established hemispheric
specificity for a range of language, motor, and spatial tasks
[12]. Structural MRI studies have revealed the structural
asymmetries in the cortical thickness or gray matter volumes
of various brain regions [13, 14]. Using diffusion tensor
imaging (DTI) techniques, researchers have also identified

the leftward asymmetries of some white matter tracts, such
as cingulum bundles [15, 16] and arcuate fasciculus [2, 3, 17–
21].

These previous studies examined the structural or func-
tional asymmetries of some specific brain regions or the
anatomical connections between them. The asymmetries of
the gray matter or white matter were analyzed from the local
regional attributes. Recently, networkmodel was proposed as
a useful tool for investigating the structural organization and
functional mechanisms of the human brain [22–31]. Graph
theory approaches the analyses of complex network that
could provide a new powerful way of quantifying the brain’s
structural and functional systems. With the network models,
more and more studies have revealed that the structural
and functional networks of the human brain exhibit small-
world attributes [23–26, 28, 30, 32–34] andmodular structure
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[35–37]. Using diffusion MRI, several studies have proposed
different methods to construct the brain anatomical network
[25, 32, 33, 36, 38, 39]. All these studies revealed that
the cortical networks of the human brain have a “small-
world” topology, which is characterized by large clustering
coefficients and short average path length [30, 40]. However,
few studies have examined the hemispheric asymmetries
from the perspective of the cerebral anatomical network,
and little is known about the asymmetry of the connection
patterns of brain regions, which may reflect the functional
integration and interaction between different regions.

In this study, we first constructed the anatomical net-
work for each subject by deterministic diffusion tensor
tractography (DTT) technique, and then we applied graph
theory approaches to examine the topological properties of
bilateral brain regions of the network. To investigate the
hemispheric asymmetries of the brain, statistical analyses
were performed to reveal the brain regions with significant
differences between bilateral topological properties. Further-
more, local structural connections were also investigated to
examine the local asymmetries of some specific white matter
tracts. From the perspective of both the global and local
connection patterns, we identified the brain regions with
hemispheric asymmetries.

2. Materials and Methods

2.1. Subjects. This study included 72 healthy adult subjects
(42 males; mean age 23.4 ± 3.7 years; mean years of edu-
cation 13.5 ± 4.7 years). All participants were right-handed
according to the Edinburgh handedness inventory [41]. Each
participant provided a written informed consent before MRI
examinations and this study was approved by the Medical
Research Ethics Committee of Xuanwu Hospital of Capital
Medical University.

2.2. Data Acquisition. DTI was performed with a 3T Siemens
Trio MR system using a standard head coil. Head motion
was minimized with restraining foam pads provided by
the manufacturer. Diffusion-weighted images were acquired
employing a single-shot echo planar imaging (EPI) sequence
in alignment with the anterior-posterior commissural plane.
Integral Parallel Acquisition Technique (iPAT) was used with
an acceleration factor of 2. Acquisition time and image
distortion from susceptibility artifacts can be reduced by
the iPAT method. The diffusion sensitizing gradients were
applied along 12 nonlinear directions (𝑏 = 1000 s/mm2),
together with an acquisition without diffusion weighting (𝑏 =
0 s/mm2). The imaging parameters were 45 continuous axial
slices with a slice thickness of 3mmand no gap, field of view=
256mm × 256mm, repetition time/echo time = 6000/87ms,
and acquisitionmatrix = 128× 128.The reconstructionmatrix
was 256 × 256, resulting in an in-plane resolution of 1mm ×
1mm. For each participant, a sagittal T1-weighted 3D image
was also collected using a magnetization prepared rapid gra-
dient echo (MP-RAGE) sequence. The imaging parameters
for this were a field of view of 22 cm, repetition time/echo

time= 24/6ms, flip angle = 35∘, and voxel dimensions of 1mm
× 1mm × 1mm.

2.3. Data Preprocessing. Eddy current distortions andmotion
artifacts in the DTI dataset were corrected by applying affine
alignment of each diffusion-weighted image to the 𝑏 = 0
image, using FMRIB’s Diffusion Toolbox (FSL, version 3.3;
http://www.fmrib.ox.ac.uk/fsl). After this process, the diffu-
sion tensor elements were estimated by solving the Stejskal
and Tanner equation [42, 43], and then the reconstructed
tensor matrix was diagonalized to obtain three eigenvalues
(𝜆
1
, 𝜆
2
, and 𝜆

3
) and eigenvectors. The fractional anisotropy

(FA) of each voxel was calculated according to the following
formula:

FA =
√(𝜆
1
− 𝜆
2
)
2

+ (𝜆
1
− 𝜆
3
)
2

+ (𝜆
2
− 𝜆
3
)
2

√2 (𝜆
1

2
+ 𝜆
2

2
+ 𝜆
3

2
)

. (1)

DTT was implemented with DTIstudio, Version 2.40, soft-
ware (http://www.mristudio.org), by using the “fiber assign-
ment by continuous tracking” method [44]. All tracts in the
dataset were computed by seeding each voxel with FA greater
than 0.2. Tractography was terminated if it turned an angle
greater than 50 degrees or reached a voxel with FA less than
0.2 [45].

2.4. Construction of Anatomical Network. Weconstructed the
anatomical network for each subject based on the fiber con-
nectivity fromdeterministicDTT.Themain procedures are as
follows: First, the brain was automatically segmented into 90
cortical and subcortical regions (45 for each hemisphere; see
Table 1) through AAL template (for details, see [32]). Briefly,
the individual T1-weighted images were coregistered to the
b0 images in the DTI space. The transformed T1 images were
then nonlinearly transformed to the ICBM152 T1 template
in the Montreal Neurological Institute (MNI) space. Inverse
transformations were used to warp the AAL atlas from the
MNI space to the DTI native space. Using this procedure, we
obtained 90 cortical and subcortical ROIs, each representing
a node of the network. Second, all fibers in the brain were
obtained by deterministic fiber tractography. And then two
nodes 𝑢 and V are connected with an edge if there exist at least
three fibers with end points in regions 𝑢 and V; the threshold
of three fibers was chosen to ensure that the average size
of the biggest connected component of the network keeps
90 across all subjects. The number of fibers between regions
was only used to indicate the existence/absence of the edge.
Therefore, the binarized anatomical network for each subject
was constructed and represented by a symmetric 90 × 90
matrix.

2.5. Network Analysis. We investigated the topological prop-
erties of the anatomical network at regional (nodal) levels.
Regional properties were described in terms of degree (𝐾

𝑖
),

shortest path length (𝐿
𝑖
), and betweenness centrality (𝐵

𝑖
) of

the node 𝑖. Here, we provide brief, formal definitions of each
nodal property used in this study.
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Table 1: Cortical and subcortical regions of interest defined in the
study.

Index Regions Abbr.
(1, 2) Precentral gyrus PreCG
(3, 4) Superior frontal gyrus, dorsolateral SFGdor
(5, 6) Superior frontal gyrus, orbital part ORBsup
(7, 8) Middle frontal gyrus MFG
(9, 10) Middle frontal gyrus, orbital part ORBmid
(11, 12) Inferior frontal gyrus, opercular part IFGoperc
(13, 14) Inferior frontal gyrus, triangular part IFGtriang
(15, 16) Inferior frontal gyrus, orbital part ORBinf
(17, 18) Rolandic operculum ROL
(19, 20) Supplementary motor area SMA
(21, 22) Olfactory cortex OLF
(23, 24) Superior frontal gyrus, medial SFGmed
(25, 26) Superior frontal gyrus, medial orbital ORBsupmed
(27, 28) Gyrus rectus REC
(29, 30) Insula INS
(31, 32) Anterior cingulate and paracingulate gyri ACG
(33, 34) Median cingulate and paracingulate gyri DCG
(35, 36) Posterior cingulate gyrus PCG
(37, 38) Hippocampus HIP
(39, 40) Parahippocampal gyrus PHG
(41, 42) Amygdala AMYG
(43, 44) Calcarine fissure and surrounding cortex CAL
(45, 46) Cuneus CUN
(47, 48) Lingual gyrus LING
(49, 50) Superior occipital gyrus SOG
(51, 52) Middle occipital gyrus MOG
(53, 54) Inferior occipital gyrus IOG
(55, 56) Fusiform gyrus FFG
(57, 58) Postcentral gyrus PoCG
(59, 60) Superior parietal gyrus SPG

(61, 62) Inferior parietal but supramarginal and
angular gyri IPL

(63, 64) Supramarginal gyrus SMG
(65, 66) Angular gyrus ANG
(67, 68) Precuneus PCUN
(69, 70) Paracentral lobule PCL
(71, 72) Caudate nucleus CAU
(73, 74) Lenticular nucleus, putamen PUT
(75, 76) Lenticular nucleus, pallidum PAL
(77, 78) Thalamus THA
(79, 80) Heschl gyrus HES
(81, 82) Superior temporal gyrus STG
(83, 84) Temporal pole: superior temporal gyrus TPOsup
(85, 86) Middle temporal gyrus MTG
(87, 88) Temporal pole: middle temporal gyrus TPOmid
(89, 90) Inferior temporal gyrus ITG
Note: the regions are listed in terms of a prior template of an AAL atlas [46].

2.5.1. Degree. The degree 𝐾
𝑖
of a node 𝑖 is defined as the

number of connections to that node. Highly connected nodes

have large degree. The degree 𝐾
𝑝
of a graph is the average of

the degrees of all nodes in the graph:

𝐾
𝑝
=
1

𝑁
∑

𝑖∈𝐺

𝐾
𝑖
, (2)

which is a measure to evaluate the degree of sparsity of a
network.

2.5.2. Shortest Path Length. Themean shortest path length 𝐿
𝑖

of a node 𝑖 is

𝐿
𝑖
=
1

𝑁 − 1
∑

𝑖 ̸=𝑗∈𝐺

𝐿
𝑖,𝑗
, (3)

in which 𝐿
𝑖,𝑗

is the smallest number of edges that must be
traversed to make a connection between the node 𝑖 and the
node 𝑗. The characteristic path length of a network is the
average of the shortest path length between the nodes:

𝐿
𝑝
=
1

𝑁
∑

𝑖∈𝐺

𝐿
𝑖
. (4)

𝐿
𝑝
quantifies the ability of parallel information propagation

or global efficiency (in terms of 1/𝐿
𝑝
) of a network [47].

2.5.3. Betweenness Centrality. Betweenness centrality is
widely used to identify the most central nodes in a network,
which are associated with those nodes that act as bridges
between the other nodes. The betweenness 𝐵

𝑖
of a node 𝑖

is defined as the number of shortest paths between pairs
of other nodes that pass through the node 𝑖 [48, 49]. The
normalized betweenness 𝑏

𝑖
was then calculated as

𝑏
𝑖
=

𝐵
𝑖

(𝑁 − 1) (𝑁 − 2)
. (5)

The nodes with the largest normalized betweenness values
were considered as pivotal nodes (i.e., hubs) in the network.

2.6. Reconstruction of White Matter Tracts. To further inves-
tigate the local asymmetries of the structural connections,
we then reconstructed several major white matter tracts
connecting different brain regions. Based on the anatomical
knowledge of fiber projections, several studies have suggested
the tracking protocols for the major white matter tracts
[21, 50, 51]. According to the published tracking protocols,
we reconstructed bilateral cingulum bundles (CB), optic
radiation (OR), inferior frontooccipital fasciculus (IFO),
inferior longitudinal fasciculus (ILF), arcuate fasciculus (AF),
and uncinate fasciculus (UF) for each subject. Based on the
reconstructed tracts for each subject, the mean FA of each
fiber tract were calculated by averaging the FA values across
the voxels that form the three-dimensional tracts derived
from tractography.

2.7. Asymmetry Analysis. To analyze hemispheric differences
in topological properties for brain regions, we computed the
laterality ratio LI = (𝐿 − 𝑅)/(𝐿 + 𝑅) for each property
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(𝐾
𝑖
, 𝐿
𝑖
, and 𝑏

𝑖
). We tested the nullity of this ratio over the

group using a nonparametric one-tailed sign test (𝑝 < 0.05
after Bonferroni correction for multiple comparisons; i.e.,
90/2 = 45 pairs of regions). To analyze the hemispheric
differences in structural properties for white matter tracts,
we compared mean FA values and fiber numbers of each
tract between left and right hemispheres by paired 𝑡-tests. For
each tract, significant asymmetry of FA or fiber number was
defined if𝑝 < 0.05. All the statistical analyseswere performed
with Matlab.

3. Results

3.1. Brain Regions with Hemispheric Asymmetries in Node
Properties. Based on the binary anatomical network con-
structed for each subject, we calculated the topological prop-
erties (𝐾

𝑖
, 𝐿
𝑖
, and 𝑏

𝑖
) of each node for each subject. Through

statistical analyses for all subjects, we revealed some regions
with hemispheric asymmetries in nodal properties (Figure 1).
We defined leftward asymmetries with better topological
properties in the left hemisphere than in the right, such as
larger𝐾

𝑖
and 𝑏
𝑖
and smaller 𝐿

𝑖
in the left. Similarly, rightward

asymmetries were defined as regions with larger 𝐾
𝑖
and 𝑏

𝑖

and smaller 𝐿
𝑖
in the right hemisphere. From the results, we

revealed some regions with hemispheric asymmetries in all
three topological properties, such as leftward asymmetries
in the inferior frontotriangular gyrus, insula, inferior pari-
etal gyrus, and posterior medial cortex (paracentral lobule,
precuneus, and posterior cingulate gyrus) and rightward
asymmetries in the superior frontal gyrus, hippocampus,
superior parietal gyrus, supramarginal gyrus, angular gyrus,
and middle temporal pole (𝑝 < 0.05 after Bonferroni
correction).

3.2. Structural Asymmetries of the White Matter Tracts. For
each subject, we can successfully reconstruct most of the
bilateral white matter tracts (Figure 2(a)). However, the
right AF is difficult to be tracked out for some subjects
(15 out of 72). From Figure 2(b), we can see that several
white matter tracts exhibit hemispheric asymmetries in both
the microstructural (FA value) and macrostructural (fiber
number) properties, such as CB, ILF, and AF (𝑝 < 0.05,
uncorrected).

4. Discussion

In this study, we investigated the hemispheric asymmetries
of the human brain from the perspective of the cerebral
anatomical network constructed from DTI data. By compar-
ing bilateral topological properties, we revealed some brain
regions with significant leftward or rightward asymmetries,
which indicated the asymmetric connection patterns of these
regions. Moreover, the structural properties of some local
white matter tracts also exhibit hemispheric asymmetries,
which indicated the asymmetries of local connections. It sug-
gested that the structural organizations of the human brain
are asymmetric from both the global and local connection

patterns. Then, the functional meanings of these structural
asymmetries should be discussed.

4.1. Hemispheric Asymmetries in Node Properties of the
Anatomical Network. Previous studies of hemispheric asym-
metries in the human brain focused on the structures or
functions of some local regions [1, 2, 20, 52, 53]. In this
study, we explored the hemispheric asymmetries from the
connection patterns between different brain regions, by com-
paring the topological properties of nodes between bilateral
hemispheres in the anatomical network.

Different nodal properties reflect different aspects of the
node in the network. In this study, we chose three topological
properties, degree, normalized betweenness centrality, and
shortest path length, to analyze the hemispheric asymme-
tries of the anatomical network. Degree means the number
of direct connections to the node. Larger degree means
more structural connections to other brain regions in the
binary anatomical network. Betweenness centrality reflects
the importance of the node, and a node with high centrality
is thus crucial to efficient communication [48, 49]. Shortest
path length quantifies parallel information propagation or
global efficiency (in terms of 1/𝐿

𝑖
) of the node, and smaller

𝐿
𝑖
means higher global efficiency of the parallel information

transfer [47]. Although these three properties interrelated
with each other, they reflect different aspects of the node in
the network. Therefore, a node with a larger degree, a higher
centrality, and a smaller shortest path length will play a more
important role in the network. Then we suggested that the
asymmetric properties of the regions in bilateral hemispheres
indicate the lateralization of these regions in the anatomical
network.

Since the regions with hemispheric asymmetries in nodal
properties were revealed, we categorized these regions by
their functions as follows.

Regions with Leftward Asymmetries

(1) Language and auditory function: middle and inferior
temporal gyrus [54, 55], caudate nucleus [56, 57],
Heschl’s gyrus [58, 59], and triangular and orbital part
of inferior frontal gyrus [60, 61].

(2) Visual function: middle and inferior temporal gyrus
[62, 63], calcarine fissure, and surrounding cortex [62,
64].

(3) Emotion, sensation, and addiction: insula [65, 66].

(4) Association cortex: paracentral lobule, precuneus,
posterior cingulate gyrus, and inferior parietal gyrus.

Regions with Rightward Asymmetries

(1) Spatial attention: angular and supramarginal gyrus
[67–69].

(2) Face recognition: fusiform gyrus [70, 71].

(3) Emotion and memory: hippocampus and amygdala
[68, 72–74].
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Figure 1: Cortical regions with hemispheric asymmetry in node properties. (a) Bars represent the mean values of the nodal property of brain
regions with significantly hemispheric asymmetry (𝑝 < 0.05, corrected) (black: left; white: right). (b) 3D representation of the asymmetric
cortical regions overlaid on the cortical surface (red: left > right for betweenness, degree, and 1/𝐿

𝑝
; blue: right > left for betweenness, degree,

and 1/𝐿
𝑝
).
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Figure 2: Structural asymmetries of major white matter tracts. (a) Reconstructed bilateral white matter tracts: cingulum bundles (CB), optic
radiation (OR), inferior frontooccipital fasciculus (IFO), inferior longitudinal fasciculus (ILF), arcuate fasciculus (AF), anduncinate fasciculus
(UF) (red: left; yellow: right). (b) Between-hemisphere differences for the structural properties of the white matter tracts (∗: significant
differences at 𝑝 < 0.05).

(4) Association cortex: superior and middle frontal
gyrus, superior parietal gyrus, and middle temporal
pole.

From the results, we can see that regions with left-
ward asymmetries are mainly related to language, visual
processing, and sensory functions. Regions with rightward
asymmetries are mainly related to the functions of spatial
attention, face recognition, emotion, and memory. Some
regions in the association cortex with multiple functions
also exhibit leftward or rightward asymmetries in the nodal
properties.

Combined with the findings of some previous studies, we
speculated that the topological asymmetries in the anatom-
ical network are likely to form the structural substrate of

different functional principles of information processing in
the two hemispheres. Since Paul Broca’s discovery in 1861, the
notion of left hemisphere specialization for language has been
established [11]. Recently, more and more studies revealed
the leftward asymmetries in the size of regions involved in
language and auditory processing, such as planum temporale
[4–7], sylvian fissure [8], and Heschl’s gyrus [4, 9, 10], which
may supply the anatomic basis of the functional lateralization
in the human brain. In this study, the most obvious finding is
the leftward asymmetries in several language related regions,
such as triangular and orbital areas of inferior frontal gyrus,
middle and inferior temporal gyrus, and Heschl’s gyrus. The
results dovetailed with the prevailing notion that the left
hemisphere is the dominant hemisphere for language [75, 76].
It may also suggest that not only the structural asymmetries
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of these regions, but also the asymmetric connection patterns
of these regions support the functional lateralization of the
human brain.

Another finding is the rightward asymmetries of angular
and supramarginal gyrus, which located in the temporopari-
etal junction.The right angular and supramarginal gyrus have
been widely implicated in the functions of spatial attention
[67–69]. Previous functional MRI studies have also revealed
that right temporoparietal junction plays a dominant role in
actual implementation of spatial attention by functional con-
nectivity analysis [77, 78].Therefore, this result corresponded
with the right hemispheric specializations for visuospatial
functions [75, 79–81].

Some subcortical structures in the limbic system, such
as hippocampus and amygdala, were also revealed with
rightward asymmetries in the topological properties. Hip-
pocampus plays an important role in memory and spatial
navigation [68, 74], and amygdala performs a primary role in
the processing of memory and emotion [72, 73].Then, in this
study, the rightward asymmetries in topological properties
of hippocampus and amygdala may suggest that the right
hemisphere is more prominent in the functions of emotion
and memory. It is also consistent with the findings of some
structuralMRI studies which indicated that the hippocampus
and amygdala are rightward asymmetric based on the volume
measurements [82].

Besides the above results, we revealed some regions with
hemispheric asymmetries in all three topological properties,
such as leftward asymmetries in three regions of posterior
medial cortex (paracentral lobule, precuneus, and posterior
cingulate gyrus), inferior parietal gyrus, and insula and
rightward asymmetries in middle temporal pole, superior
parietal gyrus, and superior frontal gyrus. Most of these
regions are located in the association cortex, which plays
a central role in receiving convergent inputs from multiple
cortical regions [68]. To be mentioned, three continuous
regions in the posterior medial cortex have been revealed as
the structure core of the cerebral cortex by a diffusion MRI
study [36]. However, no study has examined the functional or
structural asymmetries of these core regions yet.Then, in this
study, it is the first time to reveal the leftward asymmetries of
the core regions in the anatomical network.

Of note, abnormal asymmetric patterns of brain struc-
ture or function have been implicated in some psychiatric
disorders, such as schizophrenia, and the extent of altered
asymmetry is related to the symptoms of the patients [83].
Therefore, we speculated that the asymmetric topology of
brain networks would also change under various conditions
with mental diseases and may supply as sensitive biomarkers
for early disease detection, which should be further investi-
gated.

4.2. Structural Asymmetries of theWhiteMatter Tracts. Based
on the tractography results of six major white matter tracts,
we analyzed the structural asymmetries of these tracts in
mean FA values and fiber numbers. Previous DTI studies
have identified the anatomical asymmetries of some fiber
tracts, such as leftward asymmetries of the arcuate fasciculus

[2, 3, 19–21]. As one of themost important language pathways,
arcuate fasciculus starts from Broca’s area in inferior frontal
gyrus and projects into the middle and inferior temporal
gyrus [84]. In this study, we revealed the leftward asym-
metries of AF from both the micro- and macrostructural
properties. The leftward asymmetry of AF corresponds with
the leftward asymmetries of the triangular area of inferior
frontal gyrus, middle and inferior temporal gyrus revealed
by the topological analysis of the anatomical network. These
results suggest that the language related regions exhibit left-
ward asymmetries from both the global and local anatomical
connection patterns. We speculated that these structural
asymmetries may provide the anatomical substrate of lan-
guage related functional lateralization of the human brain.
Besides the leftward asymmetries of AF, the CB and ILF are
also leftward asymmetric in both mean FA values and fiber
numbers. The cingulum bundles have been investigated in
several previous DTI studies, and the leftward asymmetries
in fiber integrity were identified by different methods [15,
16, 85]. The inferior longitudinal fasciculus, which connects
the temporal lobe and occipital lobe, plays an important role
in visual memory [86, 87] and is considered as an indirect
pathway of language semantic processing [88]. This is the
first time leftward asymmetry of ILF is revealed and it may
provide new information for future studies.The inferior fron-
tooccipital fasciculus, which connects the posterior occipital
areas and the orbitofrontal region, is a direct pathway of
language semantic processing [88]. A previous DTI study
has reported the leftward asymmetries in the fiber integrity
of IFO and has suggested that the structural asymmetries
of the tract correspond with the hemispheric dominance
for language [21]. Additionally, we found that the optic
radiation and uncinate fasciculus are rightward asymmetric
in fiber numbers. However, the functional meaning of these
asymmetries should be examined in future studies.

As both the global (structural connectome) and local (FA)
measures were investigated in the present study, some results
can be cross-validated by differentmeasures. For example, we
found that both the language related regions and WM tracts
exhibited significantly leftward asymmetries.However, global
and local measures may represent different physiological
meanings. The local measure, such as FA, reflects the white
matter integrity or the consistency of fiber orientation at
microstructural level, while the nodal properties of brain
connectome, such as nodal efficiency, are an integratedmetric
of global information flow capacity and related to all of
the nodal connections, which consist of a specific tract or
several tracts together. Therefore, the findings from network
analysis can supply more comprehensive information than
the traditional regional and local investigations from a system
level.

4.3. Methodological Issues. The most essential elements of
a network are the nodes and edges. The definition of the
nodes and edges has a great effect on the constructed network
and the analysis results. Therefore, we need to address some
methodological issues about how we carried out the network
construction.
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First, we applied the AAL template to define the nodes for
each subject’s network. The AAL template was taken from a
MNI single-subject brain [46]. The biggest limitation of this
template is the absence of anatomical lateralization of some
regions, such as leftward asymmetry of the planum temporale
for the vast majority of right-handers [46]. This limitation
will affect the results of the topological asymmetries of the
anatomical network in this study. In future studies, a more
fine parcellation representation, which is defined at a voxel
population level rather than a regional level to partition
the cerebral cortex into thousands of regions [36], should
be employed to investigate the asymmetries of the brain
network, in order to localize the asymmetric topological
organizations more accurately.

Second, we employed deterministic DTT to define the
edges of the anatomical network. However, the “fiber cross-
ing” problem is a limitation of deterministic tractography
algorithms, because the tracking always stops when it reaches
fiber crossing regions with low factional anisotropy values
[89]. This will result in the loss of some existing fibers and
hence some edges of the network. Another limitation of
deterministic tractography, especially for long-distance fiber
bundles, is erroneous tracking results due to noise and reso-
lution limitations [89]. To solve this issue, several researchers
have used probabilistic fiber tracking algorithms [90–92]. By
modeling a probability distribution of the fiber orientations
within a voxel, these statistical methods can identify fiber
connections missed by deterministic tracking approaches.
However, the number of gradient directions in our diffusion
dataset is not sufficient to accurately estimate the probability
density function of the fiber orientations. Therefore, future
studies with more advanced diffusion imaging techniques
or tractography methods could yield a more complete and
accurate anatomical network for each subject.

Another issue about the choice of a binary or weighted
network needs addressing. For a weighted network, a chal-
lenge is to decide on themost representativemeasure of struc-
tural connectivity. Several candidate measures, such as fiber
numbers, mean fiber length, fiber density, and mean fraction
anisotropy, can be selected as the connectivity measure [25,
38, 39, 93]. But the physiologicalmeaning of thesemeasures is
unclear. It is also hard to validatewhichmeasure describes the
information transfer of neural signals most accurately. In this
work, we constructed the binary network by just taking into
consideration the existence/absence of regional connections.
However, a weighted network with a proper connectivity
measuremay better reflect the topological asymmetries of the
network.

Besides the above methodology limitations, some other
important issues should be investigated in the future. First,
as the sex effects on the topological organization of brain
networks have been suggested [94], the sex differences in
the network asymmetry should be examined in the future.
Second, due to the relatively small sample size in the present
study, other independent datasets with high quality MRI
acquisition and larger samples, such as Human Connectome
Project (HCP) datasets [95], should be employed to validate
the current results.

5. Conclusion

In this study, we have analyzed the hemispheric asymme-
tries from the perspective of the whole-brain anatomical
network and revealed the topological asymmetries of some
brain regions, which indicated the asymmetric connection
patterns of these regions at the global level. Moreover, we
found the structural asymmetries of some local anatomical
connections between regions, and the structural asymmetries
of the white matter tracts are interrelated with the topological
asymmetries of the brain regions. We speculated that the
asymmetric connection patterns of brain regions might
reflect the functional lateralization of the human brain.
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The etiology and maintenance of insomnia are proposed to be associated with increased cognitive and physiological arousal
caused by acute stressors and associated cognitive rumination. A core feature of such hyperarousal theory of insomnia involves
increased sensory processing that interferes with the onset andmaintenance of sleep. In this work, we collected structural magnetic
resonance imaging data from 35 patients with primary insomnia and 35 normal sleepers and applied structural covariance analysis
to investigate whether insomnia is associated with disruptions in structural brain networks centered at the sensory regions (primary
visual, primary auditory, and olfactory cortex). As expected, insomnia patients showed increased structural covariance in cortical
thickness between sensory and motor regions. We also observed trends of increased covariance between sensory regions and the
default-mode network, and the salience network regions, and trends of decreased covariance between sensory regions and the
frontoparietal working memory network regions, in insomnia patients. The observed changes in structural covariance tended to
correlated with poor sleep quality. Our findings support previous functional neuroimaging studies and provide novel insights into
variations in brain network configuration that may be involved in the pathophysiology of insomnia.

1. Introduction

Chronic insomnia is the most prevalent sleep complaint,
which affects about 20% of adult population worldwide
[1]. Insomnia is associated with reduced quality of life [2],
cognitive impairments [3], physical complaints [4], and
poor social functioning [5]. Moreover, chronic insomnia can
increase vulnerability for psychiatric disorders [6, 7] and
cardiovascular morbidity and mortality [8] and is associated
with increased health care consumption [9]. Despite the
huge socioeconomic impact of chronic insomnia, by far, its
neurobiological correlates have not been well understood.

Insomnia can be classified as an independent psychiatric
syndrome, known as primary insomnia (PI), and a com-
mon comorbidity associated with a variety of physical and
psychiatric disorders, known as secondary insomnia [10].
Approximately 25% of the population with chronic insomnia
is considered to have PI [11]. Studying chronic PI may
allow investigation of the biology of insomnia in a relatively
pure condition, independent of influences attributable to any
coexisting comorbid medical or psychiatric disorders [12].

In the past two decades, a number of studies using
diverse functional neuroimaging techniques have revealed
that central nervous system hyperarousal represents a major
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pathophysiologic pathway in the development and mainte-
nance of insomnia [13–16]. A core feature of the hyperarousal
theory of insomnia involves increased sensory processing
that interferes with the onset and maintenance of sleep.
Patients with PI, relative to healthy sleepers, have been found
to show greater high frequency electroencephalographic
(EEG) activity in the Beta range around sleep onset [17],
during non-rapid eye movement (NREM) sleep [18] and
even during normal waking [19]. EEG signals in the Beta
range have been known to be a main feature of coherent
cortical processing of sensory information. Consistently with
such hypothesis, increased intrinsic functional connectivity
between sensory-motor regions has been observed in patients
with PI based on resting-state functional magnetic resonance
imaging (fMRI) [20]. In another resting-state fMRI study
[21], patients with PI showed increased functional connectiv-
ity of the emotional circuit with the premotor and sensory-
motor cortex, which were positively correlated with the
severity of insomnia. Therefore, insomnia patients may be in
a perpetual cycle of hyperarousal and increased sensitivity to
sensory stimulation, which may lead to difficulty in initiating
or maintaining sleep.

It has been known that the dynamic emergence of coher-
ent physiological activities that span distinct brain regions
making up functional networks is supported by complex
structural networks constituted by neuronal elements of the
brain [22]. Thus, a question arises: are the pathophysiology
of insomnia and the deficits in sensory processing associated
with alterations in brain structural connectivity in addition to
the aberrant functional connectivity? To explore the answer,
we investigated the interregional structural networks for
patients with PI and healthy sleepers. Interregional structural
networks were constructed using covariance analysis of mag-
netic resonance imaging- (MRI-) based cortical thickness
data. Since axonally connected brain regions are believed to
have common trophic, genetic, maturational, and functional
interaction effects [23–25], correlations in brain morphology
can indicate interregional connectivity [26]. Cortical thick-
ness can reflect in vivo intrinsic characteristics of intracortical
morphology including cell size, density, and cell arrangement
in a topologically and biologically meaningful way [27].
Structural covariance network (SCN) analysis has extensively
been used to investigate brain network alterations during
normal development [28, 29] and aging [30] and in diseased
populations [31–33].

In the present study, the structural covariance of networks
involved in sensory processing was investigated by seeding
from the primary visual cortex (PVC), the primary auditory
cortex (PAC), and the olfactory cortex (OLF). Based on
existing functional neuroimaging findings, we hypothesized
that patients with PI would show greater sensory-motor con-
nectivity compared with normal sleepers, and such alteration
would be correlated with poor sleep quality.

2. Materials and Methods

2.1. Participants. This work studied 35 patients with PI (age =
39.3 ± 8.6 years; range 22–55 years; 5 males; 30 females)
and 35 healthy controls (age = 34.9 ± 10.7 years; range

23–54 years; 9 males; 26 females), who were recruited at the
NeurologyDepartment of the People’sHospital of Zhengzhou
University. All participants were right-handed. Diagnosis
was performed according to the DSM-IV inclusion criteria
for PI [10]. The questionnaire of Pittsburgh Sleep Quality
Index (PSQI) [34] was implemented for all participants to
evaluate their sleep quality. Please note that PSQI was not
used for PI diagnosis and subject classification. All healthy
controls reported restorative and satisfactory sleep and had
regular sleep habits and obtained PSQI total scores <5. All
participants were also screened to ensure that they had no
history of chronic neurological or psychiatric disorders, for
example, anxiety, and depression, and had never suffered
from other sleep disorders. All procedures were approved
by the ethics committee of People’s Hospital of Zhengzhou
University, and written informed consent was obtained from
all participants.

2.2. MRI Image Acquisition. MRI data acquisition was con-
ducted on a Siemens 3.0 T TrioTim whole-body scanner
(Siemens AG, Erlangen, Germany) using a 12-channel array
coil. High-resolution structural volumes were obtained using
a T1-weighted 3-Dimensional Magnetization Prepared Rapid
Acquisition GRE (3D-MPRAGE) sequence (TR = 1,950ms,
TE = 2.30ms, TI = 900ms, matrix = 248 × 256, slice
thickness = 1mm, no distance, and FOV = 244 × 252).

2.3. MR Image Processing and Cortical Thickness Measure-
ments. The T1-weighted MR images were processed with
the CIVET MRI analysis pipeline (version 1.1.12) [35] devel-
oped at the Montreal Neurological Institute. First, native
MRI images were corrected for intensity nonuniformity
using the N3 algorithm [36], and images in the native
space were linearly registered into the stereotaxic space
[37]. The registered brain volume was segmented into WM,
GM, cerebrospinal fluid (CSF), and background [38]. The
inner and outer cortical surfaces (each hemispheric surface
consisted of 40962 vertices and 81920 triangles) were then
automatically extracted using the CLASP algorithm [39].
The obtained cortical surfaces were nonlinearly aligned to
a hemisphere-unbiased iterative surface template [40] using
a depth-potential function [41] for accurate cross-subject
correspondences. Finally, cortical thickness was measured as
the Euclidean distance between linked vertices, respectively,
on the inner and outer cortical surfaces throughout the cortex
with native scaling [27].

2.4. Statistical Analysis. The statistical analysis of SCNs was
conducted using the SurfStat toolbox (http://www.math
.mcgill.ca/keith/surfstat/) for Matlab (R2014a, The Math-
works, Natick, MA, USA).

2.4.1. CorticalThickness Analysis. Between-group differences
in cortical thickness were assessed using vertex-wise analysis
of variance across the whole cortex, controlling for age,
gender, and the mean cortical thickness. We also explored
whether cortical thickness was associated with the sleep
quality, measured as PSQI scores, by computing Pearson’s
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correlation coefficients removing the effects of age, gender,
and global mean cortical thickness.

2.4.2. Structural Covariance Network Construction. SCNs
were constructed by seeding from the primary sensory
regions, which were delineated using the Automated
Anatomical Labeling (AAL) atlas [42]. These seed regions
included the PVC, that is, the bilateral calcarine fissure
and surrounding cortex (CAL), the PAC, that is, the
bilateral Heschl’s gyri (HES), and the bilateral OLF (see
Figure S1 in Supplementary Material available online at
http://dx.doi.org/10.1155/2015/817595). Prior to the network
analysis, a linear regression was performed at every cortical
vertex to remove the effects of age and gender. The residuals
of this regression were used to substitute for the raw
cortical thickness measurements. Then, for each group, the
averaged adjusted cortical thickness within each of the seed
regions was correlated with all other vertices on the entire
cortical surface. Significant correlation was interpreted as
connectivity. Following previously reported nomenclature
[43], the model fitted for the cortical thickness 𝑇 at a surface
point 𝑖 was

𝑇
𝑖
= 𝛽0 +𝛽1𝑇seed + 𝜀. (1)

2.4.3. Between-Group Comparisons in Structural Covariance
Networks. To compare the structural covariance in the group
of patients with PI and in the group of healthy controls, we
used linear interaction models, which contained terms for
the seed thickness and group, together with a seed thickness ×
group interaction term. We assessed differences in structural
covariance between groups by testing the significance of the
interaction term at each vertex [43]. The model fitted for the
cortical thickness 𝑇 at a surface point 𝑖 was

𝑇
𝑖
= 𝛽0 +𝛽1𝑇seed +𝛽2Group+𝛽3 (𝑇seed ∗ Group) + 𝜀. (2)

2.4.4. Network Modulations by Sleep Quality. We assessed
the modulation of covariance strength by sleep quality that
was measured as PSQI score. These models contained terms
for seed thickness and PSQI score as well as a parametric
interaction term for seed thickness × PSQI score. The model
fitted for the cortical thickness 𝑇 at a surface point 𝑖 was

𝑇
𝑖
= 𝛽0 +𝛽1𝑇seed +𝛽2PSQI+𝛽3 (𝑇seed ∗ PSQI) + 𝜀. (3)

2.4.5. Correction for Multiple Comparisons. Random field
theory (RFT) [44] was utilized to correct for multiple com-
parisons in our surface-based analyses, which controlled the
chance of reporting a familywise error (FWE) to 𝑃 < 0.05.
To illustrate trends, surface maps were also shown at an
uncorrected threshold of 𝑃 < 0.05.

3. Results

3.1. Demographic Data. Demographic features for the groups
of patients with PI and healthy controls are shown in Table 1.
The two groups were not significantly different in age and

Table 1: Demographic data of patients with primary insomnia (PI)
and healthy controls (HC).

PI HC P value
Number of subjects 35 35
Gender (male/female) 5/35 9/26 0.23a

Age in years (M, SD) 39.3, 8.6 34.9, 10.7 0.067b

Total PQSI (M, SD) 12.57, 3.93 2.26, 1.36 4.52𝑒 − 23
c

M = mean, SD = standard deviation, and PQSI = Pittsburgh Sleep Quality
Index.
aThe P value was obtained with a Chi-square test.
bThe P value was obtained with a two-tailed two-sample 𝑡-test.
cThe P value was obtained with a one-tailed two-sample 𝑡-test.

gender proportion (𝑃 > 0.05, uncorrected). Patients with
PI had significantly higher total PSQI score (𝑃 = 4.52𝑒 −
23, uncorrected) relative to healthy controls, illustrating that
patients had significantly poorer sleep quality.

3.2. Cortical Thickness Analysis. Between-group differences
in cortical thickness are illustrated in Figure 1(a). No differ-
ence in cortical thickness surpassed the threshold formultiple
comparison correction. Analysis of uncorrected differences
revealed trends of increased cortical thickness in patients
with PI (𝑃 < 0.05, uncorrected) in the left anterior PAC,
the left inferior lateral occipital cortex (LOC), the left the
paracentral lobule (PCL), the left anterior cingulate cortex
(ACC), the right middle cingulate cortex (MCC), the right
cuneus, the right PVC, the right precuneus, and the right
parahippocampal gyrus (PHG). In addition, patients with
PI also tended to have decreased cortical thickness in the
lateral prefrontal cortex (PFC) (𝑃 < 0.05, uncorrected).
Furthermore, correlations between the vertex-wise cortical
thickness and the sleep quality (measured as PSQI score,
higher PSQI indicates lower sleep quality) are shown in
Figure 1(b). The areas showed trends of increased cortical
thickness in PI and the left superior parietal cortex (SPC)
showed positive correlations (𝑃 < 0.05, uncorrected) of
thickness with PSQI; the areas tended to have decreased
thickness in PI and the left inferior parietal cortex (IPC) and
the right opercular part of inferior frontal gyrus (IFGoperc)
exhibited trends of negative thickness, PSQI correlations (𝑃 <
0.05, uncorrected).

3.3. Structural Covariance Analysis of Visual Networks. The
SCNs seeded from the left and right PVC (CAL) are illus-
trated in Figures 2(a) and 3(a), respectively. In healthy
controls, the left and right PVC anchored similar structural
covariance maps that included the SPC, the right pre- and
postcentral gyri, the visual areas (the lateral andmedial occip-
ital cortex), the precuneus and posterior cingulate cortex
(PCC), and the ventral medial prefrontal cortex (vmPFC)
(𝑃 < 0.05, RFT-cluster corrected).The right PVCadditionally
encompassed the right posterior insula (𝑃 < 0.05, RFT-
cluster corrected).

In patients with PI, the distribution of significant cor-
relations for PVC (𝑃 < 0.05, RFT-cluster corrected) was
similar to that seen in healthy controls, but more widespread
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Figure 1: Vertex-wise cortical thickness analysis. (a) Differences in cortical thickness between patients with primary insomnia (PI) and
healthy controls (HC), removing effects of age, gender, and global mean cortical thickness. (b) Correlations between vertex-wise cortical
thickness and PSQI score removing effects of age, gender, and global mean cortical thickness. No differences and correlations survived the
correction for multiple comparisons. Trends (𝑃 < 0.05, uncorrected) are shown here.

in the medial motor areas (the PCL and the supplementary
motor areas (SMA)), the medial temporal cortex (PHG), the
left postcentral gyrus, and the right insula and lesswidespread
in the LOC and the left vmPFC.

Figures 2(b), 2(c), 3(b), and 3(c) show the differences in
the covariance networks of the PVC between the groups of
patients with PI and healthy controls. No difference in the
connectivity strength of the left and right PVC surpassed
the threshold for multiple comparison correction. Analysis
of uncorrected differences revealed trends of increased cor-
relations (𝑃 < 0.05, uncorrected) between the bilateral PVC
and the medial motor areas (PCL/SMA) and the left cuneus,
and between the left PVC and the left dorsal parietooccipital
region, the right PHG and the right inferior temporal cortex
(ITC), and between the right PVC and the right vmPFC
and the right posterior insula, in patients with PI. Patients
also showed trends of decreased covariance (𝑃 < 0.05,
uncorrected) between the bilateral PVC and the lateral PFC,
the IPC, the LOC, the left superior temporal cortex (STC), the
dorsal medial prefrontal cortex (dmPFC), and the IFGoperc.

3.4. Structural Covariance Analysis of Auditory Networks.
Figures 4(a) and 5(a) show the SCNs seeded from the left and

right PAC (HES), respectively. In healthy controls, both the
left and right PACwere connectedwith the bilateral opercular
areas (the STC, the posterior insula, and the lower part of
the postcentral gyri) (𝑃 < 0.05, RFT-cluster corrected). The
left PAC network additionally included the left and right
inferior PFC (𝑃 < 0.05, RFT-cluster corrected); the right PAC
network also included the left and right medial visual areas
and the left ITC (𝑃 < 0.05, RFT-cluster corrected).

The left and right PAC were also connected with the
bilateral opercular areas (𝑃 < 0.05, RFT-cluster corrected) in
PI. However, in patients, we observed additional correlations
of the left PAC with the lateral PFC, the pre- and postcentral
gyri, the lateral temporal and parietal areas, the dmPFC, the
vmPFC, and the right superior cuneus; and additional corre-
lations of the right PAC with the left postcentral gyrus, the
medial occipital cortex, the medial motor areas (PCL/SMA),
the precuneus/PCC, the right dmPFC and vmPFC, and the
medial and inferior temporal cortex.

Figures 4(b), 4(c), 5(b), and 5(c) illustrate the differences
in the covariance networks of PAC between the groups of
patients with PI and healthy controls. In patients, the covari-
ance network of the left PAC showed prominently increased
correlations with the left postcentral gyrus and the bilateral
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Figure 2: Continued.
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Figure 2: Between-group comparison of structural covariance seeded from the left primary visual cortex (PVC). (a) Structural covariance
maps in healthy controls (HC) and patients with primary insomnia (PI). Seed region is colored in blue. (b) Increased left PVC-cortical
network covariance in PI. Patients showed trends of increased covariance between the left PVC and the medial motor areas, the left dorsal
parietooccipital region, the left cuneus, the right PHG, and the right ITC (𝑃 < 0.05, uncorrected). (c) Decreased left PVC-cortical network
covariance in PI. Patients showed trends of decreased covariance between the left PVC and the lateral PFC, the IPC, the LOC, the left STC,
the left dmPFC, and the right IFGoperc (𝑃 < 0.05, uncorrected). Scatter plots illustrate slope differences in selected vertices, where adjusted
cortical thickness values and regression lines are shown in red for patients and in blue for controls.

anterior lateral temporal cortices (LTC) (𝑃 < 0.05, RFT-
cluster corrected), as well as trends of increased correlations
with the dorsal and inferior lateral PFC, the bilateral pre-
central gyri, the right postcentral gyrus, the LTC, the left
posterior insula, the lateral parietal cortex, the medial motor
areas (PCL/SMA), the dmPFC, the leftOLF, the right vmPFC,
and the right superior cuneus (𝑃 < 0.05, uncorrected).
Patients’ right PAC network showed significantly increased
correlation with the right medial motor area (PCL/SMA)
(𝑃 < 0.05, RFT-cluster corrected), and trends of increased
correlations with the left postcentral gyrus, the left medial
motor area (PCL/SMA), the left cuneus, the precuneus/PCC,

the vmPFC, the right MCC, the right OLF, the right ITC,
and the right posterior insula (𝑃 < 0.05, uncorrected). Fur-
thermore, patients showed trends of decreased correlations
(𝑃 < 0.05, uncorrected) between the bilateral PAC and the
lateral PFC and the IFGoperc, and between the left PAC and
the right ITC (the fusiform gyrus (FFG)), and between the
right PAC and the IPC and the LTC.

3.5. Structural Covariance Analysis of Olfactory Networks.
The SCNs seeded from the left and right OLF are illustrated
in Figures 6(a) and 7(a), respectively. In healthy controls, the
left and right OLF were mainly connected with the anterior
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Figure 3: Continued.
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Figure 3: Between-group comparison of structural covariance seeded from the right primary visual cortex (PVC). (a) Structural covariance
maps in healthy controls (HC) and patients with primary insomnia (PI). Seed region is colored in blue. (b) Increased right PVC-cortical
network covariance in PI. Patients showed trends of increased covariance between the right PVC and the medial motor areas (PCL/SMA)
and the left cuneus, the right vmPFC, and the right posterior insula (𝑃 < 0.05, uncorrected). (c) Decreased right PVC-cortical network
covariance in PI. Patients showed trends of decreased covariance between the right PVC and the lateral PFC, the IFGoperc, the IPC, the
LOC, the dmPFC, and the left STC (𝑃 < 0.05, uncorrected). Scatter plots illustrate slope differences in selected vertices, where adjusted
cortical thickness values and regression lines are shown in red for patients and in blue for controls.

and inferior PFC, the parietal cortex, and the vmPFC (𝑃 <
0.05, RFT-cluster corrected). The right PVC additionally
encompassed the precuneus/PCC, the ACC and the MCC,
the dmPFC, the left lingual gyrus, the right precentral gyrus,
and the right posterior insula (𝑃 < 0.05, RFT-cluster
corrected).

Similar to controls, patients’ OLF SCNs also included
the anterior and inferior PFC, the parietal cortex, and the
vmPFC (𝑃 < 0.05, RFT-cluster corrected). However, in
PI, the left OLF network showed additional correlations in

the bilateral insula, the temporoparietal regions, theACC, the
right MCC, and the lower parts of the right pre- and post-
central gyri. The right OLF network in patients showed more
widespread correlations with the dorsal central areas, the
superior parietal cortex, the medial motor areas (PCL/SMA),
the medial occipital lobes, and the right precuneus, whereas
the correlations to the left MCC and the left dmPFC did not
reach significance (𝑃 > 0.05, RFT-cluster corrected).

Figures 6(b), 6(c), 7(b), and 7(c) show the differences
in the covariance networks of OLF between the groups of
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Figure 4: Continued.
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Figure 4: Between-group comparison of structural covariance seeded from the left primary auditory cortex (PAC). (a) Structural covariance
maps in healthy controls (HC) and patients with primary insomnia (PI). Seed region is colored in blue. (b) Increased left PAC-cortical network
covariance in PI. Patients showed significantly increased correlations of the left PAC with the left postcentral gyrus and the bilateral anterior
LTC (𝑃 < 0.05, RFT-cluster corrected), as well as trends of increased correlations with the dorsal and inferior lateral PFC, the bilateral
precentral gyri, the right postcentral gyrus, the LTC, the left posterior insula, the lateral parietal cortex, the medial motor areas (PCL/SMA),
the dmPFC, the left OLF, the right vmPFC, and the right superior cuneus (𝑃 < 0.05, uncorrected). (c) Decreased left PAC-cortical network
covariance in PI. Patients showed trends of decreased correlations of the left PAC with the left lateral PFC, the right IFGoperc, and the
right FFG (𝑃 < 0.05, uncorrected). Scatter plots illustrate slope differences in selected vertices, where adjusted cortical thickness values and
regression lines are shown in red for patients and in blue for controls.

patients with PI and healthy controls. Comparedwith healthy
controls, patients with PI exhibited markedly increased cor-
relation between the right OLF and the left cuneus (𝑃 <
0.05, RFT-cluster corrected). Both the left and the right OLF
networks in PI also showed trends of increased correla-
tions with the dorsal central areas, the medial motor areas
(PCL/SMA), the medial temporal cortex (PHG), and the
medial occipital lobes (𝑃 < 0.05, uncorrected). Additionally,
in patients, the left OLF network had trends of increased
correlations with the right ACC, the right inferior temporal
cortex, the lowermost part of the right postcentral gyrus,
the right anterior insula, and the bilateral precuneus/PCC

(𝑃 < 0.05, uncorrected); the right OLF network had trends
of increased correlations with the dorsal parietooccipital
regions, the right inferior occipital gyrus, and the right PAC
(HES) (𝑃 < 0.05, uncorrected). Moreover, patients showed
decreased correlations (𝑃 < 0.05, uncorrected) between the
bilateral OLF and the lateral PFC, the IPC, the LTC, and
the dmPFC, and between the right OLF and the bilateral
IFGoperc.

3.6. Relationship between Covariance Strength and SleepQual-
ity. The modulation of SCNs of the primary sensory regions
by the sleep quality was assessed by testing the parametric
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Figure 5: Between-group comparison of structural covariance seeded from the right primary auditory cortex (PAC). (a) Structural covariance
maps in healthy controls (HC) and patients with primary insomnia (PI). Seed region is colored in blue. (b) Increased right PAC-cortical
network covariance in PI. Patients showed significantly increased correlation with the right medial motor area (PCL/SMA) (𝑃 < 0.05, RFT-
cluster corrected); and trends of increased correlations with the left postcentral gyrus, the left medial motor area (PCL/SMA), the left cuneus,
the precuneus/PCC, the vmPFC, the right MCC, the right OLF, the right inferior temporal cortex, and the right posterior insula (𝑃 < 0.05,
uncorrected). (c) Decreased right PAC-cortical network covariance in PI. Patients showed trends of decreased correlations of the right PAC
with the IFGoperc, the IPC, the LTC, and the right lateral PFC (𝑃 < 0.05, uncorrected). Scatter plots illustrate slope differences in selected
vertices, where adjusted cortical thickness values and regression lines are shown in red for patients and in blue for controls.

interaction between PSQI score and seed covariance strength
across all participants. We did not observe any significant
modulation for all the studied networks (𝑃 > 0.05, RFT-
cluster corrected). Analysis of the uncorrected modula-
tions identified trends of positive and negative modula-
tory effects of PSQI score on the sensory networks (𝑃 <
0.05, uncorrected) (positive and negative modulation trends
are shown in Figures 8 and 9, resp.); and it is notable
that the patterns of the positive and negative modula-
tion trends were, respectively, consistent with the patterns
of uncorrected connectivity increase and reduction in PI
(Figures 2–7).

4. Discussion

This work aimed to test the hypothesis that insomnia would
be associated with alterations in networks associated with
sensory processing, and sleep quality would be associated
with such alterations. We measured and analyzed cortical
thickness in groups of patients with PI and normal sleepers
using a surface-based method that has been validated and
applied to the healthy and diseased brains [27]. Compared
with healthy controls, patients with PI tended to have
increased cortical thickness, as expected, in sensory (PAC,
LOC, PVC, and the cuneus) and medial motor areas (PCL
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Figure 6: Between-group comparison of structural covariance seeded from the left olfactory cortex (OLF). (a) Structural covariance maps
in healthy controls (HC) and patients with primary insomnia (PI). Seed region is colored in blue. (b) Increased left OLF-cortical network
covariance in PI. Patients showed trends of increased correlations of the left OLF with the left precentral gyrus, the medial motor areas
(PCL/SMA), the PHG, the medial occipital lobes, the right ACC, the right ITC, the lowermost part of the right postcentral gyrus, the right
anterior insula, and the bilateral precuenus/PCC (𝑃 < 0.05, uncorrected). (c) Decreased left OLF-cortical network covariance in PI. Patients
showed trends of decreased correlations of the left OLF with the lateral PFC, the IPC, the dmPFC and the LTC (𝑃 < 0.05, uncorrected).
Scatter plots illustrate slope differences in selected vertices, where adjusted cortical thickness values and regression lines are shown in red for
patients and in blue for controls.

and MCC) and also in some default-mode network (DMN)
(the Precuneus and PHG) and salience network (SN) (ACC)
regions. Trends of decreased cortical thickness in PI were also
observed in the lateral PFC, which plays a key role in working
memory [45]. These cortical structural changes were also
found to tend to be positively correlated with poor sleep qual-
ity.Mapping cortical thickness alterations alone does not pro-
vide sufficient information about the underlying pathological
mechanisms leading to such changes. On the other hand,
since abnormal interactions between cortical regions may
be related to the observed neuroanatomical variations [26],
we studied the structural covariance connectivity between

the primary sensory regions and the neocortex. Compared
with healthy controls, patients with PI showed significantly
increased covariance or trends of increase in covariance
between the seeds of primary sensory regions (PVC, PAC,
and OLF) and the motor regions (PCL/SMA, the pre- and
postcentral gyri), and between the sensory regions (PAC,
OLF, and the cuneus), and between the sensory regions
and DMN (the precuneus/PCC, vmPFC, and the anterior
LTC and PHG) and SN regions (ACC and the insula). In
addition, patients with PI also showed trends of decreased
structural covariance between the seeds of primary sensory
regions and the frontoparietal working memory network
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Figure 7: Between-group comparison of structural covariance seeded from the right olfactory cortex (OLF). (a) Structural covariance maps
in healthy controls (HC) and patients with primary insomnia (PI). Seed region is colored in blue. (b) Increased right OLF-cortical network
covariance in PI. Patients showed significantly increased correlation between the right OLF and the left cuneus (𝑃 < 0.05, RFT-cluster
corrected), and trends of increased correlations with the dorsal central areas, the medial motor areas (PCL/SMA), the PHG, the medial
occipital lobes, the dorsal parietooccipital regions, the right inferior occipital gyrus, and the right primary auditory cortex (HES) (𝑃 < 0.05,
uncorrected). (c) Decreased right OLF-cortical network covariance in PI. Patients showed trends of increased correlations between the right
OLF and the lateral PFC, the IFGoperc, the IPC, the left LTC, and the right dmPFC (𝑃 < 0.05, uncorrected). Scatter plots illustrate slope
differences in selected vertices, where adjusted cortical thickness values and regression lines are shown in red for patients and in blue for
controls.

(lateral PFC, IFGoperc, and IPC). Patterns of trends of
positive and negative modulatory effects of poor sleep quality
on the SCNs in all the participants were greatly in line
with the between-group differences in the corresponding
networks. These findings suggest that insomnia might be
related to underlying increase in brain network integration
encompassing the sensory to motor networks, the DMN
and the SN, and decrease in brain networks integration of
the sensory regions to the frontoparietal working memory
network.

SCN analysis relies on the assumption that related regions
covary in brain morphology as a result of mutually trophic

influences [46] or fromcommon experience-related plasticity
[47, 48]. Furthermore, several existing studies have demon-
strated a link between the pattern of structural covariance
and the architecture of the intrinsic functional networks [49–
51].Therefore, regions that are associated in cortical thickness
may also be a part of the same functional network. In this
work, the SCNs were seeded from the key regions involved
in sensory processing: the PVC, PAC, and OLF. In healthy
sleepers, the SCN of PVC mainly included the superior pari-
etal regions, the pre- and postcentral gyri, the visual areas, the
PCC/precuneus, and the vmPFC; the SCN of PAC primarily
included the bilateral opercular areas (the superior temporal



BioMed Research International 17

Left primary visual cortex Paracentral lobule/ 
supplementary 

motor area

Parahippocampal gyrus
Pre-/postcentral gyri

Cuneus

Fusiform gyrusCuneus

Paracentral lobule/ 
supplementary 

motor area

Pre-/postcentral gyri

Cuneus Cuneus
Right primary visual cortex

(a)

Left primary auditory cortex

Pre-/postcentral gyri

Lateral 
prefrontal

cortex

Superior parietal cortex

Lateral 
occipital 
cortex

Rolandic operculum

Paracentral lobule/ 
supplementary 

motor area
Dorsal medial 

prefrontal 
cortex

Superior temporal cortex
Anterior temporal cortex Parahippocampal gyrus

Middle cingulate cortex
Cuneus

Inferior parietal cortex
Pre-/postcentral gyri

Lateral prefrontal cortex

Lateral 
occipital 

cortex

Right primary auditory cortex
Pre-/postcentral gyri

Cuneus

Lateral temporal cortex

Paracentral lobule/ 
supplementary 

motor area

Middle cingulate cortex
Posterior cingulate cortex/ 

precuneus 

Fusiform gyrus

(b)

Left olfactory cortex

Right olfactory cortex

Lateral occipital cortex

Inferior occipital cortex Parahippocampal gyrus
Primary visual cortex

Ventral medial 
prefrontal cortex

Anterior cingulate cortex
Paracentral lobule

Cuneus

Inferior occipital cortex
Pre-/postcentral gyri

Superior parietal cortex
Anterior insula

Inferior prefrontal cortex

Paracentral lobule/ 
supplementary 
Motor area

Cuneus Parahippocampal gyrus
Primary visual cortex Primary auditory cortex

Precentral gyrus

Positive modulation by poor sleep quality

0.05 0.050.025
Uncorrected P RFT-cluster P

0.0250 0

(c)

Figure 8: Positive modulations of structural covariance networks by sleep quality, as measured using the Pittsburgh Sleep Quality Index
(PSQI) scale. No modulatory effects survived the correction for multiple comparisons. Trends (𝑃 < 0.05, uncorrected) are shown here.
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gyri, the posterior insula, and the lower part of the postcentral
gyri); the SCN of OLF predominantly included the anterior
and inferior PFC, the parietal cortex, and the vmPFC. These
network patterns are in overall agreement with data from
previous SCN studies [28, 30] and functional connectivity
mapping in normal populations [52–55]. Considering the PI-
related cortical thickness alterations in the regions showing
abnormal structural covariance, we could speculate that the
increased or decreased connectivity may reflect a correlative
or inverse cortical thickness changes due to enhancedmutual
or inhibitory interregional trophic/functional relationship, as
affected by the pathological process of PI.

In the current study, compared with the healthy con-
trols, the primary alterations in SCNs in patients with PI
were the increased covariance between the sensory and
motor regions. Significantly increased covariance was found
between the left PAC and the left primary somatosensory
cortex (the postcentral gyrus), and between the right PAC
and the right medial motor area (PCL/SMA), and between
the right OLF and the left cuneus (𝑃 < 0.05, RFT-cluster
corrected). In addition, we also found trends of increased
covariance of PVC with the medial motor area (PCL/SMA)
and the left cuneus, and of PAC with the primary motor
and somatosensory cortex (the pre- and postcentral gyri),
the medial motor area (PCL/SMA), the cuneus visual cortex,
and the OLF, and of OLF with the primary motor and
somatosensory cortex (the pre- and postcentral gyri), the
medial motor area (PCL/SMA), the dorsal visual cortex,
and the right PAC. The findings are well in line with data
from previous functional connectivity analysis. Killgore and
colleagues examined resting-state functional connectivity
differences between individuals with or without insomnia-
related sleep problems [20]. They observed that difficulty
in falling asleep was associated with increased functional
connectivity between cuneus and other sensory regions such
as the PAC and OLF, and the medial motor area (SMA),
and between the PAC and the medial motor area (SMA);
and problems with sleep maintenance were associated with
greater connectivity between the cuneus and the OLF. Their
findings indicated that stimulation of one sensory modality
might be associated with increased activation of other sen-
sory and motor regions in insomnia. Therefore, greater con-
nectivity among the sensory and motor regions in insomnia
may be conceivably associated with sustained arousal and
enhance unwanted sensory awareness, leading to difficulty in
sleep initialization or maintenance.

Furthermore, patients with PI also showed increased
structural covariance between the sensory regions and the
DMN regions, such as the precuneus/PCC, the vmPFC, the
anterior LTC, and the PHG. In particular, the increased
structural covariance between the right PAC and the bilateral
anterior LTC survived correction for multiple comparisons
(𝑃 < 0.05, RFT-cluster corrected). Although there is no
full understanding about the functions inherent to DMN,
in general, DMN concerns the neural network that is active
when the individual is not focused on an external task
mobilizing the explicit attentional resources and the brain
is at wakeful rest [56]. Studies using resting-state paradigms
have revealed that DMN is involved in internal modes of

cognition, such as mind wandering, recovery of past memo-
ries, planning/projection of future events, and consideration
of others’ perspectives [57]. Dysfunction in DMN has also
been related to the neuropathophysiology of insomnia [58].
Drummond et al. [59] investigated the neural correlates
of working memory performance in PI, and found that,
during behavioral performance, patients with PI failed to
deactivate DMN regions compared to good sleepers. Hasler
et al. [60] examined the functional connectivity within DMN
in patients with PI and good sleepers in different times
of the day and found that both groups were not distinct
regarding functional connectivity in themorning period after
waking up; however, the patient group showed higher DMN
connectivity at evening, during NREM sleep, and after sleep
restriction. Therefore, the increased structural covariance
between the sensory and DMN regions might be related to a
high level of arousal in sensory and DMN regions during the
day which tends to persist at night and during sleep stages
[13]. Alternatively, such structural covariance increase in PI
might also be related to pronounced activation of sensory
processing and self-referential processes at bedtime or in the
absence of tasks/external stimuli [61].

Patients with PI also tended to have increased structural
covariance of the sensory regions, especially the left OLF,
with the ACC and the insula that are nodes within SN. SN
is thought to recruit relevant brain regions for the processing
of sensory information and integrate processed sensory data
with visceral, autonomic, and hedonic signals in order to
guide behavior [62, 63]. Although the role of SN in the
mechanism of insomnia is unclear, increased resting-state
functional connectivity in SN has been reported in normal
subjects after sleep deprivation [64] and patients with PI
[65]. Therefore, the trend of increased structural covariance
between sensory and SN regionsmight be associated with the
aberrant neural activity in these regions induced by sleep loss.

Another finding in the current study is that patients
with PI showed trends of decreased connectivity of the seeds
of primary sensory regions with the frontoparietal working
memory network consisting of the lateral PFC, the IFGoperc,
and the IPC [45]. Such connectivity decrease is in line with
the trends of increased cortical thickness in the sensory
regions and the trends of decreased cortical thickness in
these frontoparietal working memory network regions in PI,
observed in the cortical thickness analysis. In Drummond
and colleagues’ study investigating the neural correlates of
working memory performance in PI [59], compared with
good sleepers, patients with PI showed reduced activation of
the frontoparietal working memory network and specifically
reduced modulation of the lateral PFC with increasing task
difficulty, in addition to their failure to deactivate DMN
regions. Therefore, our results further demonstrated the
impairment of the frontoparietal working memory network
in PI, which might account for the reported decline of
working memory capacity in sleep disorders [66]. Trends of
decreased connectivity with the dmPFC were also observed
in the networks of the PVC and OLF. Damage of the
dmPFC has been associated with insomnia and was thought
to disrupt the propagation of sleep slow waves along the
insula-cingulate corridor, resulting in difficulty initiating or
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maintaining sleep [67]. In this study, we were unable to
test this hypothesis, which requires EEG sleep recording.
In addition, trends of decreased connectivity between the
sensory regions and the LOC, the LTC and the ITC were also
found in PI. However, no PI-related structural or functional
changes in these regions were found in this work or previous
studies. Therefore, it is unclear whether and how the trends
of decreased connectivity in these regions are related to the
pathology of PI. Furthermore, we observed an exception that
the left PAC showed trends of increased connectivity with the
right lateral PFC, the right IPC, the dmPFC, and the LTC in
patients with PI. This may suggest a complementary mech-
anism in patients with PI to compensate for the decreased
connectivity within other SCNs.

We assessed the relationship between the structural
covariance and sleep quality by testing the parametric inter-
action between the PSQI score and the structural covari-
ance strength from seed regions across all participants.
Although all modulation of structural covariance by PSQI
did not survive multiple comparison correction, analysis of
the uncorrected modulations found trends of positive and
negative modulatory effects of PSQI score on the sensory
networks; and it is notable that the patterns of the positive
and negative modulation trends were, respectively, consistent
with the patterns of uncorrected connectivity increase and
reduction in PI. This further illustrated that the structural
covariance alterations in patients with PI observed in this
work may be related to the pathophysiology of insomnia.

In this work, we noted some asymmetries between the
SCN alteration maps of the left and right sensory regions,
for example, the increased structural covariance maps of
the left and right PAC. Although, by far, there is no clear
evidence about asymmetric effects of insomnia on the brain,
previous studies have also reported lateralized patterns of
brain structural alterations in PI [67–69]. It is plausible that
the asymmetric structural changes may be related to the
abnormal functional asymmetries in patients with PI during
night or sleep [70, 71]. In addition, we also noted that only
the SCNs of the primary auditory and olfactory regions
showed statistically significant alterations in patients with PI
(survived in the multiple comparison correction), but the
SCNs of the primary visual cortex. This might indicate that
the sleep deprivation of the patients may be mainly related to
the heightened arousal induced by auditory or odor stimuli
rather than visual stimuli, when they are in the bed. In line
with this, previous study examining event-related potentials
during sleep reported that patients with insomnia showed
reduced sensory gating of auditory stimuli compared with
normal sleepers [72]. However, specific functional study is
needed to verify this hypothesis.

There are limitations of the current study that should be
addressed in future investigations. First, most present results
did not survive the correction for multiple comparisons,
which might be caused by the relatively small sample size.
It is desirable to increase the sample size in the future
work to increase the statistical power. Second, although our
findings in structural covariance were qualitatively well in
line with the data fromprevious functional connectivity anal-
yses, it is unclear about the quantitative similarity between

the observed SCNs and the functional connectivity networks
derived from fMRI data.There is still lack of systematic com-
parison of structural covariance and functional connectivity
networks. It should be cautious to generalize the findings of
SCNs in PI to other networks. Combinations of multimodal
neuroimaging approaches should yield a more comprehen-
sive understanding of how abnormalities in the brain network
architecture are associated with functional deficits. Third,
the structural network was group-based so that we could
not explore the network organization for individual subjects.
Furthermore, subcortical regions were not included in this
study, as this study concentrated on the structural covariance
in cortical thickness. It is desirable to extend the study
to subcortical regions to explore their contributions to the
disruptions of the SCNs in PI. Some existing studies, that is,
[73], attempted to correlate the volume of certain subcortical
regions with the cortical thickness across the cortex or in
specific cortical regions; however, it might be questionable
to correlate structural metrics at distinct exponential scales.
Comparable subcortical structural measurements to cortical
thickness are expected for such analysis. Finally, utilizing
other network analysis methods in the future work, for exam-
ple, graph theory analysis to assess the topological patterns
of the large-scale brain network organization [22], could
enhance the understanding of the brain network organization
in insomnia.

In summary, we, for the first time, used a seed-based SCN
mapping approach to investigate large-scale structural net-
works in PI. The results demonstrated increased covariance
in cortical thickness between sensory andmotor regions, and
likely between sensory regions and DMN and SN regions,
and trends of decreased connectivity between sensory regions
and the frontoparietal working memory network regions,
in patients with PI. In addition, the observed alterations
in structural covariance tended to be correlated with poor
sleep quality. Our findings support the aberrant functional
activation and connectivity in insomnia reported by previous
functional neuroimaging based studies and also provide
novel insights into variations in brain network configuration
that may be involved in the pathophysiology of insomnia.
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Phase-amplitude coupling (PAC), the phenomenon where the amplitude of a high frequency oscillation is modulated by the
phase of a lower frequency oscillation, is attracting an increasing interest in the neuroscience community due to its potential
relevance for understanding healthy and pathological information processing in the brain. PAC is a diverse phenomenon, having
been experimentally detected in at least ten combinations of rhythms: delta-theta, delta-alpha, delta-beta, delta-gamma, theta-
alpha, theta-beta, theta-gamma, alpha-beta, alpha-gamma, and beta-gamma.However, a complete understanding of the biophysical
mechanisms generating this diversity is lacking. Here we review computational models of PAC generation that range from detailed
models of neuronal networks, where each cell is described by Hodgkin-Huxley-type equations, to neural mass models (NMMs)
where only the average activities of neuronal populations are considered. We argue that NMMs are an appropriate mathematical
framework (due to the small number of parameters and variables involved and the richness of the dynamics they can generate) to
study the PAC phenomenon.

1. Introduction

From the theory of signal processing we know that if an
input-state-output system is linear its output will have the
same frequency content as its inputs. Conversely, in nonlinear
systems, the energy at one frequency in the inputs appears
at different frequencies in the outputs. This induces cross-
frequency coupling (CFC) between any two sources, when
the output of one serves as the input to the other [1]. It
has been shown that pyramidal cells produce a varied set of
intrinsic dynamics based only on the type and compartmen-
tal localization of intrinsic conductances [2]. A combination
of sodium, potassium, and calcium conductances produces
coexistent gamma (∼40Hz) and theta (∼6Hz) rhythms on
tonic depolarization. In contrast, combinations of persistent
sodium and potassium channels in the soma produce a
use-dependent transition between regular spiking at ∼10Hz
and a repetitive, brief burst generation at ∼20Hz [2]. Since
cortical columns and brain areas generating different brain
rhythms are interconnected, the presence of CFC should
not be surprising, even if the exact mechanisms responsible

for its generation remain imprecise. The question is then
whether CFC is only a mechanistic result of the way the
brain is constructed or if it also has a role in brain com-
putations. At least six types of CFC have been documented
[3, 4]: amplitude-amplitude coupling (AAC), phase-phase
coupling (PPC), frequency-frequency coupling (FFC), phase-
amplitude coupling (PAC), phase-frequency coupling (PFC),
and frequency-amplitude coupling (FAC). PAC, the type
of CFC that occurs when the phase of a low frequency
oscillation modulates the amplitude of a higher frequency
oscillation, has received a lot of attention in the last decade
due to its potential relevance for understanding healthy and
pathological brain function [5–11]. PAC has been hypothe-
sized to be the carrier mechanism for the interaction of local
and global processes and therefore being directly linked to
the integration of distributed information in the brain [12].
For instance, it has been suggested that theta-gamma PAC is
used as a coding scheme for multi-item short-term memory
in the hippocampus, where different spatial information is
represented in different gamma subcycles of a theta cycle
[13, 14]. Recent experimental evidence also suggests that PAC
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links local blood-oxygen-level-dependent (BOLD) signals to
BOLD correlation across distributed networks [15].

In parallel to the experimental study of the PAC phe-
nomenon, computational models have been proposed in
order to clarify the neurobiological mechanism underlying
its generation [16–23]. Here we review these models, going
from the detailed description of each cell (via the Hodgkin-
Huxley formalism) in neuronal networks to neural mass
models (NMMs), which are a type of mean field description
that focuses on the dynamics of the average activity in a neu-
ronal population while neglecting the second-order statistics
(variance and covariances) and frommodels only focusing on
generation of the theta-gamma PAC in the hippocampus to
the most recent models capable of simultaneously generating
several PAC combinations.

This review is structured as follows. First, in Section 2, we
show that there is evidence for at least ten different PAC com-
binations (of a low and a higher frequency oscillation). Com-
putational models of the PAC phenomenon can be divided
into two types: detailed and NMMs.Themain characteristics
of these two types are briefly discussed in Section 3, followed
by two sections describing specific models of both types.

2. Experimental Evidence of the Diversity of
the PAC Phenomenon

The classic example of PAC was demonstrated in the CA1
region of the hippocampus [24] where the phase of the theta
rhythm was found to modulate the power of gamma oscil-
lations. Later studies found that PAC is neither restricted to
theta-gamma coupling nor to the hippocampus. For instance,
PAC has also been reported in the frontal, posterior, and
parietal human cortices during auditory, visual, linguistic,
and memory tasks [25–27], in monkey auditory and visual
cortices [15, 28, 29] and rodent olfactory bulb [30]. In addition
to Bragin et al.’s study [24], other studies have confirmed the
existence of theta-gamma coupling in the hippocampus [31–
34] and other brain areas [35–44]. Other PAC combinations
of low and high frequency rhythms have also been detected:
delta-theta [37, 45], delta-alpha [46, 47], delta-beta [44, 46],
delta-gamma [34, 35, 38, 41, 44], theta-alpha [46], theta-beta
[44, 46], alpha-beta [45], alpha-gamma [15, 26, 27, 35, 46, 48,
49], and beta-gamma [7, 15].

It should be noted that the studies mentioned above do
not always use the same frequency values for the boundaries
of the different brain rhythms [50] and that sometimes the
gamma band is divided into different subbands such as low-
gamma, middle-gamma, and fast-gamma, with boundaries
that can differ between different studies. Thus, subdivisions
of classical bands can potentially increase the number of
PAC combinations to be studied. Additionally, a high number
of mathematical methods for detecting PAC have been
proposed [3, 12, 51–57], eachwith advantages and caveats, and
no gold standard has emerged. Furthermore, those methods
are not exempted of spurious results, that is, identifying PAC
that is not related to true modulations between neuronal
subsystems. These issues (reviewed recently in [58]) are out
of the scope of this review, but we mention them here to

highlight the fact that the experimental study of the PAC
phenomenon is far from being complete and new methods
and results in the upcoming years will be necessary to com-
plement, inform, and refine past and future computational
models of the phenomenon.

3. Detailed Mathematical Models versus
Neural Mass Models

There are two main approaches to modeling the dynamics of
neuronal populations. One approach is to realistically model
each cell in the network, usingmultiple compartments for the
soma, axon, and dendrites. The most prominent example of
this approach is the Blue Brain Project [59], which aims to
achieve in the next decade a full simulation of human brain
dynamics (a network of approximately 86 billion neurons) in
a supercomputer. A practical disadvantage of such realistic
modeling is that it requires high computational power. For
this reason, simplified versions of such models in which only
one compartment is taken into account have been used [16,
60]. However, even in this case, the use of such detailed mod-
els makes it difficult to determine the influence of eachmodel
parameter on the generated average network characteristics.
The second approach is based on the use of NMMs, which
constitute a class of biophysical models that captures the
average activity of neuronal ensembles, rather thanmodeling
each neuron in the network individually [61, 62]. NMMs
are described by nonlinear differential equations and can
be rigorously obtained from mean field approaches [63–65]
after neglecting the second-order moments. For instance,
the Wilson-Cowan neural mass model [61] can be obtained
from a mean field approximation of two coupled networks
of FitzHugh-Nagumo neurons [63]. An alternative way of
constructing the NMM formalism is to consider that each
neuronal population performs two mathematical operations
[62]. The first is the conversion of postsynaptic potentials
(PSP) into an average density of action potentials (AP) which
is modeled using a sigmoid function. The second operation
is the conversion of AP into PSP, which is done by means of
a linear convolution with an impulse response function. The
Wilson-Cowanmodel is obtainedwhen the impulse response
function is 𝑔(𝑡) = 𝐺𝑒

−𝑘𝑡, which produces a system of first-
order differential equations describing the activity in each
population. Amore recent neural mass model, the Jansen-Rit
model [62], is obtained when the impulse response function
has the form 𝑔(𝑡) = 𝐺𝑘𝑡𝑒

−𝑘𝑡. This results in a system of
second-order differential equations describing the dynamics
of PSPs in each population. Computational models based
on Wilson-Cowan and Jansen-Rit models have provided the
mathematical framework for simulating the generation of
electrical activity in the brain during resting state [62, 66–71],
stimulation [62, 72–74], and disease [67, 75–77].

4. Detailed Mathematical Models

Detailed mathematical models of PAC generation [16, 18]
have focused on the theta-gamma interaction observed in
the hippocampus [24]. These models consist of either purely
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inhibitory networks [16] or networkswith both excitatory and
inhibitory cells [18–20] and are based on models previously
developed to study the generation of theta and gamma
rhythms separately [23].

4.1. Inhibitory-Inhibitory (𝐼-𝐼) Network. A simulated inhibi-
tory network in the hippocampus containing fast and slow
interneurons was shown to generate theta-gamma coupling
under restricted conditions [16]. The network comprised
single compartment neurons modeled with the Hodgkin-
Huxley formalism:
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is the applied current, and 𝜂 is a normally distributed noise.
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The cell population (𝑁 = 100) was divided into half
on the basis of fast and slow synaptic dynamics. Synaptic
conductances 𝑔

𝑠,𝑗

had one of four possible values depending
on the types of the cells connected: fast cell to fast cell, fast
cell to slow cell, slow cell to slow cell, and slow cell to fast cell.
Connectivity was all to all. Equations for the gating variables
ℎ, 𝑛, and 𝑠, as well as parameter values can be found in [16].
The numerical simulations performed in [16] showed that
the model can generate PAC under restricted conditions that
included strong connections within the same populations,
weaker connections between populations (especially from
fast to slow populations), and carefully tuned inputs.

4.2. Excitatory-Inhibitory (𝐸-𝐼) Networks. Hippocampal net-
works producing theta-gamma PAC also have pyramidal
cells. To consider this situation, a model comprising three
neuronal populations was proposed in [18] and was shown
to produce theta-gamma PAC [23]. The three populations
are pyramidal cells, fast-spiking basket cells, and oriens
lacunosum-moleculare (O-LM) interneurons.The outputs of
the O-LM cells are projected as slow inhibitory postsynaptic
potentials (IPSP) onto the distal apical dendrites of pyramidal
cells [18].

Basket cells were modeled with a single compartment,
using the fast-spiking interneuron model proposed in [78],
similar to (1) and (2). O-LM cells were also modeled with a
single compartment. In addition to sodium, potassium, leak,
and synaptic current, two other currents were considered:
the h-current and the A current [17, 18]. Pyramidal cells
were modeled by 5 compartments: 1 for basal dendrites,

1 for soma, and 3 for apical dendrites. The equation for each
compartment 𝑘 (1, . . . , 5) is

𝐶

𝐸𝑘

𝑑𝑉

𝐸𝑘

𝑑𝑡

= 𝐼app,𝐸𝑘 − 𝐼Na,𝐸𝑘 − 𝐼K,𝐸𝑘 − 𝐼

𝐿,𝐸𝑘
− 𝐼

ℎ,𝐸𝑘
− 𝐼

𝐴,𝐸𝑘

− 𝐼syn,𝐸𝑘 + 𝐼conn,𝐸𝑘 ,

(3)

where 𝐼conn,𝐸𝑘 is the current due to electrical coupling
between compartments. The expressions for the ionic and
synaptic currents as well as the parameter values to simulate
the model can be found in the supplementary information
section in [18]. Different simulations were performed in [18],
but the one with the highest number of cells comprised a total
of 180 cells. Their results showed that O-LM cells alone can
coordinate cell assemblies and that the same theta rhythm can
coordinate different cell assemblies with different frequencies
in the gamma range [18, 23].

5. Neural Mass Models

In this section we review three NMMs that are able to
generate PAC. The first two studies [21, 22] are based on the
works ofWilson-Cowan and Jansen-Rit and only focus on the
generation of one PAC combination.The last study [79] is also
based on the Jansen-Rit model but is able to simultaneously
generate different PAC combinations.

5.1. PAC Generation Using theWilson-CowanModel. Onslow
et al. [21] used theWilson-Cowanmodel to study the genera-
tion of theta-gamma PAC in a brain region not necessarily
restricted to the hippocampus. The model comprises two
coupled populations (Figure 1(a)), one excitatory and one
inhibitory. The system of first-order differential equations
describing the model is

𝑑𝐸 (𝑡)

𝑑𝑡

=

1

𝜏

𝐸

𝐸 +

1

𝜏

𝐸

𝑆 (𝑝

𝐸

+ Γ

𝐸𝐸

𝐸 − Γ

𝐼𝐸

𝐼) ,

𝑑𝐼 (𝑡)

𝑑𝑡

= −

1

𝜏

𝐼

𝐼 +

1

𝜏

𝐼

𝑆 (𝑝

𝐼

+ Γ

𝐸𝐼

𝐸 − Γ

𝐼𝐼

𝐼) ,

(4)

where𝐸(𝑡) and 𝐼(𝑡) are the average activity levels of excitatory
and inhibitory populations, respectively [61] and 𝑝

𝐸

and 𝑝

𝐼

are the external inputs to the two populations. The weight
of the connection from the excitatory population to the
inhibitory population is Γ

𝐸𝐼

and from the inhibitory to the
excitatory population is Γ

𝐼𝐸

, and the self-connections are Γ
𝐸𝐸

and Γ
𝐼𝐼

. 𝜏
𝐸

and 𝜏
𝐼

are the time constants for each population.
The nonlinearity in the model is introduced by means of a
sigmoid function:

𝑆 (𝑥) =

𝑆

0

1 + 𝑒

𝑟(𝑥−V0)
, (5)

where parameter 𝑟 determines the steepness of the sigmoid
curve, V

0

determines the position of the sigmoid function,
and 𝑆
0

determines the amplitude of the response.
System (4) is capable of producing oscillations due to

the reciprocal connections between the two populations.
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Figure 1: Neural mass models. (a) Wilson-Cowan model (Section 5.1) of two coupled populations, one excitatory (𝐸) and one inhibitory (𝐼).
External inputs to these populations are𝑝

𝐸

and𝑝
𝐼

, and the connectivity parameters are Γ
𝐸𝐼

, Γ
𝐼𝐸

, Γ
𝐸𝐸

, and Γ
𝐼𝐼

. (b) Jansen-Ritmodel (Section 5.2)
of a cortical column. Three populations are modeled: pyramidal cells (PY), excitatory interneurons (EI), and inhibitory interneurons. The
connectivity parameters are Γ

1

, Γ
2

, Γ
3

, and Γ

4

, and the input to the model is 𝑝. (c) Neural mass model of the cortical column comprising 14
populations (Section 5.3) distributed across 4 layers. The excitatory populations are the intrinsically bursting (IB) and the regulatory spiking
(RS). The inhibitory population are the low-threshold spiking (LTS) and fast-spiking (FS). The connections between the populations are
depicted in (d). Any of the 14 populations can be subjected to an external input. In the three models ((a), (b), and (c)), excitatory populations
and connections are depicted in red and inhibitory ones in blue. (d) Connectivity matrix values used for coupling the 14 populations are
modeled in (c). Negative values correspond to inhibitory connections and positive values correspond to excitatory ones.

Numerical simulations showed [21] that this model generates
gamma oscillations that are locked to a certain phase of theta
oscillations when considering oscillatory inputs.

Figure 2(a) shows a realization of the model where the
phase of a 4Hz oscillationmodulates the amplitude of a 55Hz
oscillation.The parameter values used in this simulationwere
𝜏

𝐸

= 0.0032 s, 𝜏
𝐼

= 0.0052 s, 𝑝
𝐸

= 0.6 + 0.1 cos(8𝜋𝑡),
𝑝

𝐼

= 0, Γ
𝐸𝐸

= 2.4, Γ
𝐸𝐼

= 2, Γ
𝐼𝐸

= 2.1, Γ
𝐼𝐼

= 0, 𝑟 = 4,
𝑆

0

= 1, and V
0

= 1. Additional simulations showed [21] that
the amplitude, frequency, and phase-locking characteristics
of the PAC activity generated were dependent on the strength

of the connectivity parameters and on the amplitude and
mean value of the low frequency input signal. It was possible
to tune the parameters of the model to produce different
frequencies of activity phase-locked to different phases of the
theta rhythm [21].

5.2. The Jansen-Rit Model of a Cortical Column. The Jansen-
Rit model of a cortical column [62] comprises three neu-
ronal populations (Figure 1(b)): pyramidal cells, excitatory
interneurons, and inhibitory interneurons. The model is
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Figure 2: Simulated temporal evolution of the variables of three different neural mass models. (a) Wilson-Cowan model. The phase of a
theta oscillation (4Hz) modulates the amplitude of a gamma oscillation (55Hz). (b) Jansen-Rit model. The phase of a delta oscillation (3Hz)
modulates the amplitude of an alpha oscillation (11Hz). (c) Cortical column model. The values of the parameters are given in Tables 1 and
2. Multiple PAC combinations are present (see Figure 3). In all cases, the temporal dynamics of excitatory and inhibitory populations are
depicted in red and blue, respectively.
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Table 1: Values and physiological interpretation of the parameters.

Parameter (units) Interpretation Value

𝐺(mV) Gain
𝐺

1

= 3.25, 𝐺
2

= 3.25, 𝐺
3

= 30, 𝐺
4

= 10, 𝐺
5

= 3.25,
𝐺

6

= 30, 𝐺
7

= 10, 𝐺
8

= 3.25, 𝐺
9

= 3.25, 𝐺
10

= 30,
𝐺

11

= 10, 𝐺
12

= 3.25, 𝐺
13

= 30, and 𝐺
14

= 10

𝑘 (s−1) Reciprocal of time constant
𝑘

1

= 60, 𝑘
2

= 70, 𝑘
3

= 30, 𝑘
4

= 350, 𝑘
5

= 60,
𝑘

6

= 30, 𝑘
7

= 350, 𝑘
8

= 60, 𝑘
9

= 70,
𝑘

10

= 30, 𝑘
11

= 350, 𝑘
12

= 60, 𝑘
13

= 30, and
𝑘

14

= 350

𝑝 External input
𝑝

𝑖

= 0 for 𝑖 ̸= {5, 7}, 𝑝
5

= 500, and 𝑝
7

= 150

𝑏 Damping coefficient
𝑏 = 0.06 for all populations

𝑆

0

(s−1) Maximum firing rate
𝑒

0

= 5 for all populations
V
0

(mV) Position of the sigmoid function V
0

= 6 for all populations
𝑟 (mV−1) Steepness of the sigmoid function

𝑟 = 0.56 for all populations

mathematically described by a system of second-order differ-
ential equations:

𝑑

2

𝑥

0

(𝑡)

𝑑𝑡

2

= −2𝑎

𝑑𝑥

0

(𝑡)

𝑑𝑡

− 𝑎

2

𝑥

0

(𝑡)

+ 𝐴𝑎𝑆 (𝑥

1

(𝑡) − 𝑥

2

(𝑡)) ,

𝑑

2

𝑥

1

(𝑡)

𝑑𝑡

2

= −2𝑎

𝑑𝑥

1

(𝑡)

𝑑𝑡

− 𝑎

2

𝑥

1

(𝑡)

+ 𝐴𝑎 (𝑝 + Γ

2

𝑆 (Γ

1

𝑥

0

(𝑡))) ,

𝑑

2

𝑥

2

(𝑡)

𝑑𝑡

2

= −2𝑏

𝑑𝑥

2

(𝑡)

𝑑𝑡

− 𝑏

2

𝑥

2

(𝑡) + 𝐵𝑏Γ

4

𝑆 (Γ

3

𝑥

0

(𝑡)) ,

(6)

where 𝑥
0

is the excitatory postsynaptic potential (EPSP) that
feeds into the two populations of interneurons and 𝑥

1

and
𝑥

2

are EPSP and inhibitory postsynaptic potentials (IPSP)
that enter into the pyramidal cell population, respectively.
Γ

1

, Γ
2

, Γ
3

, and Γ

4

are the connection strengths between
the populations. In this model, the electroencephalography
(EEG) signal is considered to be proportional to 𝑥

1

(𝑡)−𝑥

2

(𝑡).
Figure 2(b) shows a realization of model (6) where delta

(3Hz)-alpha (11Hz) PAC is produced when considering
an oscillatory input 𝑝. The parameter values used in this
simulation were 𝐴 = 3.25mV, 𝐵 = 22mV, 𝑝 = 200 +

50 cos(6𝜋𝑡), 𝑎 = 100 s−1, 𝑏 = 50 s−1, Γ
1

= 135, Γ
2

= 108,
Γ

3

= 33.75, Γ
4

= 33.75, 𝑟 = 0.56mV−1, 𝑆
0

= 5 s−1, and
V
0

= 6mV.
Alternatively, EEG signals presenting PAC can be

obtained by coupling multiple Jansen-Rit models (see
Figures 5, 8, and 9 in [67]). In a more recent work [22],
several Jansen-Rit models were also coupled and the
cross-frequency transfer was studied in a setting where
oscillators (generating the different rhythms) were coupled
unidirectionally and thus the driving between them was
passive. This study showed that this passive driving can
also account for CFC in the brain as a result of the complex
nonlinear dynamics of the underlying neuronal activity.

5.3. Cortical Column Model Comprising 4 Layers and 14
Neuronal Populations. A more complex neural mass model

of the cortical column was recently proposed [79] in which 4
cortical layers and 14 neuronal populations are considered.
Figure 1(c) shows the model obtained by distributing four
cell classes in four cortical layers (L2/3, L4, L5, and L6). This
produced 14 different neuronal populations, since not all cell
classes are present in every layer [80]. Excitatory neurons
were either regular spiking (RS) or intrinsically bursting (IB)
ones, and inhibitory neurons were either fast-spiking (FS) or
low-threshold spiking (LTS) neurons.

The model is based on the Jansen-Rit model and the
dynamics of the average PSP in each neuronal population 𝑥

𝑚

is obtained by solving a system of 14 second-order differential
equations:

𝑑

2

𝑥

𝑚

(𝑡)

𝑑𝑡

2

= −2𝑘

𝑚

𝑏

𝑚

𝑑𝑥

𝑚

(𝑡)

𝑑𝑡

− 𝑘

2

𝑚

𝑥

𝑚

(𝑡)

+ 𝐺

𝑚

𝑘

𝑚

(𝑝

𝑚

+

14

∑

𝑛=1

Γ

𝑛𝑚

𝑆 (𝑥

𝑛

(𝑡))) ,

(7)

where 𝑛 = 1, . . . , 14, and 𝑚 = 1, . . . , 14. The populations
are numbered from 1 to 14 following the order: [L2RS, L2IB,
L2LTS, L2FS, L4RS, L4LTS, L4FS, L5RS, L5IB, L5LTS, L5FS,
L6RS, L6LTS, L6FS]. Layer 2/3 was labelled as 2. As can be
seen in (7), neuronal populations interact via the connectivity
matrix Γ

𝑛𝑚

(Figure 1(d)). External inputs are accounted for
via 𝑝
𝑚

which can be any arbitrary function including white
noise [62].The “damping” parameter 𝑏

𝑚

critically determines
the behavior of the system. For 𝑏

𝑚

= 1 (which corresponds
to the Jansen-Rit model) an individual population is not
capable of oscillating, and it is the presence of interpopulation
connections (nonzero Γ

𝑛𝑚

, 𝑛 ̸= 𝑚) that produces oscillatory
behavior that mimics observed EEG signals. To account for
the possibility of an oscillatory population [78, 81] a nonzero
value for 𝑏

𝑚

was used.
Figure 2(c) presents the temporal evolution of the average

PSP in each neuronal population. Time series colored in
red correspond to excitatory PSP (EPSP) whereas inhibitory
PSP (IPSP) are presented in blue. As seen in the figure,
both EPSP and IPSP present the characteristic “waxing and
waning” (i.e., amplitude modulation) observed in real EEG
signals. Parameters values are presented in Tables 1 and 2. To
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Figure 3: Continued.
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Figure 3: Phase-amplitude coupling (PAC) corresponding to the simulation presented in Figure 2(c). Nonsignificant values were set to zero
and are depicted in white. (a) Delta-theta, (b) delta-alpha, (c) delta-beta, (d) delta-gamma, (e) theta-alpha, (f) theta-beta, (g) theta-gamma,
(h) alpha-beta, and (i) alpha-gamma.

quantify the PAC phenomenon, a causality measure between
time series, the information flow [82], was computed using
phases and amplitudes of the signals shown in Figure 2(c).
Figure 3 shows the information flow from the phase to
the amplitude for nine different combinations of phases
and amplitudes: delta-theta, delta-alpha, delta-beta, delta-
gamma, theta-alpha, theta-beta, theta-gamma, alpha-beta,
and alpha-gamma. A negative value of the information flow
means that the phase tends to stabilize the amplitude whereas
a positive value means that the phase tends to make the
amplitude more uncertain. An exploratory analysis of the
influence of the parameters on PAC showed that changes
in external input and time constants produced theta-gamma
PAC values higher than alpha-gamma PAC, whereas changes

in connectivity produced higher alpha-gamma PAC values.
Additional information can be found in [79].

6. Conclusions

In conclusion, we have shown that PAC is a diverse phe-
nomenon, not restricted to the theta-gamma coupling in
the hippocampus. In order to model the complexity of the
PAC phenomenon, which is hypothesized to bridge local and
global scales in the brain [12, 15], reducedmodels of neuronal
activity such as NMMs are needed, since detailed models are
computationally expensive and their results are difficult to
interpret due to the high number of variables and parameters
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Table 2: Standard values of the connectivity matrix Γ
𝑛𝑚

.

L2/3 L4 L5 L6
RS IB LTS FS RS LTS FS RS IB LTS FS RS LTS FS

L2/3

RS 25 10 10 15 0 25 30 0 0 0 0 0 0 0
IB 10 25 5 5 0 0 0 0 0 0 0 0 0 0
LTS −10 −8 −15 −10 0 0 0 −20 −25 0 0 0 0 0
FS −15 −10 0 −15 0 0 0 −20 −25 0 0 0 0 0

L4
RS 12 10 0 0 15 30 25 8 18 0 0 0 0 0
LTS −20 0 0 0 −20 −25 −10 0 0 0 0 0 0 0
FS −42 0 0 0 −22 0 25 0 0 0 0 0 0 0

L5

RS 0 0 0 0 0 0 0 12 0 22 18 25 0 0
IB 0 0 0 0 0 0 0 10 10 22 18 25 0 0
LTS 0 0 0 0 0 0 0 −10 −10 −10 −20 −25 0 −30

FS 0 0 0 0 0 0 0 −19 −19 −17 −15 0 0 0

L6
RS 0 0 0 0 45 0 10 0 0 0 0 15 10 10

LTS 0 0 0 0 0 0 0 0 0 0 0 −11 −10 −8

FS 0 0 0 0 0 0 0 0 0 0 0 −20 0 −15

involved. An open problem to be exploredwithNMMs is how
the different PAC combinations are related.

While both types of models reviewed here, detailed mod-
els and NMMs, are capable of generating signals reflecting
PAC, only in a few studies a quantitative measure of the
phenomenon has been provided. This is probably related to
the lack of a gold standard for PAC detection, which has
resulted in the development of numerous methods.

The computational models summarized here focused on
the mechanistic generation of the PAC phenomenon. NMMs
are simple (in the sense of the few variables and parameters
involved) but complex (in the sense of the richness of the
dynamics they can generate) enough to approach important
questions related to the functional role of the PAC phe-
nomenon.
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The importance of the cerebellum is increasingly recognized, not only in motor control but also in cognitive learning and function.
Nevertheless, the relationship between training-induced cerebellar activation and electrophysiological and structural changes
in humans has yet to be established. In the current paper, we suggest a general model tying cerebellar function to cognitive
improvement, via neuronal synchronization, as well as biochemical and anatomical changes. We then suggest that sensorimotor
training provides an optimal paradigm to test the proposed model and review supporting evidence of Quadrato Motor Training
(QMT), a sensorimotor training aimed at increasing attention and coordination. Subsequently, we discuss the possible mechanisms
through which QMT may exert its beneficial effects on cognition (e.g., increased creativity, reflectivity, and reading), focusing on
cerebellar alpha activity as a possible mediating mechanism allowing cognitive improvement, molecular and anatomical changes.
Using the example of QMT research, this paper emphasizes the importance of investigating whole-body sensorimotor training
paradigms utilizing a multidisciplinary approach and its implications to healthy brain development.

1. Introduction

In this paper, we suggest a general model tying cerebel-
lum function to cognitive improvement, via neuronal syn-
chronization and multimodal connectivity. We then discuss
sensorimotor training effects in humans, specifically the
Quadrato Motor Training (QMT) effects on brain con-
nectivity, cognitive function, and structural and molecular
changes, supporting such a multimodal cerebellar-cognition
relationship.

While the role of the cerebellum was traditionally
acknowledged in the field of motor control [1–4], it is
increasingly recognized in the last decade in sensory regula-
tion and cognitive learning [5–7]. Particularly, accumulating
evidence suggests that the cerebellum serves as a general

timing mechanism for both sensorimotor and cognitive
processes [8–10]. This may be conducted by the cerebellum’s
role in regulating the rate, force, rhythm, and accuracy of
movements, which are crucial for controlling the speed,
capacity, consistency, and appropriateness of cognitive as well
as emotional processes [6, 11, 12]. In fact, motor learning
studies have long been aware of the cerebellum’s oscillatory
role in skill acquisition, such as bimanual ability [13–15].

Consistent with its putative role in cognition, the cerebel-
lum forms close connections with neocortical brain regions
including the prefrontal cortex, thus providing the neural
basis through which the cerebellum contributes to neocorti-
cal information processing (for review see [16]). Importantly,
both the cerebellum and the prefrontal cortex play a crucial
role in the neural network, which is activated when attention
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engagement or shifting are required, especially during chal-
lenging as well as novel tasks [7]. Indeed, a recent local field
potential study has demonstrated the directionality of low
frequencies (5–10Hz) coherence as directed from the cerebel-
lum to frontal areas, playing a role in goal-directed motion
[16]. The fact that these anatomical connections are crucial
for cognitive development and functions further highlights
the importance of moving from the research focusing solely
on corticocortical connections to an integrated examination
of subcortical regions, and especially the cerebellum [7, 17–
19]. The cerebellum has been studied mainly by using animal
models (e.g., [20]).

Animals models demonstrate that cerebellar-related
deficits are accompanied by cognitive impairment (e.g.,
memory, attention, and visuospatial abilities), as well as
cerebellar microstructural changes as a result of training
and exposure to enriched environment (for reviews see [21,
22]). In humans, it is widely accepted that only after the
introduction of positron emission tomography (PET) and
functionalmagnetic resonance imaging (fMRI) did it become
possible to detect cerebellar activation noninvasively during
natural movements (reviewed by [23]). FMRI studies report,
for example, cerebellar activation during verbal working
memory and finger-tapping tasks [24–26].

While electroencephalographic (EEG) studies have gen-
erally avoided studying cerebellar function, due to the
fact that the neurons in the cerebellum are arranged in a
“closed field” configuration [27], the invention ofmagnetoen-
cephalography (MEG) provides another possible imaging
tool, as electrophysiological signals can be obtained by MEG
from the cerebellum, especially the slow rhythms including
theta (4–7Hz) and alpha (8–12Hz) range [10, 28, 29]. For
animal models explaining the possible underlying mecha-
nisms resulting in cerebellar low rhythm oscillations, see [30,
31]. For example, cerebellar activity before a stimulus onset
predicts uncued simple reaction time, possibly reflecting
cerebellar role in timing, response readiness, prediction,
and attention [32]. Thus, new neuroimaging methods in the
last 2 decades enabled the noninvasive investigation of the
cerebellum in humans. These lines of studies consistently
have shown the involvement of the cerebellum in many
cognitive functions, and specifically in language and read-
ing [33, 34]. The above accumulating studies support the
importance of cerebellar activity and connectivity for higher
cognitive functions, including timing, attention, emotion,
and cognition.

In the model we present here, the importance of the
cerebellar oscillatory activity for higher cognitive function
is emphasized possibly mediated through several levels of
brain organization, including molecular, anatomical, and
neural oscillations (Figure 1). Our model suggests that the
importance of cerebellar function for cognition may be
based at least partly on two interrelated pathways, the first
being alterations in oscillatory activity, leading to changes in
functional connectivity [35–37], and the second which takes
longer periods to occur is mediated by neurotrophic factors,
leading to anatomical changes.

The suggested model is based on the following consider-
ations.

Cerebellar 
function

Neurotrophic 
change

Cognitive
function

Functional 
connectivity

Structural
change

Oscillatory
activity

Figure 1: Interconnected relationship between cerebellum and
cognitive function.The relationship is mediated via two interrelated
routes.The first is slow rhythmoscillations,manifested in functional
connectivity. The second is molecular effects on structural changes
in structural connectivity.

(1) Electrophysiological Mechanisms Mediating Cerebellar-
Cognition Relationship. Cerebellar alpha oscillatory activity
has been suggested to be the neural system underlying the
planning and execution of movements as well as reading
and language comprehension [36–38]. The cerebellum was
further found to be the main alpha source of the cerebro-
cerebellar network that is crucial for speech production,
visual recognition and working memory, and coordination
[38]. Thus, cerebellar alpha oscillations may mediate both
cerebrocerebellar as well as cortical communication, such as
the frontoparietal network [35, 38].This is further in line with
previous studies suggesting that sensorimotor-dependent
cerebellar stimulation may modulate ongoing firing patterns
in frontal regions that are crucial for cognitive functions, such
as planning and creativity [16, 39, 40].

(2) Anatomical and Molecular Mechanisms Mediating
Cerebellar-Cognition Relationship. Our model focuses on
BDNF and Nerve Growth Factor (NGF), which are related
to learning and neural plasticity. Neurotrophins, initially
synthesized as precursor proteins (proneurotrophins),
can influence both developing and mature neural circuits,
utilizing distinct receptors to mediate divergent neuronal
actions [41, 42]. Thus, while proBDNF and NGF were
shown to be related to learning, spatial cognition, and
neuronal plasticity [43–46], proNGF was reported to play
an important role in nociceptors, neuronal death, and
neurodegeneration [47]. Importantly, BDNF is considered
a key component mediating neuronal connectivity and
movement dependent plasticity especially in the cerebellum
[48, 49]. More specifically, motor training is accompanied
by increased cerebellar BDNF mRNA amount [50, 51] and
structural changes related to underlying cellular events,
including synaptogenesis and dendritic arborisation [49, 52].
On the other hand, animal models have shown that severe
deficiencies in motor coordination in BDNF knockout mice
are linked to abnormal cerebellar development [53, 54].
In addition, sensorimotor training-induced functional
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connectivity changes were found to be BDNF-dependent
[55, 56].

Thus, we further present the possible effect induced by
motor interventions in humans on the putative cerebellar-
cognition relationship. Given the importance of the cere-
bellum in motor control, surprisingly few studies focused
on cerebellar motor training effects in humans. In contrast,
numerous animal models have consistently demonstrated
training-induced effects on brain regions involved in locomo-
tion such as the motor cortex, the basal ganglia, and the cere-
bellum (for review see [21, 22, 55, 56]). Nevertheless, human
studies examining whole-body training-induced changes in
executive functions have generally neglected motor-related
areas. These studies have almost exclusively concentrated on
frontal effects, generally reporting increased frontal alpha
synchronization following training [39, 40, 57].

Interestingly, previous studies have found different pro-
cedures, such as transcranial direct current stimulation, to
improvemotor skill learning through augmentation of synap-
tic plasticity that requires BDNF-secretion [46]. Yet, nonin-
vasive techniques, such as sensorimotor training paradigms,
may serve as time and cost-efficientmeans of reaching similar
effects, with no side effects. In line with this, while animal
models of pharmacological treatment aimed at cerebellar
compensation is largely unsatisfactory, exercise has been
found to have some efficacy (for review see [21, 22]). For
example, animal models of active training and enriched
environment [58–60], as well as a few human studies [61,
62] have demonstrated cerebellar microstructural changes
following sensorimotor training.

Consequently, we suggest that motor training in humans
may serve as an optimal model to test the possible cerebellar-
cognition relationship in two interrelated routes: (1) sen-
sorimotor training may result in fast occurring, cerebel-
lar and frontal low frequency oscillatory modulation [16],
possibly leading to improved cognitive performance [40,
63]. (2) Changes in cerebellar function can be further
stimulated through training by activating molecular mech-
anisms, mainly through the regulation of neurotrophins
[48, 51].

Consequently, we review a series of sensorimotor training
studies aimed at increasing our understanding of the pos-
sible link between cerebellar-induced change and cognitive
improvement. This review will assist in supporting our
presented model (Figure 1), providing evidence for training-
induced alterations in alpha oscillation, anatomical, molecu-
lar, and cognitive change as a result of a specific sensorimotor
training. The training method employed is the Quadrato
Motor Training (QMT), a sensorimotor whole-body training.

2. Putting Theory into Practice:
The Case of QMT

QMT is a new method for motor training, developed by
Patrizio Paoletti, generally aiming at enhancing coordination,
attention, and creativity [64, 65]. QMT involves following a
structured set of simple oral instructions, by stepping to the
instructed corner in a 50 × 50 cm square. See Figure 2.

The QMT requires a state of enhanced attention, as
it combines dividing attention to the motor response and
cognitive processing for producing the correct direction of
movement to the next point in the Quadrato space [65,
70]. The QMT has the advantage of being a relatively short
training (possibly several minutes) and can be relatively
easily practiced in limited spaces. In addition, in comparison
to other whole-body training paradigms, it can easily be
quantified in terms of accuracy and reaction time. Together
these unique aspects render the QMT a technique warranted
of scientific exploration, with the future aim of implementing
this technique in various health-promoting and educational
setups. Next, we review results related to short-term effects of
the QMT, that is, one practice of several minutes, as well as
long-term effects, following a period of one-three months, in
order to add several steps towards verifying our hypothesis.

2.1. Short-Term QMT-Induced Effects. Deficits in spatial
cognition, creativity, and decreased cerebellar activity are
reported in different developmental disorders and neurode-
generative diseases [71–74], emphasizing the importance of
cerebellar oscillatory activity [1, 10, 13, 14, 75, 76]. While
we could not study cerebellar electrophysiology directly,
we studied the effect of one QMT session on low rhythm
oscillations and connectivity, thought to mediate cerebellar
function [66] and several cognitive skills, including creativity,
spatial performance, reaction time, and reflectivity [64–68,
70].

2.1.1. Creativity, Reaction Time, Alpha Power, and Coherence.
In the attempt to uncover the underlying mediating electro-
physiological mechanism for movement-induced cognitive
change, the effects of QMT were first examined in terms
of EEG alpha power and coherence. In addition, changes
in creativity and reaction time were examined [65]. Briefly,
creativity was studied by means of the Alternate Uses Task
(AU), measuring ideational fluency and ideational flexibility.
In order to determine whether training-induced changes
were driven by the cognitive or the motor aspects of the
training, we used two control groups: Verbal Training (VT,
identical cognitive training with verbal response) and Simple
Motor Training (SMT, similar motor training with reduced
choice requirements). Twenty-seven participants were ran-
domly assigned to one of the groups, all practicing one
session of 7 minutes. While reaction time was faster in both
motor groups, only QMT enhanced interhemispheric and
intrahemispheric alpha coherence, and increased ideational
flexibility, which was not the case for either the SMT or
VT groups (see Figure 3(a)). The different steps in model
described in Figure 1 are further examined and detailed in
Figure 4 describing specific QMT-induced changes.

Together these results indicate that the combination of
the motor and cognitive aspects embedded in the QMT is
important for increasing ideational flexibility and functional
connectivity. In addition, a general decrease in alpha power
was found following training, which may be related to
the fact that decreased frontal alpha power is related to
motor planning occurring at the contralateral side to the
movement [77]. Faster reaction time was correlated with
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Figure 2: The Quadrato Motor Training (QMT). (a) A graphical illustration of the QMT. (b) A participant during the QMT while waiting
for the next instruction (A) and following the instruction (B). Adapted from [64].

decreased frontal alpha power, providing initial support
to arrows 2 and 4 in Figure 4, supporting the suggested
link between training-induced alterations in alpha power
and information processing. Importantly, increased frontal
alpha coherence was significantly correlated with enhanced
ideational flexibility, providing initial support to arrow 3 in
Figure 4, supporting the suggested link between increased
functional connectivity in the alpha range and enhanced
creativity [65]. See Figure 3(a).

2.1.2. Spatial Performance, Reflectivity, and Electrophysiology.
Another study examined the possible effect of QMT on
spatial cognition and reflectivity, employing the Hidden Fig-
ures Test (HFT) [78]. HFT required locating a simple figure
embedded within a complex figure. Spatial performance was
measured by correct answers, whereas reflectivity, namely, the
ability to exercise introspection by examining one’s conscious
thoughts and feelings, resulting in the inhibition of habitual
thought and behavior, was interpolated from correct answers
and reaction time (for details, see [64]). In this study, the
participants (𝑛 = 24, females) were randomly allocated to
either QMT, SMT, or VT.

One session of QMT was found to significantly improve
HFT performance, compared to SMT and VT groups,
demonstrating that QMT improves HFT performance above
the pre-post expected learning. This study generally showed
that QMT induces enhanced reflectivity and spatial perfor-
mance. However, the possible mediating mechanism was not
investigated. Thus, in another study reported in the same
article we examined both reflectivity and electrophysiology
[64]. In this study, thirty-seven participants (20 males)
were examined for gender-related differences. While QMT-
induced reflectivity and spatial cognition was reported in
both genders (Figure 3(b)), a gender-dependent difference

in functional connectivity was observed: while theta (4–
7Hz) and alpha intrahemispheric coherence was enhanced
in females, the opposite pattern was found in males. These
results are consistent with the idea that neural efficiency in
males is reflected in local cortical oscillations, whereas neural
efficiency in females is manifested in the functional coupling
of several brain areas, as assessed by EEG coherence [79]. In
the next section, we will examine the long-term effects on
anatomical connectivity and neurotrophic level.These will be
further linked to cognitive changes found following QMT.

2.2. Long-Term QMT-Induced Effects. Next, we turned to
investigate the direct involvement of the cerebellum in
cognitive improvement. To this end,we usedMEG,molecular
signals and MRI, in conjunction with various cognitive tests,
including reading and creativity. Here, we tested long-term
effects: 1–3 months of daily QMT sessions, to enable training-
induced brain functional and structural modulation and
reorganization.

2.2.1. QMT-Induced Effects on Reading and Cerebellar Elec-
trophysiology. Due to the important role of the cerebellum
and cerebellar alpha power in voluntary action [8–10] and
its involvement in language and reading [33, 34, 38], it was
hypothesized that QMT will increase cerebellar alpha power,
which would in turn serve to improve reading. Thus, in the
next study, the potential interactions between sensorimotor
and reading systems and the role of the cerebellum oscillatory
activity as a mediator [75, 76] were explored [66]. QMT
was completed for a period of one month, in order to
test its efficacy in inducing local and long-distance alpha
oscillations. MEG was used due to its ability to localize
the source of signals stemming from the cerebellum, thus
enabling a direct investigation of the cerebellar role in reading
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Figure 3: (a)Upper panel: change in ideational flexibility and z-transformed alpha coherence as a function ofGroup andTraining (∗𝑝 < 0.05).
Lower panel: correlation between change in frontal alpha activity and cognitive change following a session of QMT. Lower panel: correlations
between change in frontal alpha power and log(RT) and frontal alpha coherence and ideational flexibility (𝑟 = 0.51, 0.45, 𝑝 < 0.01, 𝑛 = 27,
resp.) [65]. (b) Spatial cognition. Pre-post difference in performance on the HFT task measured by the number of correct detections (mean ±
SEM, ∗∗𝑝 < 0.005) [64]. (c) Changes in alpha power. Left panel: significant clusters resulting from the group (dyslexics, controls) by training
(pre, post) interaction. The focus point (green cross) is positioned in the right culmen. Right panel: the bar graph shows cerebellar alpha
power as a function of Group and Training (∗𝑝 = 0.01; ∗∗𝑝 = 0.001) [66]. (d) Changes in proBDNF and the cerebellum following 12 weeks of
daily QMT practice. Left panel: Western blot analysis of proBDNF level. Histograms represent the average of the triplicate proBDNF values.
Right panel: regions of GM volume and FA values positively correlated with proBDFN [67]. (e) Significant correlation between change in
ideational flexibility and proNGF (beyond groups). Change in ideational flexibility, calculated by the subtraction of pre- from posttraining,
was negatively correlated with the change in proNGF [68]. (f) Structural changes and creativity. A positive correlation (𝑝 < 0.005) between
change in ideational flexibility and QMT-induced FA changes, mostly located in the middle cerebellar peduncles [69].
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Figure 4: QMT-induced effects on cerebellar-cognition relation-
ship. (∗) the alterations in the alpha activity and functional con-
nectivity depending on population. While increased frontal and
cerebellar alpha power were found in dyslexic adults followingQMT
[66], the opposite pattern, namely, decreased power, was observed in
normal readers [64, 66]. In addition, while functional connectivity
generally increased in females [64, 65] an opposite pattern was
observed in males [64].

improvement. QMT-induced alterations in alpha power and
coherence were examined in a group (𝑛 = 12) of adult
dyslexics and matched controls (𝑛 = 10 normal readers) in
addition to reading performance using a one-minute reading
task.

The results demonstrate that one month of intensive
QMT resulted in improved performance on the speeded
reading task in both the dyslexic and control groups. See
Figure 3(c).While the dyslexic group suffered fromdecreased
cerebellar alpha power at baseline compared to the normal
readers, they showed a significant increase in cerebellar oscil-
latory alpha power following a month of QMT training [66],
located in the culmen, a region which has been previously
reported to be related to language processing [33, 34]. As
regards connectivity, interhemispheric alpha coherence was
higher in the dyslexic group compared to the control group
across both time points, suggesting that increased alpha
coherence may reflect a compensation mechanism ([80]; and
for additional details see [66]). These findings suggested that
the combination of motor and language training embedded
in QMT increases cerebellar oscillatory activity in dyslexics
and improves reading performance in both groups. These
results support the hypothesis that the cerebellum plays a
role in skilled reading and begin to unravel the underlying
mechanisms thatmediate cerebellar contribution in cognitive
and neuronal augmentation, supporting arrows 1 and 2 in
Figure 4.

In addition, while there were no significant differences
between the groups in these frontal areas prior to training, the
healthy control group showed a significant decrease in alpha
power in the left medial frontal gyrus (MFG), right superior
frontal gyrus (SFG), and supplementary motor area (SMA)
following 4 weeks of daily QMT. This is similar to the effects

of a session of QMT [65]. On the other hand, the opposite
pattern was observed in the dyslexic group in which alpha
power increased in the right SFG.

2.2.2. QMT-Induced Effects on BDNF andAnatomy. As stated
above, cerebellar changes are related to neurotrophic level,
and specifically to BDNF [53, 54], reporting variations
following training [58–62]. As the multidisciplinary studies
combining the examination of training-induced neuronal
andmolecular changes in humans are scarce, the relationship
between training-induced functional, anatomical, molecular,
and cognitive change has yet to be established.

Consequently, in order to examine this relationship,
proBDNF level was investigated following 3 months of daily
QMT practice [67]. Briefly, a pilot MRI longitudinal study
was conducted, which was designed to identify the possible
link between anatomical andmolecular effects of a long-term
QMT. Structural high-resolution 3DT1-weighted (sMRI) and
diffusion tensor imaging (DTI) data were acquired for three
healthy female volunteers. For DTI, fractional anisotropy
(FA) value, a marker of white matter (WM) integrity was
used. Salivary BDNF was examined using Western blot anal-
ysis. The bands corresponding to proBDNF were quantified
with Image Lab software and normalized to the most intense
band visible on the membrane in the protein loading control.
Following QMT, a significant GM volume increase in the
cerebellum was found, especially in the culmen, which as
stated has been previously reported to be related to language
[33, 34], as well as in the right thalamus and limbic lobe.
In addition, FA increases were mainly located in the corpus
callosum, anterior thalamic radiations, corticospinal tracts,
and cerebellar peduncles through which the cerebellum
connects to the frontal cortex and other brain regions were
reported. The correlation analysis revealed positive correla-
tions between proBDNF values andGM and FAmaps located
in the cerebellum and cerebellar peduncle, respectively. See
Figure 3(d).

This study, albeit exploratory in nature, provided impor-
tant preliminary support to the relationship between senso-
rimotor training-induced anatomical and molecular changes
(arrows 4 and 5 in Figure 4); it may shed light on the relation-
ship between cerebellar activation and increased BDNF.

2.2.3. QMT-Induced Effects on NGF and Creativity. The pre-
vious study did not examine a direct or correlational relation
between change in molecular and anatomical function with
cognitive change. To study such a possible relationship
between molecular and cognitive change, QMT-induced
neurotrophic (NGF) change and creativity were examined
following 4 weeks of daily training in two interrelated
studies.

In the first study [68], the effects of motor training
on NGF and creativity were measured, comparing QMT
and walking training (WT) in healthy adults. Creativity
was measured utilizing the AU task. In contrast with the
WT, QMT resulted in increased creativity, emphasizing
the importance of combining cognitive control with motor
training. Importantly, the change in creativity negatively
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correlatedwith the change in proNGF levels (see Figure 3(e)),
supporting the negative relationship between neurotrophic
factors and cognition (represented by arrow 8 in Figure 4).

In the second study, QMT-induced effects on creativity
(measured by the Torrance Test of CreativeThinking (TTCT)
task) and additional metacognitive functions were examined
in children, using a nonintervention group as control. A
total of twenty healthy children participated in this study.
Following a month, 12 healthy children finished the training.
Similar to the first study, a negative correlation of proNGF
with QMT-induced creativity was found. Decreased proNGF
further correlated with improved working memory updating
and planning ability, as measured by the random number
generation (RNG) and the Cognitive Assessment System
(CAS) tasks, respectively. To sum up, creativity increased
following a month of daily QMT practice, which further
correlated with decreased proNGF level [68], supporting the
negative relationship between proNGF and various cognitive
functions, such as creativity [68] (arrow 6 in Figure 4).

A recent study demonstrated that increased creativity as
measured by the AU task was correlated with increased cere-
bellar volume (under review). More specifically, a positive
correlation was found between QMT-induced increased flex-
ibility and GM increment in the right cerebellum (culmen)
and the superior frontal gyrus (SFG). In addition, a positive
correlation was found between increased flexibility and FA
changes, mostly located in the middle cerebellar peduncles
(Figure 3(f)), providing support for arrow 7 in Figure 4.

3. Summary and Conclusions

In our model, we propose a novel multimodal approach unit-
ing training-induced electrophysiological changes, anatomi-
cal and neurotrophic changes, and suggest the cerebellar slow
rhythm oscillations as the mediating mechanism allowing
these effects to occur (Figure 4). Based on the literature,
our model suggests that the importance of training-induced
cerebellar changes for cognitive improvement may be based
at least partly on two interrelated pathways the first being
alterations in oscillatory activity, leading to changes in
functional connectivity [35–37], and the second which takes
longer periods to occur is mediated by neurotrophic factors,
leading to anatomical changes [48].

While it has recently been suggested that sensorimotor
training can result in neurotrophic-dependent changes in
connectivity resulting in cognitive improvement [55, 56], the
novelty of our current approach, presented in Figure 1, is in
bringing forth a multimodal approach, linking cerebellum
and cognition via electrophysiological fast occurring changes,
anatomical and neurotrophic changes which require longer
time to occur, and introduces cerebellar alpha oscillations
as the mediating mechanism allowing these effects to occur.
Together, although preliminary in their nature, the results
presented in the current review support the hypothesis
that sensorimotor training promotes alteration in cerebellar
alpha oscillations which may mediate improved cognitive
performance, such as enhanced creativity, faster information
processing, reading, and reflectivity [64–66]. At the same

time, sensorimotor training leads to anatomical and molecu-
lar changes, which are further supportive of cognitive change
[67, 68].

In terms of functional connectivity, QMT practice
increases inter- and intrahemispheric coherence in healthy
adults [65]. Similar to studies demonstrating that frontal
EEG coherence during tasks appears to be associated with
improved cognitive functioning and creativity [81, 82],
increased QMT-induced frontal connectivity is related to
enhanced ideational flexibility [65]. Long-term QMT prac-
tice appears to further increase structural connectivity and
cerebellar volume and altered cerebellar alpha activity [66].
QMT-induced anatomical changes in the cerebellum are
correlatedwith increased BDNF level [67]. In turn,molecular
change, especially proNGF decrease, is correlated with QMT-
induced cognitive improvement in both children and adults
[68]. Together, these findings support our proposition that
cerebellar alpha oscillations may be the electrophysiological
mechanismmediating neurotrophic-dependent connectivity
changes resulting from sensorimotor training.

The current results are in line with previous studies
demonstrating the relationship between healthy develop-
ment, cerebellar activity, and BDNF [53, 54]. The cere-
bellum is known to be related to interoceptive accuracy
reflecting explicit awareness of bodily processes [83]. Similar
to the cerebellum, BDNF has also been associated with
interoceptive awareness [84]. In fact, in parallel to suffering
from deficient interceptive andmotor awareness, Alzheimer’s
patients suffer from alterations in BDNF [85, 86].

The current QMT-related results found in healthy partici-
pants demonstrate increased amounts of proBDNF following
3months of dailyQMTpractice [67], in addition to decreased
proNGF following the training [68]. These results appear
to be symmetrical to the ones conducted on the dementia
patients [85–88], supporting previous claims for the inverse
directionality of change in BDNF and proNGF following
training [89]. Although limited indication is available on
the influence of sensorimotor training paradigms on neu-
rotrophin levels in the cerebellum, molecular change as
measured by salivary proBDNF and proNG may serve an
important cost-efficient benchmarks to help guide future
research on the effects and the efficacy of different sensori-
motor practices in both children and adults.

An important point that is raised from the reviewed
studies is that Simple Motor Training which does not include
a cognitive attention element could not induce such effects
on creativity, as shown for the SMT group in one study [65]
and by the walking training group in another study [68].This
indicates that the involvement of an attention-demanding
task is necessary in order to induce these effects [65, 68].
Even though this still has to be verified, we hypothesize that
such QMT effect on attention is still mediated through the
cerebellum, which may in turn be affecting executive frontal
regions [16]. This claim is partly supported by the fact that
QMT resulted in similar changes in alpha power in both the
cerebellum and frontal areas in healthy adults [66].

Undoubtedly, the model presented here is very prelim-
inary, and much future research is required in order to
sufficiently validate all its facets. However, it provides a
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framework for future research and raises many scientifically
testable predictions, important for guiding future directions.

4. Future Directions

The cerebellar deficits in development disorders may well
explain the fact that, in a range of developmental disorders,
such as ADHD, dyslexia, and autism, in parallel to the cog-
nitive deficits, children suffer from deficient motor function
and sensorimotor symptoms, thus having a higher probability
of developing psychopathology [71, 72].

Since sensorimotor deficits are often observed in different
developmental disorders, some researchers attributed their
cognitive and motor deficiencies to abnormal development
and functioning of the cerebellum [33–54]. In parallel to the
cognitive deficits, both patients with different developmental
disorders as well as neurodegeneration disease suffer from
deficient sensorimotor function and emotional challenges
[71, 72, 90] emphasizing the importance of efficient sensori-
motor training paradigms for means of possible treatment.
The examination of training-induced changes in functional
and structural connectivity together with molecular change
and their relations to cognition could greatly benefit from
further studies in healthy and disabled populations. In order
to verify whether cerebellar alpha oscillations are the under-
lying electrophysiological mechanism mediating change in
cerebellar size, a combination of MRI and EEG should be
implemented.
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Vaugier, and C. Cruz-Fuentes, “Cerebral blood flow associated
with creative performance: a comparative study,” NeuroImage,
vol. 38, no. 3, pp. 519–528, 2007.

[18] L. R. Vandervert, “Cognitive functions of the cerebellum
explain how Ericsson’s deliberate practice produces giftedness,”
High Ability Studies, vol. 18, no. 1, pp. 89–92, 2007.

[19] L. R. Vandervert, P. H. Schimpf, and H. Liu, “How working
memory and the cerebellum collaborate to produce creativity
and innovation,” Creativity Research Journal, vol. 19, no. 1, pp.
1–18, 2007.

[20] H. Wilms, J. Sievers, and G. Deuschl, “Animal models of
tremor,”Movement Disorders, vol. 14, no. 4, pp. 557–571, 1999.

[21] F. Foti, D. Laricchiuta, D. Cutuli et al., “Exposure to an enriched
environment accelerates recovery from cerebellar lesion,” The
Cerebellum, vol. 10, no. 1, pp. 104–119, 2011.

[22] D. P. Holschneider, J. Yang, Y. Guo, and J.-M. I. Maarek,
“Reorganization of functional brain maps after exercise train-
ing: importance of cerebellar-thalamic-cortical pathway,” Brain
Research, vol. 1184, no. 1, pp. 96–107, 2007.

[23] W. Grodd, E. Hülsmann, M. Lotze, D. Wildgruber, and M.
Erb, “Sensorimotor mapping of the human cerebellum: fMRI
evidence of somatotopic organization,” Human Brain Mapping,
vol. 13, no. 2, pp. 55–73, 2001.

[24] J. E. Desmond, J. D. E. Gabrieli, A. D. Wagner, B. L. Ginier,
and G. H. Glover, “Lobular patterns of cerebellar activation in
verbal working-memory and finger-tapping tasks as revealed by
functional MRI,”The Journal of Neuroscience, vol. 17, no. 24, pp.
9675–9685, 1997.

[25] M. P. Kirschen, S. H. A. Chen, P. Schraedley-Desmond, and
J. E. Desmond, “Load- and practice-dependent increases in
cerebro-cerebellar activation in verbal working memory: an
fMRI study,” NeuroImage, vol. 24, no. 2, pp. 462–472, 2005.



10 BioMed Research International

[26] S. H. A. Chen and J. E. Desmond, “Cerebrocerebellar networks
during articulatory rehearsal and verbal working memory
tasks,” NeuroImage, vol. 24, no. 2, pp. 332–338, 2005.

[27] H. Park, E. Kang, H. Kang et al., “Cross-frequency power corre-
lations reveal the right superior temporal gyrus as a hub region
during working memory maintenance,” Brain Connectivity, vol.
1, no. 6, pp. 460–472, 2011.

[28] J. Wikgren, M. S. Nokia, and M. Penttonen, “Hippocampo-
cerebellar theta band phase synchrony in rabbits,”Neuroscience,
vol. 165, no. 4, pp. 1538–1545, 2010.

[29] M. S. Nokia, H. M. Sisti, M. R. Choksi, and T. J. Shors,
“Learning to learn: theta oscillations predict new learning,
which enhances related learning and neurogenesis,” PLoS ONE,
vol. 7, no. 2, Article ID e31375, 2012.
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Functional near-infrared spectroscopy (fNIRS), a promising noninvasive imaging technique, has recently become an increasingly
popular tool in resting-state brain functional connectivity (FC) studies. However, the corresponding software packages for FC
analysis are still lacking. To facilitate fNIRS-based human functional connectome studies, we developed a MATLAB software
package called “functional connectivity analysis tool for near-infrared spectroscopy data” (FC-NIRS). This package includes the
main functions of fNIRS data preprocessing, quality control, FC calculation, and network analysis. Because this software has a
friendly graphical user interface (GUI), FC-NIRS allows researchers to perform data analysis in an easy, flexible, and quick way.
Furthermore, FC-NIRS can accomplish batch processing during data processing and analysis, thereby greatly reducing the time
cost of addressing a large number of datasets. Extensive experimental results using real human brain imaging confirm the viability
of the toolbox. This novel toolbox is expected to substantially facilitate fNIRS-data-based human functional connectome studies.

1. Introduction

Functional near-infrared spectroscopy (fNIRS), a promising
noninvasive imaging technique, has become an increasingly
popular neuroimaging technique for brain function research
in recent years [1–4].This technique holds several advantages
relative to functional magnetic resonance imaging (fMRI),
namely, its instrument portability, high temporal sampling
rate, and ability to perform long data acquisitions. Given
the technique’s specific strengths, fNIRS has been extensively
used to localize brain activation during task states [5–10] and

to identify functional connectivity (FC) during resting states
in both normal and diseased populations [4].

For the study of resting-state fNIRS, one of its promising
advances is the detection of resting-state FC [6, 11] and the
characterization of the topological organization of the brain
connectivity network [12].The approaches of seed-based cor-
relation analysis [6, 13, 14], whole-brain correlation analysis
[15–17], and graph-theoretical topological analysis [12, 18]
were primarily used to derive the resting-state FC and the
brain network. Particularly, the seed correlation analysis cal-
culates the resting-state FC by predefining a seed region and
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subsequently computing the temporal correlation between
it and other regions. With seed-based correlation analysis,
researchers have observed a strong FC between the bilateral
sensorimotor [11, 13], auditory [13], and visual system [19] in
adults and connectivity changes during the normal develop-
ment of early infancy [5, 15] and in neurological disorders
[19, 20]. Similarly, whole-brain correlation analysis calculates
resting-state FC by examining the temporal correlation of
a time series between any two measurement regions in the
whole-brain range. Using this approach, Homae et al. [15]
found that the cerebral FC changed dynamically in infants
from several days old to months old. Additionally, using
this method, Zhang et al. [17] showed that the dominant
frequency of FCwithin one functional system in adults can be
identified by introducing a priori anatomical information. In
contrast to the previous two methods, the graph-theoretical
topological analysis models the brain as a complex network
and then provides a straightforward but powerfulmathemati-
cal framework for characterizing the topological properties of
the brain networks.With the graph-theoretical network anal-
ysis approach, our group constructed the first whole-brain
FC network using fNIRS brain data [12] and found that the
fNIRS brain network was topologically organized in a non-
trivial fashion, for example, with a small-world and modular
architecture. Furthermore, our study [18] also showed that
the graph theory metrics of the fNIRS brain network were
reliable across different scanning sessions. In summary,
this progress in FC and network analysis demonstrates the
increasing interests in the study of functional brain connec-
tivity and network organization using the fNIRS technique.

As an emerging analysis strategy for fNIRS data and con-
sidering the complexity of FC and network analysis, it is nec-
essary and important to develop an easy-to-use and efficient
FC toolbox to facilitate fNIRS researchers. There are already
several available fNIRS toolkits, such as Homer [21], NIRS-
SPM [22], fOSA [23], NINPY [24], andNAP [25], which have
greatly assisted with the preprocessing of fNIRS data and
activation detection based on task data. However, it must be
noted that toolkits for assessing the FC and network analysis
of resting-state fNIRS data are still lacking.

In this study, to facilitate human functional connectome
studies in the fNIRS field, we developed aMATLAB software
package for fNIRS-based connectivity analysis, which is
called FC-NIRS (functional connectivity analysis for near-
infrared spectroscopy data) and can be downloaded freely
from the website http://www.nitrc.org/projects/fcnirs/ as an
open-source package. The package’s functions include pre-
processing, quality control, FC calculation, andnetwork anal-
ysis. Although the fNIRS collection has a chainless feature, it
also easily leads to motion-head artifacts. At the same time,
there are usually many sources and detectors placed on the
head that are used for a whole-brain network study, which
thus inevitably lead to a loss of contact between certain
optodes and the scalp. Therefore, the two primary types of
noise (i.e., motion artifacts [26, 27] and a low signal-to-noise
ratio due to poor contact between the optodes and scalp
[24]) need to be checked before performing FC and network
analysis.

2. Materials and Methods

2.1. Toolbox Development
2.1.1. Development Environment. FC-NIRS was developed
using MATLAB 2010b in a 64-bit Windows 7 environ-
ment. The data preprocessing and network analysis modules
include two established packages, Hemodynamic Evoked
Response (Homer) and Graph-Theoretical Network Analysis
(Gretna), for fNIRS data processing and graph theory-
based network analysis, respectively. This FC-NIRS toolbox
has been successfully tested under different operating sys-
tems with MATLAB installed, such as Windows and Linux
(Ubuntu and CentOS).

2.1.2. Data Format. Currently, FC-NIRS can process two
file types: one type is in the .nirs format from the CW5/6
system (TechEn, Inc.) and the other type is in the .csv format
from ETG4000/7000 (Hitachi Inc.). In fact, the .csv files can
be easily transformed into.nirs files. Thus, in the following
description, we mainly introduce the parameters that were
included in .nirs files. (1) 𝑑: this variable was the actual raw
data that were variable. This variable had the dimensions of
⟨number of measurements⟩×⟨number of time points⟩.The
rows in 𝑑 were mapped by the measurement list (the mL
variable described below). The 𝑑 variable could be complex
(as in the case of sine-cosine demodulation for laser carrier
frequencies). (2) 𝑡: this is a time variable describing the
time length of the data collection. (3) SD: this variable was
a structured variable that described the configuration of
the probe (source-detector) geometry. Furthermore, during
the stage of “processing,” a “.proc” file could be brought
out for each participant after clicking the “RUN” button.
The “.proc” file was a MATLAB file with four fields: (1)
RawData, which recorded the raw optical density informa-
tion as in the .nirs file; (2) OD, which recorded optical
density changes; (3) Conc, which recorded the time series
of the relative concentration variations in oxyhemoglobin
(HbO), deoxyhemoglobin (HbR), and the total hemoglobin
(HbT); and (4) SD, which recorded the configurations of
the sources, detectors, and measurement channels between
the sources and detectors. The abundant information in the
“.proc” file provided the convenience of processing batches
for the subsequent FC calculation and network analysis in the
toolbox.

2.1.3. FC-NIRS Analysis Procedure. The main procedure of
FC-NIRS is shown in Figure 1, and it included four main
function modules: (1) preprocessing, (2) quality control, (3)
FC calculation, and (4) network analysis.

2.2. Preprocessing. FC-NIRS provides a series of prepro-
cessing methods in the panel of “Preprocessing Methods”
(Figure 3), from which some methods can be selected and
displayed in the panel of “Selected Methods.” Pressing the
“≫” button selects a preprocessing method to the “Selected
Methods” box, while pressing the “≪” button cancels the cor-
responding selected method. The “Up” and “Down” buttons
were used to adjust the order of the selected methods. In the
“input directory,” the users need to set a directory in advance
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Figure 1: The main procedures for the processing of fNIRS datasets in FC-NIRS. The procedures contain four parts: (1) preprocessing, (2)
quality control, (3) FC calculation, and (4) network analysis.

to read the raw data. Similarly, in the “out directory,” the
user also needs to provide an output directory to save the
generated data. FC-NIRS also generated log files and kept
track of the processing. After the operations and pressing
the “RUN” button, FC-NIRS generated a “.proc” file for each
subject in the output directory. For simplicity, FC-NIRS also
provided some default preprocessing methods, which mainly
included optical signal conversion, filtering, motion correc-
tion, and detrend. The details of the methods are as follows.

2.2.1. Optical Signal Conversion. Similar to Homer software
[21], the raw optical intensity was first normalized as the opti-
cal density (OD) to provide a relative (percent) concentration
change by dividing by themean of the intensity.Then, theOD
data were further converted to HbO, HbR, andHbT based on
the modified Beer-Lambert law [28].

2.2.2. Filtering. FC-NIRS uses a band-pass filter with third-
order Butterworth, zero-phase digital filtering for low-pass
and fifth-order Butterworth, zero-phase digital filtering for
high-pass to remove low-frequency noise, and physiological
interference sources.The filtering range for the band-pass fil-
ter could be defined by the users themselves according to their
study objectives. In the FC-NIRS toolbox, for convenience,
we provided a default band-pass range from 0.01 to 0.1 Hz,
which represents the frequency range of hemodynamic sig-
nals that are thought to emanate from spontaneous neural
activity.

2.2.3. Motion Correction. To reduce the motion-induced
artifacts, FC-NIRS provided a spline interpolation method
[29] and a correlation-based signal improvement (CBSI)
method [30], respectively. Specifically, the spline interpo-
lation method detected the motion-induced artifacts by
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calculating the moving standard deviation (MSD) within
sliding time windows in a window length set by the user
(default: 2 seconds). MSD values larger than the threshold
defined by the user (default: five standard deviations away
from themean of theMSD) are regarded as artifacts. Next, the
time series that represented the motion artifacts was further
modeled via a cubic spline interpolation, which was sub-
tracted from the original signal of the time series. The result-
ing signal was considered to be free of motion artifacts. By
contrast, the CBSI was a type of channel-by-channel method
that was based on the hypothesis that HbO and HbR should
be negatively correlated during functional activation, while
at the same time they should be more positively correlated
when a motion artifact occurred. These approaches have
demonstrated an improvement in the data quality through
reducing motion artifacts [29, 30].

2.2.4. Detrend. Previous studies demonstrated that system-
atic signal increases or decreases occurred over time due to
long-term physiological shifts, with movement-related noise
remaining.The linear trend is usually removed during fNIRS
data preprocessing. Similar to the previous operation [4], FC-
NIRS also estimated the linear trend with a least-square fit of
a straight line and then subtracted it from the hemoglobin
concentration signals.

2.3. Quality Control. To guarantee high quality data for the
FC calculation andnetwork analysis, a quality controlmodule
was designed to control the motion-induced artifacts and to
lower the signal-to-noise ratio (SNR) that arose from poor
contact between the optodes and scalp. For the head motion
check, we calculated the sliding standard deviation of the
time series of concentration signal to quantify the signal
fluctuations within a series of sliding windows. The resulting
time series of the sliding standard deviation was cut by a pre-
defined threshold value𝑇, and the values above the threshold
value 𝑇 were regarded as motion artifacts. FC-NIRS offers
two types of display windows for themotion check at selected
channels by clicking “Selected Channels” and the total chan-
nels by clicking “All Channels.” For the SNR check of the
hemodynamic signal, FC-NIRS primarily examined the sig-
nal quality from the SNR optical intensity values and the sig-
nal correlation values in the concentration signal among all of
the measurement channels. Because a low SNR value (equal
to themean signal intensity divided by the standard deviation
of the signal intensity over time) in fNIRSmeasurements rep-
resents poor contact between the optodes and scalp, the quan-
tification of the SNR values at all of the measurement chan-
nels allowed for the examination and identification of the
measurement channels with poor quality. At the same time,
we assumed that low SNR signals did not reflect real brain
activity (similar to noise) and that, as a result, low SNR signals
should have the smallest correlation with other measurement
signals. Therefore, by performing a whole-brain correla-
tion analysis, the correlation coefficients with nearly zeros
between one measurement channel and the other channels
were found to represent low SNR measurements. By double-
checking the motion artifacts and the SNR, high quality data

were identified for the subsequent FC calculation and net-
work analysis.

2.4. FC Calculation. FC-NIRS provides two types of
approaches for the FC calculation: a seed-based correlation
method and a whole-brain correlation method. Specifically,
the seed-based correlation method calculated FC by estimat-
ing the strength of the pairwise relationships between the
seed regions and all of the other regions in the brain [4]. The
whole-brain correlation analysis calculated FC by computing
the connectivity strength between any two measurement
channel pairs within the entire cerebral cortex. For each
method, we provided three different correlation strategies,
Pearson’s correlation, Cross-correlation, and Spearman’s
correlation, based on three different hemoglobin concentra-
tion signals. The analysis can be performed at both the
individual level and group level. For the group analysis,
FC-NIRS offers several statistical correlation maps, such as
the 𝑅map, the 𝑍map, the 𝑍 to 𝑅map, and the 𝑇map.The 𝑅
values in the 𝑅 map represent the average of the correlation
coefficients across participants; the 𝑍 values in the 𝑍 map
represent the average of the 𝑍-score of the FC; the 𝑅 values
in the 𝑍 to 𝑅 map represent the correlation coefficients that
were back-transformed from the average 𝑍 values; and the 𝑡
values (uncorrected) in the 𝑇 map represent the 𝑡 statistical
values after the one-sample 𝑡-test.

2.5. Network Analysis. FC-NIRS calculated the topological
properties of the brain network based on a modern graph-
theoretical approach [4, 12, 18]. The graph-theory approach
is a straightforward and powerful tool for characterizing the
topological architecture of brain networks. In the study of
the fNIRS brain network, the channels are considered to be
vertices and the FCs between any two channels are considered
to be edges. Therefore, fNIRS data with 𝑁 nodes forms an
𝑁 × 𝑁 correlation matrix and each value in the correlation
matrix represents the FC strength. FC-NIRS calculated the
global and local network metrics based on the Gretna
package (http://www.nitrc.org/projects/gretna). Specifically,
the global network metrics included small-world properties
(clustering coefficient, characteristic path length, normalized
clustering coefficient, and normalized characteristic path
length), efficiency parameters (global and local efficiency),
hierarchy, and modularity coefficients. These metrics were
used to characterize the global topological organization of the
whole-brain network. The nodal network metrics included
the nodal degree, nodal efficiency, and nodal betweenness,
which were used to examine the regional characteristics of
the functional brain network. Of note, the diagonal elements
in the correlation matrix were automatically set to “0” before
network analysis. For more details about the graph metrics,
see the report from Rubinov and Sporns [31].

2.6. Experimental Validation
2.6.1. Subjects. Twenty-one healthy right-handed subjects (17
males and 4 females, aged 21 to 27 years) were recruited, and
written informed consent was obtained from all of the par-
ticipants prior to the experiment.This study was approved by
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the Institutional Review Board of Beijing Normal University
Imaging Center for Brain Research. Of note, the data used
in this study were obtained from a previous experiment that
examined the test-retest reliability of the graph metrics of the
resting-state fNIRS brain network [18].

2.6.2. Data Acquisition. A continuous-wave (CW) near-
infrared optical imaging system (CW6, TechEn Inc., MA,
USA) was used to measure the variations of the HbO and
HbR concentration. The system generated two wavelengths
(690 and 830 nm) of near-infrared light and collected the
hemoglobin-dependent signals at a sampling rate of 25Hz.
Twelve light sources (each with two wavelengths) and 24
detectors were designed to configure 46 measurement chan-
nels to allow for the whole brain (i.e., frontal, tempo-
ral, parietal, and occipital lobes) to be covered bilaterally
(Figure 8(a)). The spatial separation between any adjacent
source and detector pair was 3.2 cm. The positioning of the
probes was set according to the international 10–20 system.

2.6.3. Data Preprocessing. The default procedures were used
for data processing and analysis. These procedures included
the conversion of the optical density to the hemoglobin
concentration, band-pass filtering, detrending, and motion
correction using CBSI. For each method, default parameters
were used for data preprocessing.

2.6.4. Quality Control. We checked the quality of the fNIRS
data by examining the motion artifacts and SNR. We dis-
carded the data from 3 participants that had large motion
artifacts and low SNRs.

2.6.5. FCCalculation. Weadopted the seed-based correlation
method to calculate the FCmap in which the seed region was
located in the right visual cortex region. Pearson’s correlation
was adopted tomeasure the FC strength between the seed and
the other brain regions.

2.6.6. Network Analysis. Graph-theoretical approaches were
used to characterize the topological properties of the fNIRS
brain networks. For simplicity, we only examined the small-
world feature to verify the validity of the network analysis in
FC-NIRS.

3. Results

3.1. Toolbox Development
3.1.1. Download and Installation. The FC-NIRS toolbox is
an open-source package, and its source code is freely avail-
able at the website http://www.nitrc.org/projects/fcnirs/. The
toolbox can run under both Windows and Linux operating
systems with MATLAB installed. The installation of FC-
NIRS is similar to that of most MATLAB software packages.
To run the package, type “FC-NIRS” in the command
window of MATLAB after adding the FC-NIRS folder in the
MATLAB search path. To facilitate users who do not have
MATLAB installed, we generated an actual binary executable
file (FC NIRS.exe) for windows users. As shown in Figure 2,
the four buttons preprocessing (Figure 3), quality control

Figure 2: The main window of FC-NIRS. The four blue buttons are
linked to four different functional modules, that is, preprocessing,
quality control, FC calculation, and network analysis, which are
shown in Figures 3, 4, 5, and 6, respectively.

(1)

(4) (3)

(2)

Figure 3:The preprocessing module of FC-NIRS. (1) Preprocessing
methods provided by FC-NIRS; (2) preprocessing methods selected
by users for data preprocessing; (3) parameter settings for selected
methods; and (4) the input directory and output directory settings.

(Figure 4), FC calculation (Figure 5), and network analysis
(Figure 6) are linked to four primary functional modules.
In addition, a user-friendly manual is available within the
packages, which provides a detailed guide for using FC-NIRS.

3.1.2. Quality Control. Figure 4(a) shows the GUI of the
motion artifact check, which includes two panels that display
the probe geometry (Figure 4(a)(1)) and themoving standard
deviation of the concentration signals at the selected mea-
surement channels (Figure 4(a)(2)). The window length and
the threshold of the moving standard deviation in the panel
can be set by clicking the “Refresh” button. FC-NIRS also
offers a quick way to check the time series in all of the chan-
nels by clicking the “View TimeSeries” button. Figure 4(b)
shows the GUI of the SNR check, which also includes two
panels that display the SNR values at all of the measurement
channels (Figure 4(b)(1)) and the correlationmatrix map cal-
culated from the whole-brain time signals (Figure 4(b)(2)).
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(1)

(2)

(a)

(1)

(2)

(b)

Figure 4: The quality control module of FC-NIRS. (a) The motion check, in which “(1)” shows the probe geometry for the imaging pad and
“(2)” shows the time series of the moving standard deviation for the selected channels. (b) The SNR check, in which “(1)” shows the SNR
values of all of the channels and “(2)” shows the correlation coefficients calculated from any two measurement channels.

(a) (b)

Figure 5: The FC calculation module of FC-NIRS. (a) The seed-based correlation analysis and (b) the whole-brain correlation analysis.

(1)

(4)

(3)

(2)

Figure 6: The network analysis module of FC-NIRS. Here, (1) shows the network metrics provided by FC-NIRS, (2) shows the network
parameters (e.g., weight or binary network) and the selected network metrics, (3) shows the parameter settings for the selected network and
network metrics, and (4) shows the input and output directory settings.
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Figure 7: The experimental example for quality control of human brain data. (a) The time series of the hemoglobin concentration signals. A
large fluctuation can be found at approximately 600 seconds. (b)The motion artifacts check. The window length is set to 2 s. The threshold is
set to 5, which means that the values larger than five standard deviations from the mean are considered to be motion artifacts. (c) The SNR
check. Channel 13 and channel 28 both have very low SNRs, which are computed as the mean signal intensity divided by the SD of the signal
intensity over time compared with the other channels, and the corresponding signal correlation is very low.The low SNR of two channels can
be caused by poor contact between the optodes and the scalp.

3.1.3. FC Calculation. Seed-based (Figure 5(a)) and whole
brain-based (Figure 5(b)) FC calculation methods can be
selected by pressing the “Seed-based” or “Whole-brain”
button. Figure 5(a) shows the GUI of the seed-based FC

calculation. Within the panel, similar to the preprocessing
procedure, the users must also set the input directory and the
output directory in advance. To perform individual analyses,
the user must input a seed channel and select a correlation
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Figure 8: The results of the seed-based FC map. (a) The arrangement of the whole-brain 46-measurement channels on a brain template. (b)
FC map (𝑅map). Two channels in the black rectangle are used for the seed regions.

method in advance. Afterward, the user can click the “RUN”
button to obtain the individual analysis of the seed-based
FC calculation. The user can view the correlation results by
clicking the “View the Result” button. For the group analysis
(Figure 5(a)), several different statistical maps (i.e., the cor-
relation 𝑅 map, the 𝑍 map, the 𝑅-𝑍 map, and the 𝑇 map)
are generated by pressing the “RUN” button within the group
analysis panel. All of the results from both the individual and
group analyses are saved in the output directory.

3.1.4. Network Analysis. Figure 6 shows the GUI of the
network analysis.The network analysismust use the results of
the whole-brain FC analysis as its input data (Figure 6).
The module enables users to calculate the global and nodal
network properties in parallel. FC-NIRS has a number of
advantages for network analysis: for example, (1) it can run
jobs in parallel either on a single computer with multiple
cores or in a computing cluster; (2) it can generate log files
and keep track of the pipeline execution; and (3) the jobs will
run in the background and FC-NIRS and MATLAB can be
closed after clicking the “RUN” button.

3.2. Validation

3.2.1. Quality Control. Figure 7(a) shows an example of the
hemoglobin time series from a subject in which clear head
motion was visually observed. With the motion detection
method (i.e., the moving standard deviation method), the
head motion was identified (Figure 7(b)). Notably, the mov-
ing window length was two seconds and the threshold for
headmotionwas five times larger than the standard deviation
of the moving standard deviation. In contrast, for the SNR
check of the participant data, the SNR values of all of

the channels are shown in Figure 7(c), from which two obvi-
ously low SNR channels (i.e., channels 13 and 28) were iden-
tified. Similarly, based on the whole-brain signal correlation
analysis, we also identified two channels that hadmuch lower
correlation coefficients between them and the othermeasure-
ment channels. The low correlation could be attributed to
poor contact between the optodes and scalp. Based on this
analysis, the subject data must be removed from the group
data.

3.2.2. FC Analysis. Adopting the seed-correlation method
(the seed point in the right visual cortex, Figure 8(a)), we
observed bilateral FC patterns between the left and right
visual regions (Figure 8(b)). The results are consistent with
those of previous fNIRS investigations [11].

3.2.3. Network Analysis. Figure 9 shows the small-world
properties (clustering coefficients and characteristic path
lengths) of the fNIRS brain network. Compared to matched
random networks, we found that the real brain network has
larger clustering coefficients, 𝐶𝑝, and numerically similar
characteristic path lengths, 𝐿𝑝. These results are typical
features of small-world topology and are also similar to our
previous results [12].

4. Discussion

In this study, we developed a MATLAB software package
called FC-NIRS for analyzing brain FC and networks from
fNIRS data. The toolbox includes several major functions,
such as data preprocessing, quality control, FC calculation,
and network topological analysis. Furthermore, FC-NIRS
allows for individual analysis of a group of participants using
the module “quality control” and batch processing analysis
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Figure 9: The results of the network analysis. (a) 𝐶𝑝 is the clustering coefficient; the red line is the 𝐶𝑝 of the real network, and the blue lines
are the 𝐶𝑝 of the random network. (b) 𝐿𝑝 is the characteristic path length; the red line is the 𝐿𝑝 of the real network, and the blue lines are the
𝐿𝑝 of the random network. (c) Lambda is the normalized clustering coefficient, which is plotted with a red line; Gamma is the normalized
characteristic path length, which is plotted with a blue line.

in the other modules (i.e., preprocessing, FC calculation, and
network analysis), which facilitates the calculation of the FC
and networkmatrices with both high quality control and high
efficiency using FC-NIRS.

Notably, different software packages for fNIRS data
processing and analysis exist, for example, the widely used
Homer [21] and the recently developedNIRS-SPM [22] pack-
ages. Of note, these two tools have a focus on activation detec-
tion during task states. Different from the Homer or NIRS-
SPM, our FC-NIRS tool primarily aims at FC calculation and
network analysis during task free or resting states. This work
fills a gap in brain network research, specifically, the previous
lack of software for fNIRS data. Furthermore, FC-NIRS
provides different file formats (e.g., .nirs from TechEn, Inc.,

and .csv fromHitachi Inc.) for data importation and analysis,
which facilitates the use of different fNIRS imaging systems
for FC calculation and network analysis. The ability to
convert .csv files to .nirs files is also provided by FC-NIRS.

In its FC calculation and network analysis, FC-NIRS has
great applicability in the field of connectivity neuroscience.
For example, this tool can be applied to fNIRS datasets
that are collected to study different connectivity hypotheses.
Additionally, the evaluation of the effect of fNIRS imaging
duration, correlation strategies, and frequency-band selec-
tion on the graphic metrics of brain network can be easily
tested using FC-NIRS. Currently, the concept of “connec-
tome” [32, 33] has been proposed to advance our under-
standing of comprehensively mapping and analyzing brain
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FC and networks [33], and fNIRS has been considered to be a
promising technique for the study of functional connectome
[4], especially during early childhood development and in
unconscious patients. To handle the fNIRS-based connec-
tome dataset, FC-NIRS has unique advantages, as it can pro-
cess a large number of datasets in an efficientmanner because
of its batch processing strategies. Therefore, FC-NIRS can
potentially make contributions to the study of the functional
brain connectome in the future.

In the present study, we applied FC-NIRS to generate
results for testing the resting-state FC in the bilateral visual
cortex as well as network topological analysis at the whole-
brain scale. Symmetrical FC was found in the bilateral visual
system, which is highly compatible with previous findings
[11, 34]. In addition, significant small-world features were
observed in the whole-brain fNIRS network, which is also
highly consistent with our previous results using the same
dataset [12]. The present findings confirm the usability and
validity of the FC-NIRS package.

In summary, FC-NIRS can facilitate and simplify the FC
and network analysis in fNIRS-related studies and can pro-
vide optional FC definitions and network topological mea-
sures. However, some improvements in the software, such as
providing statistical analysis for multiple comparisons and
corrections for 𝑇-maps, are still required. Because FC-NIRS
includes an extendable design framework, new functions for
statistical analysis or new utilities can and will be added to
future releases of the software.
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