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A B S T R A C T

Modelling the human brain as a complex network has provided a powerful mathematical framework to
characterize the structural and functional architectures of the brain. In the past decade, the combination of non-
invasive neuroimaging techniques and graph theoretical approaches enable us to map human structural and
functional connectivity patterns (i.e., connectome) at the macroscopic level. One of the most influential findings
is that human brain networks exhibit prominent small-world organization. Such a network architecture in the
human brain facilitates efficient information segregation and integration at low wiring and energy costs, which
presumably results from natural selection under the pressure of a cost-efficiency balance. Moreover, the small-
world organization undergoes continuous changes during normal development and ageing and exhibits dramatic
alterations in neurological and psychiatric disorders. In this review, we survey recent advances regarding the
small-world architecture in human brain networks and highlight the potential implications and applications in
multidisciplinary fields, including cognitive neuroscience, medicine and engineering. Finally, we highlight
several challenging issues and areas for future research in this rapidly growing field.

1. Introduction

The human brain is a formidably complex system, in which
approximately 86 billion neurons (Azevedo et al., 2009) interact
through approximately 150 trillion synapses (Pakkenberg et al.,
2003). Explaining the emergent coherent brain function unfolding on
complicated structural pathways is a great challenge for neuroscien-
tists. Recently, there has been an explosion of studies modelling the
brain as complex networks that consist of neural units (e.g., neurons
and brain regions) linked by structural connectivity (i.e., structural
wiring) or functional connectivity (i.e., coherent temporal activities)
(Bassett and Bullmore, 2006; Bullmore and Sporns, 2009, 2012;
Craddock et al., 2013; He and Evans, 2010; Park and Friston, 2013;
Reijneveld et al., 2007). The characterization of the human brain from a
network perspective provides a comprehensive understanding of the
structural and functional architectures of the human brain. Mapping
and quantifying the connectivity patterns of the human brain (i.e., the
human connectome) have become important topics in the field of
neuroscience (Kelly et al., 2012; Sporns et al., 2005; Van Essen et al.,
2012).

To date, significant progress has been made in neuroimaging

technologies, such as electroencephalography (EEG), magnetoencepha-
lography (MEG) and multi-modal magnetic resonance imaging (e.g.,
structural MRI, diffusion MRI and functional MRI), which enable non-
invasive mapping of the human connectome. Graph theory-based
network analysis helps demonstrate the intrinsic topological organiza-
tion of human brain networks, such as small-worldness, modular
organization and highly connected or centralized hubs (Bullmore and
Sporns, 2009, 2012; He and Evans, 2010; Kaiser, 2011; Meunier et al.,
2010; van den Heuvel and Sporns, 2013b). The small-world model is of
special interest when describing human brain networks, because it
supports efficient information segregation and integration with low
energy and wiring costs, and it is well suited for complex brain
dynamics (e.g., a high rate of information transmission) (Watts and
Strogatz, 1998). Recent studies indicate that the small-world topologi-
cal organization of brain networks undergoes changes during develop-
ment and ageing (Cao et al., 2016b; Collin and van den Heuvel, 2013;
Gao et al., 2016), as well as in the case of brain disorders (Dai and He,
2014; Filippi et al., 2013; Fornito and Bullmore, 2015; Fornito et al.,
2012b; Gong and He, 2015; Stam, 2014; Xia and He, 2011), and that
these changes provide novel insights into the biological mechanisms in
health and disease. Moreover, advances in small-world brain models
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may spur innovations in engineering, thereby enabling the design of
more-efficient and more-powerful chips, computers and other devices
than what existed previously (Bassett et al., 2010; Eliasmith et al.,
2012; Furber, 2016; Machens, 2012; Merolla et al., 2014; Rueckert,
2016).

This review primarily focuses on the recent advances in small-world
human brain networks, through the utility of non-invasive neuroima-
ging data and graph theory-based network analysis. The remaining
sections are organized as follows. Section 2 provides background on
human brain network analyses and the small-world model, including
the construction of brain networks and graph theoretical approaches.
Section 3 summarizes recent small-world human brain network studies
using empirical or theoretical approaches. Sections 4–6 discuss the
potential implications and applications in multidisciplinary science,
such as cognitive neuroscience, medicine and engineering. Finally,
Section 7 highlights challenging issues and areas for future research in
this rapidly growing field.

2. Background

2.1. Brain network construction

Diverse biological, technological and social systems can be mod-
elled as networks, which consist of a set of nodes that represent the
constituent units of the system, and edges that denote the interactions
between nodes (Barabási, 2011; Boccaletti et al., 2006). For example, in
the World Wide Web, the nodes may be webpages, whilst the edges may
be the hyperlinks between them. In brain networks, the nodes can be
neurons, neuronal populations or brain regions, depending on the
spatial scales of interest, and the edges represent the structural or
functional connectivity that links the nodes. To date, most in vivo
human brain network studies have primarily focused on the large-scale
networks of brain regions, which can be constructed as follows (Fig. 1):

(1) Node definition. Nodes can be defined in various ways according
to the neuroimaging data considered (Fig. 1a), such as EEG electrodes,

MEG sensors or reconstructed brain sources of EEG/MEG signals using
biophysical models (Lopes da Silva, 2004). In MRI studies, regions of
interest may be defined according to anatomical landmarks (Tzourio-
Mazoyer et al., 2002), functional significances (Dosenbach et al., 2010;
Power et al., 2011), connectivity profiles (Cohen et al., 2008; Craddock
et al., 2012; Fan et al., 2016), multi-modal parcellation (Glasser et al.,
2016) and random parcellation (Zalesky et al., 2010), as well as a single
imaging voxel with a high spatial resolution (∼millimetres) (Hayasaka
and Laurienti, 2010; Liang et al., 2013; Liao et al., 2013; Valencia et al.,
2009) (Fig. 1b) . In most cases, brain networks involve tens to hundreds
of nodes, with the exception of voxel-wise brain networks that comprise
at least thousands of nodes (i.e., voxels). Notably, it is still an open
question regarding how to choose the most appropriate node definition
while addressing a specific scientific question (Bullmore and Bassett,
2011; Kaiser, 2011; Rubinov and Sporns, 2010; Sporns, 2014). In
general, structurally constrained schemes are preferred used in struc-
tural network studies, whereas functional defined schemes are pre-
ferred in functional network studies. When exploring the structure–-
function relationship, the parcellations obtained through multi-modal
neuroimaging data or randomized parcellations may serve as appro-
priate candidates. Besides, cross-validation using different parcellations
is encouraged to address whether the findings are not driven by a
specific brain parcellation.

(2) Edge definition. The structural and functional connectivity of the
human brain may be inferred through in vivo neuroimaging techniques
(Fig. 1c). In general, structural connectivity refers to the anatomical
pathways between brain regions, which form a biological route for
information transfer and communication. Specifically, by using diffu-
sion MRI to measure the anisotropic diffusion of water molecules in
brain tissues, structural connectivity may be inferred as the interregio-
nal white matter fibre tracts reconstructed through deterministic or
probabilistic tractography methods (Behrens et al., 2003; Mori et al.,
1999; Parker et al., 2003). Additionally, structural connectivity can also
be defined as the structural covariance inferred from the across-
individual covariation of regional morphological measurements (e.g.,

Fig. 1. Illustration of brain network construction. (a) Multi-modal neuroimaging data used for the estimation of structural and functional connectivity, including structural MRI (left),
diffusion MRI (middle) and EEG, MEG and functional MRI data (right). sMRI, structural MRI; dMRI, diffusion MRI; fMRI, functional MRI; EEG, electroencephalography; MEG,
magnetoencephalography. (b) Brain template used for the node definition. The brain nodes can be defined in a variety of ways, such as EEG electrodes, MEG sensors, anatomical and/or
functional information-based divisions, random divisions and imaging voxels. (c) Structural and functional connectivity matrices representing the relationship between each pair of
nodes. The structural connectivity can be inferred as across-individual covariation in regional morphological measures observed by structural MRI (left) or white matter fibre tracts
reconstructed from diffusion MRI (middle). The functional connectivity between two nodes is estimated as the statistical coherence between the nodal time courses observed by EEG, MEG
or functional MRI (right). (d) Visualization of the human brain network using the BrainNet Viewer package (Xia et al., 2013).
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cortical thickness or grey matter volume) measured from structural MRI
(Alexander-Bloch et al., 2013; Evans, 2013; He et al., 2007; Lerch et al.,
2006). The structural covariance between two nodes is defined based
on statistical similarity; thus, it may exist between region pairs in the
absence of direct axonal connectivity. Functional connectivity is
typically defined as the interregional statistical coherence, such as the
synchronization likelihood or Pearson's correlation, between time series
recorded by EEG, MEG or functional MRI (fMRI) (Friston, 1994).
Compared with fMRI, electrophysiological recordings of EEG and
MEG can obtain brain activities at a higher temporal resolution
(∼100 Hz) at the expense of spatial resolution. Most often, functional
connectivity is estimated when the subject is at rest in the absence of
specific cognitive demands, which is thought to reflect the intrinsic
functional organization of the brain (Biswal et al., 1995; Fox and
Raichle, 2007). Recently, there is growing interest in understanding the
brain's functional connectivity patterns and topological reorganization
by building graph models of brain networks during task performance
(Medaglia et al., 2015; Sporns, 2014; Liang et al., 2016).

Once structural or functional connectivity among nodes are ob-
tained, we usually employ a threshold to exclude weak or spurious
connections potentially induced by noisy signals, and subsequently
construct a binary or weighted brain network (Fig. 1d). The connection
density of a network is defined as the number of existing edges in the
network normalized by the maximal possible number of edges, which
reflects the wiring cost of the network. The other topological properties
of brain networks (see Section 2.2) can be quantitatively characterized
by graph theoretical approaches.

2.2. Graph theoretical approaches

Graph theory is an old branch of mathematics concerning the
pairwise relationship between objects. It can be traced back to the
Leonhard Euler's solution to the Königsberg Bridge Problem in 1736
(Euler, 1736). In this context, a graph is a set of vertices or nodes
connected by links, arcs or edges. In the middle of the nineteenth

century, graph theory underwent further developments with the
analysis of electrical circuits and chemical isomers. Today, graph theory
has been used to quantify complex relations in diverse fields, such as
genetic and neuronal networks in biology, electrical power grids in
infrastructure, the Internet in communication, integrated circuits in
computer science and collaborations in social interaction (Boccaletti
et al., 2006; Schweitzer et al., 2009; Watts and Strogatz, 1998). It is
useful for solving many types of practical problems. For example, graph
theory can be used to design very large-scaled integrated computer
circuits to achieve an optimized balance between the wiring costs and
communication efficiency among processing elements (Bassett et al.,
2010; Landman and Russo, 1971; Stroobandt, 1999).

Using graph theory, a network with N nodes can be represented by
an N-by-N adjacency matrix, in which the nonzero elements reflect the
presence or strength of an edge between two nodes. A graph may be
categorized as directed or undirected, depending on whether the edges
between nodes contain directional information (e.g., causal interac-
tion). A graph can also be classified as weighted or binary, depending
on whether the edges between nodes are assigned different strengths.
For example, in weighted white matter structural networks, interregio-
nal connectivity derived from diffusion MRI may be weighted according
to different information, such as fibre length, fibre number, fractional
anisotropy or connectivity probability (Fornito et al., 2013; Zhong
et al., 2015). Since the landmark concept in the “Human Connectome”
(Sporns et al., 2005), studies of complex human brain networks using a
graph theoretical approach have undergone explosive growth. To date,
most human brain network studies have focused on undirected net-
works due to the technical and methodological limitations in direction
inference. Once we have established an adjacency matrix of a brain
network, we can assess the topological properties of the network using
the metrics developed in graph theory. Here, we briefly introduce
several small-world related metrics (Fig. 2), the details of which can be
found in Boccaletti et al. (2006), Rubinov and Sporns (2010) and Watts
and Strogatz (1998).

(1) Small-world Measures: Watts and Strogatz (1998) pointed out
that many biological, social and technical networks are neither
completely random nor completely regular, instead showing a “small-
world” architecture with a distinctive combination of high clustering
coefficient and short characteristic path length.

The clustering coefficient measures the tendency to which the
neighbouring nodes of a node are interconnected, reflecting the extent
of local cliquishness. The clustering coefficient of a node can be defined
in many ways (Boccaletti et al., 2006; Bolanos et al., 2013; Rubinov and
Sporns, 2010) and in binary, undirected networks it is often defined as
the ratio of the number of existing edges between its neighbouring
nodes to the maximal possible number of edges between them (Fig. 2a).
The clustering coefficient of a network equals the average clustering
coefficients across all nodes in the network. The characteristic path
length of a network is defined as the average shortest path lengths
across all possible pairs of nodes in the network, which reflects the
capability for global information integration. The shortest path length,
namely, the distance, between two nodes in a binary network is defined
as the minimal number of edges that must be transferred from one node
to another (Fig. 2b). Notably, the definition of clustering coefficient and
shortest path length can be extended to weighted networks (Boccaletti
et al., 2006; Rubinov and Sporns, 2010).

Based on these two measures, a network can be classified as regular
(high local clustering and long path length), random (low local
clustering and short path length) or small-world (high local clustering
and short path length) lying somewhere between regular and random
networks (Fig. 3). To diagnose the small-worldness of a real network, a
commonly used method is to compare the clustering coefficient and
characteristic path length in the real network with those in matched
random networks (Maslov and Sneppen, 2002; Zalesky et al., 2012). A
small-world network can be quantified with a higher clustering
coefficient (i.e., normalized version>1) and a comparable character-

Fig. 2. Summary of small-world related metrics. (a) The clustering coefficient of a node
reflects the closeness of the connections between its neighbouring nodes. The clustering
coefficient of a network equals the average clustering coefficient across all the nodes in
the network. (b) The shortest path length between two nodes denotes the number of edges
that must be transferred from one node to another. The characteristic path length of a
network is defined as the average shortest path lengths across all possible pairs of nodes in
the network. (c) Modules in a network refer to a group of nodes with dense intra-group
connections and sparse between-group connections. Each module is indicated by a yellow
circle. (d) Nodal centrality measures. Nodal degree denotes the number of edges directly
attached to a node. “High degree” and “Low degree” indicate a node with many or few
connections, respectively. Nodal participation coefficient (PC) indicates the distribution
of its connections among different modules. “High PC” and “Low PC” indicate that the
node tends to connect the nodes in different or the same modules, respectively.
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istic path length (i.e., normalized version ∼1), leading to a small-
worldness index larger than one (Humphries and Gurney, 2008;
Humphries et al., 2006). From the aspect of information transmission,
a high clustering coefficient indicates high efficiency for local informa-
tion transfer, and a shorter path length indicates higher efficiency in
global information transmission. Thus, a small-world network exhibits
high local efficiency and global efficiency in information communica-
tion, accompanied with low wiring costs (i.e., sparse connections)
(Latora and Marchiori, 2001), which provides a concrete conception of
the ‘economic small-world’.

Notably, in the past decade the quantification of small-world
properties in complex networks have been improved in various aspects,
including defining a new small-worldness index through separately
comparing network clustering to matched regular lattices and path
length to matched random networks (Telesford et al., 2011), developing
new clustering coefficients and path lengths for weighted graphs
(Bolanos et al., 2013; Rubinov and Sporns, 2010) and establishing a
novel metric called small-world propensity accounting for variations in
network density and connection strengths (Muldoon et al., 2016).
Incorporating these newly developed metrics into future brain network
studies could further extend and/or revise the previous knowledge
regarding small-world brain network findings.

(2) Modularity and Hub: From the view of mathematics, a small-
world network needs not be modular and a modular organization needs
not be small-world. However, when considering the infrastructure in
the real brain network, researchers have demonstrated that the small-
world topology is usually accompanied by the presence of a modular
structure and hub nodes (Bullmore and Sporns, 2009; He and Evans,
2010; Meunier et al., 2010; Sporns, 2013; van den Heuvel and Sporns,
2013b). These well-organized structures ensure the optimal balance of
information segregation and integration, and support the small-world
configuration of the brain network.

Modules (also referred to as communities) in a network denote
groups of nodes that possess dense intra-group connections and sparse
inter-group connections (Fig. 2c). The dense intra-module connections
increase the local clustering and thus facilitate information specializa-
tion within the specific module, while the sparse inter-module connec-
tions serve as shortcuts to reduce the characteristic path length of the
network and enhance the global information integration. Therefore, a
modularly organized system generally exhibits a small-world organiza-
tion, but the converse is not always true. Currently, numerous
algorithms have been established to detect modular organization (i.e.,

modules, communities or clusters) in brain networks (Fortunato, 2010;
Meunier et al., 2010; Newman, 2004; Sporns and Betzel, 2016). Most
often, the modular partition of a network is probed by optimizing the
modularity index, which characterizes the difference between the
actual number of intra-module connections and the expected number
by chance (Sporns and Betzel, 2016).

Hub nodes are identified as nodes with a high nodal centrality,
which indicates the importance of the nodes in the network. The nodal
degree, k, is the simplest and best-known measure of nodal centrality,
and denotes the number of edges directly attached to a node (Fig. 2d).
The degree distribution P(k) of a network indicates the proportion of
nodes that have a degree k. For example, a scale-free network has a
power-law degree distribution, which allows the presence of several
nodes possessing a disproportionately high degree (Barabasi and Albert,
1999). A rich club architecture is formed if the highly-connected hub
nodes exhibit dense inter-connectivity, which enables efficient and
robust information signalling in the network (van den Heuvel et al.,
2012). Moreover, the nodal centrality can be quantified via other
aspects, such as nodal efficiency, betweenness and eigenvector
(Boccaletti et al., 2006; Liang et al., 2013; Rubinov and Sporns, 2010;
Zuo et al., 2012).

In brain networks, modules typically refer to anatomically con-
nected or functionally related regions, and hub nodes are typically
defined as highly centralized regions. Given a module partition, the hub
nodes may be further classified as either connector hubs or provincial
hubs according to the participation coefficient, which indicates their
connecting patterns across modules (Guimera et al., 2005; He et al.,
2009; Power et al., 2013). Connector hubs with a high participation
coefficient tend to distribute their edges in different modules, whereas
provincial hubs with a low participation coefficient primarily connect
nodes in the same module.

3. Small-world human brain networks

3.1. Small-world topology of human brain networks

The small-world architecture is robustly demonstrated in large-scale
human brain structural networks regardless of the imaging modalities
(Fig. 4, top and middle). Using structural MRI, the small-world property
was first identified in the population-level structural covariance net-
work of young healthy adults, based on the interregional covariation in
the cortical thickness (He et al., 2007) and other morphological

Fig. 3. Small-world network model. A regular network (left) with regular connections exhibits a high clustering coefficient and a long characteristic path length. In contrast, a random
network (right) with random connections exhibits a low clustering coefficient and a short characteristic path length. A small-world network (middle) exhibits an intermediate property
between regular (left) and random (right) networks, in which a large number of short-range connections coexist with a few long-range connections. Thus, the small-world network
exhibits a high clustering coefficient and a short characteristic path length.
Source: Reproduced from Watts and Strogatz (1998).
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measures, such as the grey matter volume (Bassett et al., 2008) and
surface area (Sanabria-Diaz et al., 2010). Recently, small-world proper-
ties have also been identified in individual structural covariance
networks based on a novel intracortical similarity approach (Tijms
et al., 2012). Through diffusion MRI, Hagmann et al. (2007) character-
ized the individual white matter connectivity patterns (∼500 to 4000
nodes), and demonstrated small-world organization for two individuals.
To date, many studies have investigated the topological organization of
structural networks through different methodological approaches (e.g.,
imaging sequences, node definitions and edge definitions), and small-

world architecture is consistently demonstrated at both individual and
population levels (Bullmore and Sporns, 2009; Gong et al., 2009;
Iturria-Medina et al., 2008; Lo et al., 2011). The small-world organiza-
tion in the human brain extends previous observations in the neural
network of the nematode Caenorhabditis elegans (Watts and Strogatz,
1998) and brain networks of the mouse (Oh et al., 2014; Rubinov et al.,
2015), cat and macaque (Hilgetag et al., 2000; Hilgetag and Kaiser,
2004; Sporns and Zwi, 2004), which suggests a general wiring principle
for brain network organization across species and spatial scales.

Compatible with structural brain networks, small-world attributes
are observed in human brain functional networks extracted from
different neuroimaging modalities (Fig. 4, bottom), regardless of the
network construction strategies used (e.g., node definitions and edge
definitions) (Achard et al., 2006; Bullmore and Sporns, 2009; Eguiluz
et al., 2005; Micheloyannis et al., 2006; Reijneveld et al., 2007;
Salvador et al., 2005; Stam, 2004; Valencia et al., 2009; Wang et al.,
2009a). Notably, functional connectivity is typically estimated using
long-term coherence in brain activities measured via fMRI, EEG or
MEG, which implicitly assumes that it is temporally constant during the
recording (Biswal et al., 1995; Fox and Raichle, 2007; Friston, 1994). A
small-world property is reported for brain networks during rest or task
states at different spatial scales that range from voxel-wise brain
networks (∼millimetres) (Eguiluz et al., 2005; Valencia et al., 2009)
to regional-level brain networks (∼centimetres) (Achard et al., 2006;
Salvador et al., 2005; Wang et al., 2009a), as well as at different
frequency bands of interest (Achard et al., 2006; Micheloyannis et al.,
2006; Salvador et al., 2005; Stam, 2004), thus indicating a complicated
spatiotemporal pattern for functional organization.

All this evidence suggests that human brain networks are structu-
rally and functionally well organized in an optimized small-world
fashion (Fig. 4). This facilitates information specialization in local
clustering regions and promotes information integration across spa-
tially distributed brain regions at low costs. However, distinct from the
relatively fixed patterns of structural connectivity, the functional
connections exhibit a rich repertoire of configurations. Interregional
functional connections will flexibly change on a time scale of seconds to
minutes to meet potential or ongoing cognitive demands during task
performance (Bassett et al., 2011; Braun et al., 2015; Cole et al., 2013)
and even spontaneously fluctuate in the resting state without external
task demands (Allen et al., 2014; Calhoun et al., 2014; Chang and
Glover, 2010; Hutchison et al., 2013a; Kang et al., 2011; Liao et al.,
2015). The temporal fluctuations of functional connections may be
partially attributable to mental state shifts (Allen et al., 2014) and
physiological signals (Chang et al., 2013b). However, the dynamic
reconfiguration of brain organization during rest may more likely
reflect the intrinsic brain activity, as supported by empirical observa-
tions in anaesthetized macaques controlled for consciousness level
changes (Hutchison et al., 2013b) and by computational models
naturally free from physiological artefacts (Deco et al., 2011, 2013;
Haimovici et al., 2013; Hansen et al., 2015). Interestingly, during the
spontaneous reconfigurations of functional networks, small-world
topology with low connectivity densities has been preserved (Liao
et al., 2015), and the global efficiency of the brain networks was found
to sporadically increase to reduce the metabolic demands (Zalesky
et al., 2014). These features reflect a dynamic balance between
information segregation and integration during rest.

Exploring the relationship between small-world structural and
functional architectures is crucially important for understanding the
brain mechanism underlying cognition and behaviour (Park and
Friston, 2013; Wang et al., 2015). At the connection level, numerous
studies have demonstrated that region pairs that possess direct white
matter structural connectivity often exhibit functional connectivity
(Greicius et al., 2009; Liao et al., 2015; van den Heuvel et al.,
2009a), and the functional connectivity strength is positively associated
with the structural connectivity strength (Hagmann et al., 2008; Honey
et al., 2009; Liao et al., 2015; van den Heuvel et al., 2009a). Largely

Fig. 4. Small-world human brain networks of healthy adults, including the structural
covariance network (top), the white matter structural network (middle) and the
functional network (bottom). Nodes are placed in order according to their anatomical
positions in the brain. In the top and bottom panels, red and blue connections denote
short-distance (Euclidean distance < 75 mm) and long-distance (Euclidean distance >
75 mm) connections, respectively.
Source: Top panel reproduced from He et al. (2007); middle panel reproduced from
Hagmann et al. (2008); bottom panel reproduced from Achard et al. (2006).
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consistent patterns have been identified between intrinsic task-free
functional connectivity and the across-individual structural covariance
in morphological measures (Hosseini and Kesler, 2013; Seeley et al.,
2009; Segall et al., 2012). At the network level, the functional and
structural networks of the brain share typical topological properties,
such as small-worldness, modular architecture and the presence of hubs
(Bullmore and Sporns, 2009, 2012; Wang et al., 2015). However,
despite the close relationship between the structural and functional
networks, their topological properties cannot be quantitatively inferred
from each other by a simple one-to-one correspondence. For example,
functional connectivity may exist between regional pairs without direct
structural connectivity (Honey et al., 2009; Liao et al., 2015), which
may be mediated by indirect structural pathways (Adachi et al., 2012;
Goni et al., 2014; Honey et al., 2009) or by collective characteristics of
whole-brain structural networks (e.g., common efferents) (Adachi et al.,
2012). Furthermore, the functional connections and their topological
organization dynamically change at a time scale of seconds to minutes
(Calhoun et al., 2014; Chang and Glover, 2010; Hutchison et al.,
2013a), which makes the inference of functional networks from
relatively fixed structural substrates more difficult. The intricate
relationship between structural and functional connectivity requires
further investigation.

3.2. Relationship with modular organization and brain hubs

In brain networks, the small-world structure is typically accompa-
nied by modular organization and the presence of hubs (Bullmore and
Sporns, 2012; He and Evans, 2010; Meunier et al., 2010; Sporns, 2013;
van den Heuvel and Sporns, 2013b). In modular brain networks, dense
connections within the same module facilitate local information
segregation, and sparse connections between modules ensure efficient
global information integration. Given a modular architecture, the
coexistence of hub regions facilitates information transmission across
modules in a collaborative manner.

The modular organization in human brain structural networks was
initially demonstrated by Chen et al. (2008) and was found to be
consistent with previous findings in the anatomical networks of
macaque and cat cortices (Bassett and Bullmore, 2006; Bassett and
Bullmore, 2016; Harriger et al., 2012; Hilgetag et al., 2000; Modha and
Singh, 2010). Six modules were identified in a structural covariance
network based on across-individual covariation in cortical thickness,
which largely overlapped with known functional systems, such as the
visual, sensorimotor and auditory systems (Chen et al., 2008). In human
brain white matter structural networks obtained from diffusion MRI,
topological modules tend to be anatomically localized, such as the four
unilateral modules (i.e., lateralized frontal and temporoparietal mod-
ules) and two bilateral modules observed by Hagmann et al. (2008).
The modular organization is also demonstrated in large-scale human
brain functional networks obtained from resting-state fMRI (Bertolero
et al., 2015; He et al., 2009; Meunier et al., 2010; Power et al., 2011;
Valencia et al., 2009) or slow EEG and MEG rhythms (Chavez et al.,
2010; Tagliazucchi et al., 2013). The functional modules typically
consist of anatomically connected or functionally related regions, and
they exhibit good spatial correspondence with functional modules
during task performance or prior task-defined systems, such as visual,
sensorimotor, default-mode, frontoparietal task control and attention
systems (Bertolero et al., 2015; Crossley et al., 2013; Power et al.,
2011). This modularized organization of the human brain ensures the
performance of a single module with less influence on other modules,
and it simultaneously enables the reuse and adaptability of the existing
brain function to meet the changing environments (Meunier et al.,
2010). In a recent study, Bertolero et al. (2015) discerned multiple
cognitive components across 77 cognitive tasks by performing an
author-topic hierarchical Bayesian model. They demonstrated that the
functional modules during rest may serve a discrete and autonomic
cognitive function, which is compatible with the workspace theory in

psychology (Fodor, 1983). In workspace theory, mental function is
speculated to be divided into sub-functions or function modules, and
consciousness-effortful tasks may recruit more sub-functions
(Kitzbichler et al., 2011). Furthermore, several studies have indicated
that human brain modules exhibit a hierarchical organization, namely,
nested modules at several topological levels (Bassett et al., 2008, 2010;
Ferrarini et al., 2009; Meunier et al., 2009b; Salvador et al., 2005). The
modular and hierarchical modular organization in the human brain not
only reduces the wiring costs but also allows high efficiency, adapt-
ability and flexibility as well as rich nonlinear brain dynamics (Hilgetag
and Hutt, 2014; Meunier et al., 2010; Moretti and Munoz, 2013).
However, the mechanism that underlies the divergent spatial layouts of
structural and functional modules requires further elucidation.

Numerous studies on human brain structural and functional net-
works have demonstrated that the node degree distribution of the
networks follows a heavy-tailed distribution, such as an exponentially
truncated power law (Achard et al., 2006; Bassett et al., 2008; Gong
et al., 2009; Hayasaka and Laurienti, 2010; He et al., 2007, 2009;
Hosseini and Kesler, 2013; Iturria-Medina et al., 2008; Valencia et al.,
2009; Wang et al., 2009a) or a power-law (Eguiluz et al., 2005; van den
Heuvel et al., 2008), indicating the existence of several highly
connected hub regions. In addition to degree centrality, several other
nodal centrality measures (e.g., betweenness, efficiency and eigenvec-
tor) have been used to identify brain hubs (Gong et al., 2009; Liang
et al., 2013; van den Heuvel and Sporns, 2013b; Zuo et al., 2012).
Although the spatial distributions of hubs vary across different cen-
trality measures, we can discern several convergent hubs across studies.
These highly connected or highly central hubs are primarily located at
the heteromodal or unimodal association cortex and are thought to be
critical to global information integration. The most-consistent hubs are
predominantly located in the posterior medial cortex (e.g., precuneus
and posterior cingulate cortex) and superior frontal cortex for structural
networks (Bassett et al., 2008; Gong et al., 2009; Hagmann et al., 2008;
He et al., 2007), and in default-mode areas (e.g., precuneus and medial
prefrontal cortex) for functional networks (Achard et al., 2006; Buckner
et al., 2009; Liang et al., 2013; Liao et al., 2013; Zuo et al., 2012). Both
structural and functional studies indicate that highly connected hubs
are often densely interconnected with one another and form a ‘core’
(Hagmann et al., 2008) or ‘rich-club’ architecture (Cao et al., 2014b;
van den Heuvel et al., 2012; van den Heuvel and Sporns, 2011; Zhao
et al., 2015). This architecture involves long-distance neural pathways
(van den Heuvel et al., 2012) and thus maintains effective information
integration across spatially distributed regions (Cao et al., 2014b; van
den Heuvel et al., 2012; van den Heuvel and Sporns, 2013a). Interest-
ingly, an increasing attention has been devoted to assessing the
functional roles of regions by estimating the spatial layout of their
connections among different modules, using the participation coeffi-
cient metric (Guimera et al., 2005; Hagmann et al., 2008; He et al.,
2009; Power et al., 2013). In functional networks, connector hubs with
a high participation coefficient are found to be adjacent to the
articulation points of multiple modules (Power et al., 2013) and
associated with multiple cognitive functions (Bertolero et al., 2015),
which reflects their potential roles in inter-module information coordi-
nation and integration.

3.3. Formation and degeneration of small-world organization

In terms of evolution, economic small-world organization with high
local clustering and a short path length is a ubiquitous feature for
neural systems across species, ranging from the microscopic C. elegans
connectome (Watts and Strogatz, 1998) to the mesoscopic mouse
connectome (Oh et al., 2014; Rubinov et al., 2015) to the macroscopic
brain networks of cats, macaques and humans (Bassett and Bullmore,
2016; Bullmore and Sporns, 2009; He and Evans, 2010). Furthermore,
the presence of structural modules and a rich club organization are
consistently observed in the neural network of C. elegans (Bassett et al.,
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2010; Towlson et al., 2013) and in drosophila (Shih et al., 2015), mouse
(Rubinov et al., 2015), cat (de Reus and van den Heuvel, 2013; Hilgetag
et al., 2000; Hilgetag and Kaiser, 2004), macaque (Harriger et al., 2012;
Hilgetag et al., 2000; Hilgetag and Kaiser, 2004) and human (Chen
et al., 2008; Hagmann et al., 2008; van den Heuvel and Sporns, 2011)
brain structural networks. The conservation of these topological proper-
ties across species suggests an evolutionarily preserved mechanism for
the anatomical network architecture of nervous systems (Bassett and
Bullmore, 2016; van den Heuvel et al., 2016). Using resting-state fMRI,
a recent study indicated the conservation of rich-club functional
organization and default mode-like networks across mouse, macaque
and human brains (Stafford et al., 2014), whereas in primates, highly
connected nodes are more strongly inter-connected, and the default-
mode network covers additional areas in the posterior cingulate cortex.
These unique and important variations between species are indicative
of the adaptive network organization for high-order cognition function.

The development and ageing of the human connectome during the
lifespan provide important models to ascertain the formation and
degeneration of small-world human brain networks and are also
instructive for understanding brain functions in healthy and diseased
states. Small-world organization is present as early as approximately 30
gestational weeks in preterm human brain structural and functional
networks (Cao et al., 2016a; van den Heuvel et al., 2015) and is
preserved across infancy, childhood, adolescence, adulthood and old
age (Bullmore and Sporns, 2009; Cao et al., 2016b; Collin and van den
Heuvel, 2013; Gao et al., 2016). Of note, the small-world organization
continuously adjusts and changes during development and ageing,
while structural and functional networks exhibit distinct trajectories.
Specifically, the structural networks undergo significant increases in
both local segregation and global integration during the third trimester
(van den Heuvel et al., 2015) and reach an adult-like small-world
modular organization at birth (Huang et al., 2015; van den Heuvel
et al., 2015; Yap et al., 2011). During postnatal development from
infancy to adulthood, the small-world organization of the structural
networks undergoes subtle refinements, with increases in local and
global efficiency (Hagmann et al., 2010; Huang et al., 2015; Zhao et al.,
2015). For functional networks, the small-world organization exhibits a
shift towards a more regular configuration with enhanced segregation
during prenatal development, and it exhibits a clearly different modular
and hub architecture at birth compared with adults (Cao et al., 2016a;
Fransson et al., 2011; Gao et al., 2011; van den Heuvel et al., 2015).
Functional networks after birth have also been demonstrated to exhibit
rapid increases in local segregation and global integration in the first
two years (Gao et al., 2011), and they are reorganized into a more
integrated architecture through a “local to distributed” transformation
from childhood to adulthood (Fair et al., 2009; Gu et al., 2015;
Satterthwaite et al., 2013). It is worthy to note that head motion may
affect the age-related changes in functional network segregation during
development in youth (Satterthwaite et al., 2013). During ageing, both
the structural and functional brain networks exhibit a shift towards a
more localized organization with decreased inter-modular (Cao et al.,
2014b; Meunier et al., 2009a; Wu et al., 2012; Zhao et al., 2015) and
long-distance (Andrews-Hanna et al., 2007; Cao et al., 2014a) connec-
tions. Existing studies demonstrate that the structural and functional
networks exhibit substantial overlap in the neonate's brain (van den
Heuvel et al., 2015), and their coupling is strengthened during
development (Hagmann et al., 2010). However, the intricate struc-
ture–function relationship during the lifespan and the associated
microstructure basis remain largely unknown.

3.4. Why brain networks are expected to be ‘small-world’

Given the prevalence of small-world modular brain organization
across species and their persistence across the human lifespan, it is
important to understand the mechanism underlying the formation of
small-world characteristics. The accumulated evidence suggests that

the formation of small-world organization, accompanied by a modular
structure and hubs, is the outcome of natural selection to satisfy the
balance between the low cost of neuronal resources and the high
efficiency of information transmission (Bassett and Bullmore, 2006;
Bullmore and Sporns, 2012; Chen et al., 2013; Meunier et al., 2010;
Samu et al., 2014).

The human brain is spatially embedded within the limited volume
of the skull. The long-distance connections connecting spatially distant
regions show higher wiring and metabolic costs in comparison with
those connecting anatomically adjacent regions (Bullmore and Sporns,
2012). Theoretical modelling studies suggest that the brain regions
preferentially connect with anatomically adjacent regions to reduce the
overall costs, and they simultaneously require the presence of a few
long-distance connections to reduce information transmission relay
(Bullmore and Sporns, 2012; Chen et al., 2013; Karbowski, 2001; Sik
et al., 1995; Vertes et al., 2012). Consistent with theoretical studies,
several empirical studies have confirmed that the connecting strength
or probability between two nodes in the human brain decreases with
interregional distance in both structural and functional networks, and
dominant short-distance connections coexist with a few long-distance
connections (Hagmann et al., 2007; He et al., 2007; Salvador et al.,
2005). Importantly, there are several brain hubs involving long-
distance connections, which substantially promotes global information
integration at the expense of high costs (Liao et al., 2013; Sepulcre
et al., 2010; van den Heuvel et al., 2012). The frequently reported
truncated power law degree distribution is a reasonable model for
spatially embedded brain networks; it allows the presence of brain
hubs, but prevents the appearance of very expensive hubs with an
extremely large number of connections.

Notably, in addition to the cost-efficiency balance, theoretical
models regarding the formation mechanisms of brain networks indicate
that, other factors (e.g., functional significances of the topology) should
also be taken into account to fully capture the brain network topology
(Chen et al., 2013; Kim and Kaiser, 2014; Vertes et al., 2012). From the
perspective of network dynamics, recent theoretical studies based on
empirical data have indicated that small-world brain structural net-
works support rich dynamical behaviours and adaptive functions, such
as rapid spreading and integration of information (Misic et al., 2015),
spontaneous transitions of functional connectivity patterns (Ghosh
et al., 2008; Hansen et al., 2015), and the presence of critical states
for fast responses to external demands (Deco and Jirsa, 2012; Deco
et al., 2013; Haimovici et al., 2013). These dynamic characteristics are
important for the realization of complex brain cognition and behaviour.
Additionally, the modular and hierarchical modular organization in the
human brain facilitates high adaptability and flexibility for cognitive
function and increased evolvability (Meunier et al., 2010; Sporns and
Betzel, 2016). Correspondingly, in recent empirical studies, the small-
world architecture has been shown to emerge in both structural and
functional networks of cultured neurons initiated from random config-
urations (de Santos-Sierra et al., 2014; Downes et al., 2012; Schroeter
et al., 2015; Teller et al., 2014), which further highlights the impor-
tance of small-world organization for the survival of neural systems.
These empirical and theoretical findings extend the previous under-
standing (Bassett and Bullmore, 2006; Meunier et al., 2010) and suggest
that future studies taking into account different functional significances
of the small-world organization may provide valuable insights into the
working mechanism of the brain.

4. Cognitive implications and physiological basis of small-world
brain networks

4.1. Cognitive implications

Our understanding of the brain mechanisms underlying cognition
and behaviour has substantially advanced, thanks to the combination of
non-invasive neuroimaging techniques and graph theoretical ap-
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proaches (Medaglia et al., 2015; Park and Friston, 2013; Pessoa, 2014;
Petersen and Sporns, 2015; Sporns, 2014). In addition to traditional
task-activation paradigms, the brain network framework enables the
investigation of the neurobiological mechanisms that underlie human
cognition and behaviour from the perspective of interregional coordi-
nation (Medaglia et al., 2015; Pessoa, 2014; Sporns, 2014). Since small-
world organization supports efficient information segregation and
integration, which are essential for human brain function, small-world
related metrics are supposed to be associated with individual cognitive
performance. Consider intelligence as an example. An early review that
summarized 37 structural and functional neuroimaging studies indi-
cated that individual intelligence involves spatially distributed regions
(Jung and Haier, 2007), suggesting the potential importance of inter-
regional interactions. In terms of network analysis, an increasing
number of studies regarding young adult brain networks indicate that
the small-world organization of both structural and intrinsic functional
networks contributes to individual intellectual performance (Langer
et al., 2012; Li et al., 2009; van den Heuvel et al., 2009b). Higher
intelligence quotient scores correspond to shorter characteristic path
lengths of the brain network, which indicates a positive contribution of
global efficiency to intellectual performance. In addition, the nodal
centrality of several brain regions (i.e., the parietal and frontal areas) is
found to be related to intellectual ability, which is largely consistent
with previous task-evoked regions (Jung and Haier, 2007). Recently, a
cross-sectional study has indicated that the non-verbal intelligence of
preadolescent children also exhibits a strong positive correlation with
the global efficiency of structural networks (Kim et al., 2016). These
findings extend the previous parieto-frontal integration theory (Jung
and Haier, 2007) and further demonstrate that human intellectual
performance involves the efficient integration of spatially distributed
regions. A better understanding of the relationship between small-
world brain architectures and intellectual performance may be instruc-
tive for the device design in artificial intelligence.

Recently, increasing attention has been devoted to the dynamic
changes of small-world functional networks during task performance.
During various cognitive tasks, functional connection patterns have
been demonstrated to modulate flexibly in order to meet cognitive
demands while maintaining the small-world modular organization
(Bassett et al., 2006, 2011; Braun et al., 2015; Fornito et al., 2012a;
Liang et al., 2016; Valencia et al., 2008). During the dynamic
reconfiguration, the frontal and parietal areas, which contain several
highly connected hub regions, are found to play important roles by
adjusting their brain-wide connectivities, especially those between
different modules (Braun et al., 2015; Cole et al., 2013). Consider the
working memory task as an example. The inter-module integration of
the brain network tended to increase with increasing cognitive loads
(Braun et al., 2015; Kitzbichler et al., 2011; Liang et al., 2016), and the
flexibility and integration of between frontal systems were correlated
with the working-memory performance (Braun et al., 2015). Interest-
ingly, recent functional MRI or EEG studies have found an increase in
the modularity (i.e., decrease in global integration) of functional
networks for non-rapid eye movement sleep, which exhibits a decreas-
ing level of consciousness compared with wakefulness (Boly et al.,
2012; Tagliazucchi et al., 2013). These findings across different
cognitive tasks or mental states suggest a potential positive correlation
between the cognitive load/consciousness level and the global integra-
tion capability of brain networks, which requires additional evidence in
the future.

4.2. Physiological basis of brain network organization

The brain exhibits high energy consumption. Although the adult
human brain represents approximately 2% of the body mass, it
consumes 20% of the body's total energy (Raichle, 2006). Nevertheless,
the relationship between the small-world brain network organization
and the metabolic demands needs to be further elucidated. Recent

studies suggest that functional modules/systems at rest exhibit distinct
metabolic features related to aerobic glycolysis (Vaishnavi et al., 2010)
and regional cerebral blood flow (Liang et al., 2013), which may be
modulated according to task demands (Liang et al., 2013). In addition,
brain hub regions exhibit high metabolic requirements, such as cerebral
blood flow (Hagmann et al., 2008; Liang et al., 2013; Varkuti et al.,
2011) and glucose metabolism (Liang et al., 2013; Tomasi et al., 2013).
The high metabolic requirements of brain hubs and the rich club
architecture may be trade-offs for efficiently integrating the brain
network as a whole (Collin et al., 2014; van den Heuvel et al., 2012).
Therefore, the dynamic small-world organization of brain networks
with time-varying modules and hubs may be related to the energy
expenditure in real time. Moreover, the topological properties (e.g.,
degree, clustering coefficient and shortest path length) of the macaque
connectome are related to its microscopic neuroarchitectonics
(Scholtens et al., 2014), indicating a microscopic biological substrate
for macroscopic topological organization. Recent studies suggest that
the small-world related network topologies in structural networks
(Duarte-Carvajalino et al., 2012), structural covariance networks
(Schmitt et al., 2008) and functional networks (Fornito et al., 2011;
Smit et al., 2008) are highly heritable. The gene co-expression signature
has also been demonstrated for functional modules in the human brain
(Richiardi et al., 2015) as well as the axonal connectivity (Richiardi
et al., 2015) and structural hubs (Fulcher and Fornito, 2016) in the
mouse connectome, which further suggests a genetic control over brain
structural and functional organization. In the future, the incorporation
of multiple-modal information, including metabolic measurements,
histological information and genetic signatures will further enhance
our understanding of the formation and development of small-world
human brain networks.

5. Disorganization of small-world brain networks in neurological
and psychiatric disorders

Strong evidence demonstrates that nearly all neurological and
psychiatric diseases exhibit not only focal abnormalities but also the
disconnection features (Bassett and Bullmore, 2009; Dai et al., 2015;
Filippi et al., 2013; Fornito and Bullmore, 2015; Fornito et al., 2012b,
2015; Gong and He, 2015; Reijneveld et al., 2007; Stam, 2014; Xia and
He, 2011). These disconnections typically involve widespread regions,
indicating an altered coordination among spatially distributed regions.
In particular, discerning changes of small-world attributes in human
brain networks provides novel insights into the physiological mechan-
isms of brain diseases. Altered small-world organization has been
demonstrated in several psychiatric and neurological diseases. For
example, convergent evidence in attention deficit hyperactivity dis-
order (ADHD) has demonstrated that the functional and structural brain
networks exhibit more-regular configurations with higher local cluster-
ing and/or decreased global efficiency, suggesting a delayed develop-
ment of brain structure and function (Fig. 5a) (Cao et al., 2013, 2014a,
2016b; Wang et al., 2009b). In schizophrenia, most studies suggest that
the functional brain networks exhibit a shift towards a randomized
architecture with reduced local segregation (Fig. 5b) (Alexander-Bloch
et al., 2010; Kambeitz et al., 2016; Skudlarski et al., 2010; van den
Heuvel and Fornito, 2014). In Alzheimer's disease, a chronic neurode-
generative disorder, most studies have found that functional and
structural networks tend to shift towards the regular configuration
with a decreased global efficiency in information transmission, despite
inconsistent findings observed across studies (Bai et al., 2012; Dai and
He, 2014; He et al., 2008; Liu et al., 2014; Lo et al., 2010; Stam et al.,
2007; Zhao et al., 2012). These distinct trends of small-worldness
alterations (i.e., tendency to be more regular or random) suggest
potentially different neurobiological substrates underlying neurological
and psychiatric diseases. Moreover, even with deviation in the same
direction, different diseases may exhibit distinct small-world features.
Consider schizophrenia and depression as examples. Although the
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functional networks of both diseases are found to exhibit a shift towards
randomization, the functional networks tend to exhibit a reduced local
segregation for schizophrenia (Kambeitz et al., 2016; van den Heuvel
and Fornito, 2014) and an increased global efficiency for depression
(Gong and He, 2015; Zhang et al., 2011). Thus, characterizing the brain
network alterations at both global and local levels can provide
comprehensive insights into the understanding of network dysfunc-
tional mechanisms in diseases. Alterations in small-world attributes,
particularly localized abnormal regions/connections, may serve as
potential biomarkers for early detection, diagnosis and treatment
evaluation (Filippi et al., 2013; Gong and He, 2015; Stam, 2014;
Worbe, 2015).

Notably, most of current studies mainly explored the small-world
network alterations in specific disorders using a single neuroimaging
modality of a small sample. With the fusion of multi-modal imaging
data, brain disorders can be systematically characterized in both
structural and/or functional network abnormality at global, system
and regional/connectional levels, thus greatly improving the under-
standing of brain–behaviour relationship. In addition, the increasing
availability of open-access dataset and the accumulating literature
provide a unique opportunity to quantify the disease-related changes
across large populations with higher statistical power. Intriguingly,
recent meta-analyses of grey matter lesions have highlighted that
although the impaired regions are disease dependent, the structural
hub regions are more likely to exhibit lesions across various neuropsy-
chiatric disorders (Crossley et al., 2014), and three lesion regions are
consistently identified across six psychiatric diseases (Goodkind et al.,

2015), which indicates shared neurobiological substrates across dis-
eases. The common alterations across diseases and disease-specific
alterations in small-world properties should be further investigated in
the future with the increasing availability of large-sample multi-modal
neuroimaging data of brain disorders.

6. Implications of small-world brain networks in engineering

The human brain is a complicated information processing system
that involves the input, encoding, storage, retrieval, processing and
output of a vast amount of information. The small-world modular
organization of the human brain facilitates high efficiency in informa-
tion transmission with low wiring and energy costs (Bassett and
Bullmore, 2006; Bullmore and Sporns, 2012; Watts and Strogatz,
1998). Like brain networks, many other systems that involve informa-
tion processing also follow a small-world organization with a hierarch-
ical modular topology. Examples include electrical power grids, the
Internet and very large-scale integrated circuits (Bassett et al., 2010;
Boccaletti et al., 2006; Lancichinetti et al., 2010; Meunier et al., 2010).
Bassett et al. (2010) demonstrated that the number of connections and
the number of nodes within a topological/spatial partition follow a
Rentian power law for human brain networks (Fig. 6, left and middle),
for the neural network of C. elegans, and for large-scale integrated
circuits (Fig. 6, right), despite the varying power exponents of different
systems. These well-established scaling relationships across systems
reflect the trade-off between maximizing the topological complexity
and minimizing the wiring costs. An exploration of the quantitative

Fig. 5. Small-world models for two brain diseases: ADHD (a) and schizophrenia (b). The brain networks in ADHD and schizophrenia exhibit a disrupted small-world organization in
comparison with healthy controls. For ADHD, convergent studies suggest that the structural and functional networks exhibit a shift towards regular configurations with decreased global
efficiency. For schizophrenia, the functional networks are found to shift towards random configurations with reduced local clustering. ADHD, attention deficit hyperactivity disorder.
Source: (a) Reproduced from Cao et al. (2014a). (b) Reproduced according to the finding of a meta-analysis (Kambeitz et al., 2016).

Fig. 6. Hierarchical architectures of the human brain structural covariance network (left), the white matter structural network (middle) and a very large-scale integrated circuit (right).
DSI, diffusion spectrum imaging; VLSI, very large-scale integrated.
Source: Reproduced from Bassett et al. (2010).
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similarities and differences in topological organization between the
brain networks and other systems may shed light on the unique working
mechanism of the human brain as well as promote the design of other
information processing systems, such as brain-like computing (Furber,
2016; Rueckert, 2016).

The small-world modular organization of the brain has recently
provided important implications in the field of engineering, such as the
design of digital devices and artificial intelligence systems (Eliasmith
et al., 2012; Machens, 2012; Merolla et al., 2014). Inspired by the sheet-
like architecture of the cortical cortex, IBM and co-operators built a
million spiking-neuron integrated functional digital chip (named ‘True-
North’) (Fig. 7), which comprises a network of 4096 neurosynaptic
cores linked by long-distance connections (Merolla et al., 2014). This
brain-like chip is efficient, scalable and flexible, and it operates with a
power density of 20 mW/cm2, which is significantly lower than that of
the traditional central processing unit (50–100 W/cm2). Another re-
presentative example is a recent 2.5-million-neuron computational
model of a functioning brain (called ‘Spaun’) that embeds empirical
constraints on the neurons and the synaptic responses in the model, and
mimics the communication between different cortical regions
(Eliasmith et al., 2012). This model is able to perform various
behavioural tasks in response to visual inputs and, in turn, may provide
novel insights into the neural mechanisms that underlie the basic
cognitive functions. However, despite great progress in brain-like
computing in the last few years, we should note that several issues
must be taken into account (Furber, 2016; Machens, 2012; Rueckert,
2016), such as the high energy requirement for the large-scale neural
simulation of Spaun. Many refinements are desired for brain-like
architectures to make them more comparable with the brain, such as
the plasticity of the structural connectivity, the adaptability and
flexibility of brain functions and the low energy expenditure in
comparison with computer devices.

7. Challenges and future perspectives

In this article, we have discussed recent advances regarding small-
world human brain networks and their formation, degeneration and
alterations, as well as their potential implications and applications.
Current studies have made important progress in understanding the

working mechanism of small-world human brain networks and the
neurobiological basis that underlies brain disorders; however, several
major issues deserve further attention and investigation.

One of these is how to characterize the small-world organization of
the human connectome at a higher spatial resolution. Until now, most
studies have investigated the topological organization of human brain
networks at a macroscopic level (Bullmore and Sporns, 2009, 2012;
Bullmore and Bassett, 2011; Craddock et al., 2013; He and Evans, 2010;
Park and Friston, 2013; Reijneveld et al., 2007; Stam, 2014). It is
valuable to develop novel techniques to non-invasively map the human
brain structure and functional connectivity at a finer spatial scale (e.g.,
neural circuit or cortical column at the mesoscopic level) in an effort to
comprehensively understand the working mechanism of the human
brain. We should note that once the human connectome is available at
the mesoscopic level, the storage, management and processing of huge
amounts of information embedded in the networks will pose great
challenges to computing platforms.

Secondly, the accumulated evidence suggests that the functional
brain networks undergo spontaneous reconfigurations at a temporal
scale of seconds to minutes, even during rest (Calhoun et al., 2014;
Chang and Glover, 2010; Hutchison et al., 2013a). The small-world
organization, the modular structure and the hub regions temporally
fluctuate over time, which reflects a dynamic balance between infor-
mation segregation and integration (Allen et al., 2014; Betzel et al.,
2016; Jones et al., 2012; Liao et al., 2015). Several recent studies have
demonstrated that brain network dynamics are associated with the
white matter structural connectivity (Liao et al., 2015; Shen et al.,
2015; Zhang et al., 2016), neurophysiological (e.g., EEG) associates
(Chang et al., 2013a; Tagliazucchi et al., 2012; Zhang et al., 2016) and
some putative molecular mechanisms, including N-methyl-D-aspartate
receptor (Braun et al., 2016), norepinephrine (Safaai et al., 2015) and
glucose metabolism (Liang et al., 2013; Tomasi et al., 2013). However,
the neurophysiological and biochemical mechanisms underlying these
dynamic changes and their relationship with cognitive function require
further research.

Thirdly, previous studies highlight that the topological properties
between the structural and functional networks cannot be derived from
each other through a simple one-to-one correspondence (Park and
Friston, 2013; Wang et al., 2015). In particular, the aberrations of

Fig. 7. Architecture of a brain-inspired chip called ‘TrueNorth’. Left panels show the canonical cortical circuit in the two-dimensional sheet-like cortical cortex of a macaque brain. Middle
panels display the structures of a neurosynaptic core and a chip comprising multiple cores. Right panels show the physical layouts of a neurosynaptic core and a chip comprising 4096
cores.
Source: Reproduced from Merolla et al. (2014).
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small-world organization in brain diseases may exhibit opposite trends
between structural and functional networks, such as randomization for
functioning and regularization for structure in schizophrenia (van den
Heuvel and Fornito, 2014). The intricate structure-function relationship
in the topological organization should be further explored. We should
note that computational modelling may provide mechanistic insights
via the simulation of brain activities according to the known empirical
data (Deco et al., 2013; Gonzalez-Castillo and Bandettini, 2015; Honey
et al., 2009), such as large-scale neuronal modelling of brain function
(Markram et al., 2015).

Fourthly, individual differences in the small-world organization of
the human connectome require further investigation (Kelly et al.,
2012). Individual cognition and behaviour vary dramatically across
individuals, perhaps due to individual differences in brain structure and
function, such as the regional cytoarchitecture (Eickhoff et al., 2005),
cortical morphology (Hill et al., 2010) and task-evoked activations
(Frost and Goebel, 2012), as well as intrinsic functional connectivity
profiles (Finn et al., 2015; Gao et al., 2014; Liu et al., 2016; Mueller
et al., 2013). Considering the importance of small-world organization
for brain functioning, future studies could be conducted to ascertain
how small-world brain networks vary across individuals, their potential
cognitive implications and whether they may serve as brain fingerprints
for individual identification.

Fifthly, the emergent trend of worldwide neuroimaging data sharing
is greatly advancing the development of the human connectome
(Eickhoff et al., 2016; Laird et al., 2011; Poldrack and Gorgolewski,
2014; Poldrack and Poline, 2015; Poline et al., 2012; Van Essen et al.,
2012). More than 40 repositories and datasets have already been
initiated to share large neuroimaging data of the healthy populations
and those with brain disorders. Examples are the 1000 Functional
Connectomes Project (http://fcon_1000.projects.nitrc.org/fcpClassic/
FcpTable.html) and the ADHD-200 Sample (http://fcon_1000.projects.
nitrc.org/indi/adhd200) included in the NITRC image repository
(Kennedy et al., 2016) as well as the Human Connectome Project
(Van Essen et al., 2012). Large aggregated datasets or meta-analyses
across studies can lead to robust and convincing conclusions regarding
the small-world organization of the human brain, thereby resulting in
meaningful knowledge of brain structural and functional architectures,
their inter-subject variability as well as of the neurobiological sub-
strates underlying neuropsychiatric diseases.

Finally, the developments of human connectome and computer
science are closely linked and may reinforce each other. Huge amounts
of information will be involved in the further developments of small-
world human connectome mentioned above, the handling of which
raises high requirements to hardware and software platforms in
computer science, such as graphic processing units for image construc-
tion in real time (Ugurbil et al., 2013) and for fast mapping of human
connectome (Boubela et al., 2016; Hernandez et al., 2013; Wang et al.,
2013). In turn, unveil how brain function emerges on the hierarchical
modular structure can promote the design of more-economic and more-
efficient chips, integrated circuits, artificial intelligence systems and
other computer devices.

Author contributions

X. L. and Y. H. designed research and wrote the manuscript; A. V. V.
revised the manuscript.

Acknowledgments

We would like to thank Dr. Miao Cao and Dr. Yuhan Chen for
valuable discussions. This work was supported by the National Natural
Science Foundation of China[grant numbers 81620108016, 91432115,
31521063 and 11205041], the China Postdoctoral Science Foundation
[grant 2016T90056], Beijing Municipal Science & Technology
Commission [grants numbers Z161100000216152 and

Z151100003915082], Changjiang Scholar Professorship Award
(Award No T2015027), and the Open Research Fund of the State Key
Laboratory of Cognitive Neuroscience and Learning [grant number
CNLYB1307].

References

Achard, S., Salvador, R., Whitcher, B., Suckling, J., Bullmore, E., 2006. A resilient, low-
frequency, small-world human brain functional network with highly connected
association cortical hubs. J. Neurosci. 26, 63–72.

Adachi, Y., Osada, T., Sporns, O., Watanabe, T., Matsui, T., Miyamoto, K., Miyashita, Y.,
2012. Functional connectivity between anatomically unconnected areas is shaped by
collective network-level effects in the macaque cortex. Cereb. Cortex 22, 1586–1592.

Alexander-Bloch, A., Giedd, J.N., Bullmore, E., 2013. Imaging structural co-variance
between human brain regions. Nat. Rev. Neurosci. 14, 322–336.

Alexander-Bloch, A.F., Gogtay, N., Meunier, D., Birn, R., Clasen, L., Lalonde, F., Lenroot,
R., Giedd, J., Bullmore, E.T., 2010. Disrupted modularity and local connectivity of
brain functional networks in childhood-onset schizophrenia. Front. Syst. Neurosci. 4,
147.

Allen, E.A., Damaraju, E., Plis, S.M., Erhardt, E.B., Eichele, T., Calhoun, V.D., 2014.
Tracking whole-brain connectivity dynamics in the resting state. Cereb. Cortex 24,
663–676.

Andrews-Hanna, J.R., Snyder, A.Z., Vincent, J.L., Lustig, C., Head, D., Raichle, M.E.,
Buckner, R.L., 2007. Disruption of large-scale brain systems in advanced aging.
Neuron 56, 924.

Azevedo, F.A., Carvalho, L.R., Grinberg, L.T., Farfel, J.M., Ferretti, R.E., Leite, R.E., Jacob
Filho, W., Lent, R., Herculano-Houzel, S., 2009. Equal numbers of neuronal and
nonneuronal cells make the human brain an isometrically scaled-up primate brain. J.
Comp. Neurol. 513, 532–541.

Bai, F., Shu, N., Yuan, Y., Shi, Y., Yu, H., Wu, D., Wang, J., Xia, M., He, Y., Zhang, Z.,
2012. Topologically convergent and divergent structural connectivity patterns
between patients with remitted geriatric depression and amnestic mild cognitive
impairment. J. Neurosci. 32, 4307–4318.

Barabási, A.-L., 2011. The network takeover. Nat. Phys. 8, 14.
Barabasi, A.L., Albert, R., 1999. Emergence of scaling in random networks. . Science (New

York, N.Y.) 286, 509–512.
Bassett, D.S., Bullmore, E., 2006. Small-world brain networks. Neuroscientist 12,

512–523.
Bassett, D.S., Bullmore, E., Verchinski, B.A., Mattay, V.S., Weinberger, D.R., Meyer-

Lindenberg, A., 2008. Hierarchical organization of human cortical networks in health
and schizophrenia. J. Neurosci. 28, 9239–9248.

Bassett, D.S., Bullmore, E.T., 2009. Human brain networks in health and disease. Curr.
Opin. Neurol. 22, 340–347.

Bassett, D.S., Bullmore, E.T., 2016. Small-world brain networks revisited. . Neuroscientist
pii: 1073858416667720.

Bassett, D.S., Greenfield, D.L., Meyer-Lindenberg, A., Weinberger, D.R., Moore, S.W.,
Bullmore, E.T., 2010. Efficient physical embedding of topologically complex
information processing networks in brains and computer circuits. PLoS Comput. Biol.
6, e1000748.

Bassett, D.S., Meyer-Lindenberg, A., Achard, S., Duke, T., Bullmore, E., 2006. Adaptive
reconfiguration of fractal small-world human brain functional networks. Proc. Natl.
Acad. Sci. U. S. A. 103, 19518–19523.

Bassett, D.S., Wymbs, N.F., Porter, M.A., Mucha, P.J., Carlson, J.M., Grafton, S.T., 2011.
Dynamic reconfiguration of human brain networks during learning. Proc. Natl. Acad.
Sci. U. S. A. 108, 7641–7646.

Behrens, T.E., Woolrich, M.W., Jenkinson, M., Johansen-Berg, H., Nunes, R.G., Clare, S.,
Matthews, P.M., Brady, J.M., Smith, S.M., 2003. Characterization and propagation of
uncertainty in diffusion-weighted MR imaging. Magn. Reson. Med. 50, 1077–1088.

Bertolero, M.A., Yeo, B.T., D’Esposito, M., 2015. The modular and integrative functional
architecture of the human brain. Proc. Natl. Acad. Sci. U. S. A. 112, E6798–E6807.

Betzel, R.F., Fukushima, M., He, Y., Zuo, X.N., Sporns, O., 2016. Dynamic fluctuations
coincide with periods of high and low modularity in resting-state functional brain
networks. NeuroImage 127, 287–297.

Biswal, B., Yetkin, F.Z., Haughton, V.M., Hyde, J.S., 1995. Functional connectivity in the
motor cortex of resting human brain using echo-planar MRI. Magn. Reson. Med. 34,
537–541.

Boccaletti, S., Latora, V., Moreno, Y., Chavez, M., Hwang, D.-U., 2006. Complex networks:
structure and dynamics. Phys. Rep. 424, 175–308.

Bolanos, M., Bernat, E.M., He, B., Aviyente, S., 2013. A weighted small world network
measure for assessing functional connectivity. J. Neurosci. Methods 212, 133–142.

Boly, M., Perlbarg, V., Marrelec, G., Schabus, M., Laureys, S., Doyon, J., Pelegrini-Issac,
M., Maquet, P., Benali, H., 2012. Hierarchical clustering of brain activity during
human nonrapid eye movement sleep. Proc. Natl. Acad. Sci. U. S. A. 109, 5856–5861.

Boubela, R.N., Kalcher, K., Huf, W., Nasel, C., Moser, E., 2016. Big data approaches for the
analysis of large-scale fMRI data using apache spark and GPU processing: a
demonstration on resting-state fMRI data from the human connectome project. Front.
Neurosci. 9, 492.

Braun, U., Schäfer, A., Bassett, D.S., Rausch, F., Schweiger, J.I., Bilek, E., Erk, S.,
Romanczuk-Seiferth, N., Grimm, O., Geiger, L.S., Haddad, L., Otto, K., Mohnke, S.,
Heinz, A., Zink, M., Walter, H., Schwarz, E., Meyer-Lindenberg, A., Tost, H., 2016.
Dynamic brain network reconfiguration as a potential schizophrenia genetic risk
mechanism modulated by NMDA receptor function. Proc. Natl. Acad. Sci. U. S. A.
113, 12568–12573.

Braun, U., Schafer, A., Walter, H., Erk, S., Romanczuk-Seiferth, N., Haddad, L., Schweiger,

X. Liao et al. Neuroscience and Biobehavioral Reviews 77 (2017) 286–300

296

http://fcon_1000.projects.nitrc.org/fcpClassic/FcpTable.html
http://fcon_1000.projects.nitrc.org/fcpClassic/FcpTable.html
http://fcon_1000.projects.nitrc.org/indi/adhd200
http://fcon_1000.projects.nitrc.org/indi/adhd200
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0005
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0005
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0005
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0010
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0010
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0010
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0015
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0015
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0020
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0020
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0020
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0020
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0025
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0025
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0025
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0030
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0030
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0030
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0035
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0035
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0035
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0035
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0040
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0040
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0040
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0040
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0045
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0050
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0050
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0055
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0055
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0060
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0060
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0060
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0065
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0065
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0070
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0070
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0075
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0075
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0075
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0075
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0080
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0080
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0080
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0085
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0085
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0085
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0090
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0090
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0090
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0095
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0095
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0100
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0100
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0100
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0105
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0105
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0105
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0110
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0110
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0115
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0115
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0120
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0120
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0120
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0125
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0125
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0125
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0125
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0130
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0130
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0130
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0130
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0130
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0130
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0135


J.I., Grimm, O., Heinz, A., Tost, H., Meyer-Lindenberg, A., Bassett, D.S., 2015.
Dynamic reconfiguration of frontal brain networks during executive cognition in
humans. Proc. Natl. Acad. Sci. U. S. A. 112, 11678–11683.

Buckner, R.L., Sepulcre, J., Talukdar, T., Krienen, F.M., Liu, H., Hedden, T., Andrews-
Hanna, J.R., Sperling, R.A., Johnson, K.A., 2009. Cortical hubs revealed by intrinsic
functional connectivity: mapping, assessment of stability, and relation to Alzheimer's
disease. J. Neurosci. 29, 1860–1873.

Bullmore, E., Sporns, O., 2009. Complex brain networks: graph theoretical analysis of
structural and functional systems. Nat. Rev. Neurosci. 10, 186–198.

Bullmore, E., Sporns, O., 2012. The economy of brain network organization. Nat. Rev.
Neurosci. 13, 336–349.

Bullmore, E.T., Bassett, D.S., 2011. Brain graphs: graphical models of the human brain
connectome. Annu. Rev. Clin. Psychol. 7, 113–140.

Calhoun, V.D., Miller, R., Pearlson, G., Adali, T., 2014. The chronnectome: time-varying
connectivity networks as the next frontier in fMRI data discovery. Neuron 84,
262–274.

Cao, M., He, Y., Dai, Z., Liao, X., Jeon, T., Ouyang, M., Chalak, L., Bi, Y., Rollins, N., Dong,
Q., Huang, H., 2016a. Early development of functional network segregation revealed
by connectomic analysis of the preterm human brain. Cereb. Cortex (New York, N.Y.:
1991). http://dx.doi.org/10.1093/cercor/bhw038.

Cao, M., Huang, H., Peng, Y., Dong, Q., He, Y., 2016b. Toward developmental
connectomics of the human brain. Front. Neuroanat. 10, 25.

Cao, M., Shu, N., Cao, Q., Wang, Y., He, Y., 2014a. Imaging functional and structural
brain connectomics in attention-deficit/hyperactivity disorder. Mol. Neurobiol. 50,
1111–1123.

Cao, M., Wang, J.H., Dai, Z.J., Cao, X.Y., Jiang, L.L., Fan, F.M., Song, X.W., Xia, M.R., Shu,
N., Dong, Q., Milham, M.P., Castellanos, F.X., Zuo, X.N., He, Y., 2014b. Topological
organization of the human brain functional connectome across the lifespan. Dev.
Cogn. Neurosci. 7, 76–93.

Cao, Q., Shu, N., An, L., Wang, P., Sun, L., Xia, M.R., Wang, J.H., Gong, G.L., Zang, Y.F.,
Wang, Y.F., He, Y., 2013. Probabilistic diffusion tractography and graph theory
analysis reveal abnormal white matter structural connectivity networks in drug-naive
boys with attention deficit/hyperactivity disorder. J. Neurosci. 33, 10676–10687.

Chang, C., Glover, G.H., 2010. Time-frequency dynamics of resting-state brain
connectivity measured with fMRI. NeuroImage 50, 81–98.

Chang, C., Liu, Z.M., Chen, M.C., Liu, X., Duyn, J.H., 2013a. EEG correlates of time-
varying BOLD functional connectivity. NeuroImage 72, 227–236.

Chang, C., Metzger, C.D., Glover, G.H., Duyn, J.H., Heinze, H.-J., Walter, M., 2013b.
Association between heart rate variability and fluctuations in resting-state functional
connectivity. NeuroImage 68, 93–104.

Chavez, M., Valencia, M., Navarro, V., Latora, V., Martinerie, J., 2010. Functional
modularity of background activities in normal and epileptic brain networks. Phys.
Rev. Lett. 104, 118701.

Chen, Y., Wang, S., Hilgetag, C.C., Zhou, C., 2013. Trade-off between multiple constraints
enables simultaneous formation of modules and hubs in neural systems. PLoS
Comput. Biol. 9, e1002937.

Chen, Z.J., He, Y., Rosa-Neto, P., Germann, J., Evans, A.C., 2008. Revealing modular
architecture of human brain structural networks by using cortical thickness from
MRI. Cereb. Cortex (New York, N.Y.: 1991) 18, 2374–2381.

Cohen, A.L., Fair, D.A., Dosenbach, N.U., Miezin, F.M., Dierker, D., Van Essen, D.C.,
Schlaggar, B.L., Petersen, S.E., 2008. Defining functional areas in individual human
brains using resting functional connectivity MRI. NeuroImage 41, 45–57.

Cole, M.W., Reynolds, J.R., Power, J.D., Repovs, G., Anticevic, A., Braver, T.S., 2013.
Multi-task connectivity reveals flexible hubs for adaptive task control. Nat. Neurosci.
16, 1348–1355.

Collin, G., Sporns, O., Mandl, R.C., van den Heuvel, M.P., 2014. Structural and functional
aspects relating to cost and benefit of rich club organization in the human cerebral
cortex. Cereb. Cortex (New York, N.Y.: 1991) 24, 2258–2267.

Collin, G., van den Heuvel, M.P., 2013. The ontogeny of the human connectome:
development and dynamic changes of brain connectivity across the life span.
Neuroscientist 19, 616–628.

Craddock, R.C., James, G.A., Holtzheimer III, P.E., Hu, X.P., Mayberg, H.S., 2012. A
whole brain fMRI atlas generated via spatially constrained spectral clustering. Hum.
Brain Mapp. 33, 1914–1928.

Craddock, R.C., Jbabdi, S., Yan, C.G., Vogelstein, J.T., Castellanos, F.X., Di Martino, A.,
Kelly, C., Heberlein, K., Colcombe, S., Milham, M.P., 2013. Imaging human
connectomes at the macroscale. Nat. Methods 10, 524–539.

Crossley, N.A., Mechelli, A., Scott, J., Carletti, F., Fox, P.T., McGuire, P., Bullmore, E.T.,
2014. The hubs of the human connectome are generally implicated in the anatomy of
brain disorders. Brain J. Neurol. 137, 2382–2395.

Crossley, N.A., Mechelli, A., Vertes, P.E., Winton-Brown, T.T., Patel, A.X., Ginestet, C.E.,
McGuire, P., Bullmore, E.T., 2013. Cognitive relevance of the community structure of
the human brain functional coactivation network. Proc. Natl. Acad. Sci. U. S. A. 110,
11583–11588.

Dai, Z.-J., He, Y., 2014. Disrupted structural and functional brain connectomes in mild
cognitive impairment and Alzheimer's disease. Neurosci. Bull. 30, 217–232.

Dai, Z., Yan, C., Li, K., Wang, Z., Wang, J., Cao, M., Lin, Q., Shu, N., Xia, M., Bi, Y., He, Y.,
2015. Identifying and mapping connectivity patterns of brain network hubs in
Alzheimer's disease. Cereb. Cortex (New York, N.Y.: 1991) 25, 3723–3742.

de Reus, M.A., van den Heuvel, M.P., 2013. Rich club organization and intermodule
communication in the cat connectome. J. Neurosci. 33, 12929–12939.

de Santos-Sierra, D., Sendina-Nadal, I., Leyva, I., Almendral, J.A., Anava, S., Ayali, A.,
Papo, D., Boccaletti, S., 2014. Emergence of small-world anatomical networks in self-
organizing clustered neuronal cultures. PLoS ONE 9, e85828.

Deco, G., Jirsa, V.K., 2012. Ongoing cortical activity at rest: criticality, multistability, and
ghost attractors. J. Neurosci. 32, 3366–3375.

Deco, G., Jirsa, V.K., McIntosh, A.R., 2011. Emerging concepts for the dynamical
organization of resting-state activity in the brain. Nat. Rev. Neurosci. 12, 43–56.

Deco, G., Jirsa, V.K., McIntosh, A.R., 2013. Resting brains never rest: computational
insights into potential cognitive architectures. Trends Neurosci. 36, 268–274.

Dosenbach, N.U., Nardos, B., Cohen, A.L., Fair, D.A., Power, J.D., Church, J.A., Nelson,
S.M., Wig, G.S., Vogel, A.C., Lessov-Schlaggar, C.N., Barnes, K.A., Dubis, J.W.,
Feczko, E., Coalson, R.S., Pruett Jr., J.R., Barch, D.M., Petersen, S.E., Schlaggar, B.L.,
2010. Prediction of individual brain maturity using fMRI. . Science (New York, N.Y.)
329, 1358–1361.

Downes, J.H., Hammond, M.W., Xydas, D., Spencer, M.C., Becerra, V.M., Warwick, K.,
Whalley, B.J., Nasuto, S.J., 2012. Emergence of a small-world functional network in
cultured neurons. PLoS Comput. Biol. 8, e1002522.

Duarte-Carvajalino, J.M., Jahanshad, N., Lenglet, C., McMahon, K.L., de Zubicaray, G.I.,
Martin, N.G., Wright, M.J., Thompson, P.M., Sapiro, G., 2012. Hierarchical
topological network analysis of anatomical human brain connectivity and differences
related to sex and kinship. NeuroImage 59, 3784–3804.

Eguiluz, V.M., Chialvo, D.R., Cecchi, G.A., Baliki, M., Apkarian, A.V., 2005. Scale-free
brain functional networks. Phys. Rev. Lett. 94, 018102.

Eickhoff, S.B., Stephan, K.E., Mohlberg, H., Grefkes, C., Fink, G.R., Amunts, K., Zilles, K.,
2005. A new SPM toolbox for combining probabilistic cytoarchitectonic maps and
functional imaging data. NeuroImage 25, 1325–1335.

Eickhoff, S.B., Turner, J.A., Nichols, T.E., Van Horn, J.D., 2016. Sharing the wealth:
neuroimaging data repositories. NeuroImage 124, 1065–1068.

Eliasmith, C., Stewart, T.C., Choo, X., Bekolay, T., DeWolf, T., Tang, Y., Rasmussen, D.,
2012. A large-scale model of the functioning brain. . Science (New York, N.Y.) 338,
1202–1205.

Euler, L., 1736. Solutio problematis ad geometriam situs pertinentis. Commentarii
Academiae Scientiarum Imperialis Petropolitanae 8.

Evans, A.C., 2013. Networks of anatomical covariance. NeuroImage 80, 489–504.
Fair, D.A., Cohen, A.L., Power, J.D., Dosenbach, N.U., Church, J.A., Miezin, F.M.,

Schlaggar, B.L., Petersen, S.E., 2009. Functional brain networks develop from a “local
to distributed” organization. PLoS Comput. Biol. 5, e1000381.

Fan, L., Li, H., Zhuo, J., Zhang, Y., Wang, J., Chen, L., Yang, Z., Chu, C., Xie, S., Laird,
A.R., Fox, P.T., Eickhoff, S.B., Yu, C., Jiang, T., 2016. The Human Brainnetome Atlas:
a new brain atlas based on connectional architecture. Cereb. Cortex 26, 3508–3526.

Ferrarini, L., Veer, I.M., Baerends, E., van Tol, M.J., Renken, R.J., van der Wee, N.J.,
Veltman, D.J., Aleman, A., Zitman, F.G., Penninx, B.W., van Buchem, M.A., Reiber,
J.H., Rombouts, S.A., Milles, J., 2009. Hierarchical functional modularity in the
resting-state human brain. Hum. Brain Mapp. 30, 2220–2231.

Filippi, M., van den Heuvel, M.P., Fornito, A., He, Y., Pol, H.E.H., Agosta, F., Comi, G.,
Rocca, M.A., 2013. Assessment of system dysfunction in the brain through MRI-based
connectomics. Lancet Neurol. 12, 1189–1199.

Finn, E.S., Shen, X., Scheinost, D., Rosenberg, M.D., Huang, J., Chun, M.M., Papademetris,
X., Constable, R.T., 2015. Functional connectome fingerprinting: identifying
individuals using patterns of brain connectivity. Nat. Neurosci. 18, 1664–1671.

Fodor, J.A., 1983. The Modularity of Mind: An Essay on Faculty Psychology. MIT Press,
Cambridge, MA.

Fornito, A., Bullmore, E.T., 2015. Connectomics: a new paradigm for understanding brain
disease. Eur. Neuropsychopharm. 25, 733–748.

Fornito, A., Harrison, B.J., Zalesky, A., Simons, J.S., 2012a. Competitive and cooperative
dynamics of large-scale brain functional networks supporting recollection. Proc. Natl.
Acad. Sci. U. S. A. 109, 12788–12793.

Fornito, A., Zalesky, A., Bassett, D.S., Meunier, D., Ellison-Wright, I., Yucel, M., Wood,
S.J., Shaw, K., O’Connor, J., Nertney, D., Mowry, B.J., Pantelis, C., Bullmore, E.T.,
2011. Genetic influences on cost-efficient organization of human cortical functional
networks. J. Neurosci. 31, 3261–3270.

Fornito, A., Zalesky, A., Breakspear, M., 2013. Graph analysis of the human connectome:
promise, progress, and pitfalls. NeuroImage 80, 426–444.

Fornito, A., Zalesky, A., Breakspear, M., 2015. The connectomics of brain disorders. Nat.
Rev. Neurosci. 16, 159–172.

Fornito, A., Zalesky, A., Pantelis, C., Bullmore, E.T., 2012b. Schizophrenia, neuroimaging
and connectomics. NeuroImage 62, 2296–2314.

Fortunato, S., 2010. Community detection in graphs. Phys. Rep. 486, 75–174.
Fox, M.D., Raichle, M.E., 2007. Spontaneous fluctuations in brain activity observed with

functional magnetic resonance imaging. Nat. Rev. Neurosci. 8, 700–711.
Fransson, P., Aden, U., Blennow, M., Lagercrantz, H., 2011. The functional architecture of

the infant brain as revealed by resting-state fMRI. Cereb. Cortex (New York, N.Y.:
1991) 21, 145–154.

Friston, K.J., 1994. Functional and effective connectivity in neuroimaging: a synthesis.
Hum. Brain Mapp. 2, 56–78.

Frost, M.A., Goebel, R., 2012. Measuring structural–functional correspondence: spatial
variability of specialised brain regions after macro-anatomical alignment.
NeuroImage 59, 1369–1381.

Fulcher, B.D., Fornito, A., 2016. A transcriptional signature of hub connectivity in the
mouse connectome. Proc. Natl. Acad. Sci. U. S. A. 113, 1435–1440.

Furber, S.B., 2016. Brain-inspired computing. IET Comput. Digit. Tech. 1–7. http://dx.
doi.org/10.1049/iet-cdt.2015.0171.

Gao, W., Elton, A., Zhu, H., Alcauter, S., Smith, J.K., Gilmore, J.H., Lin, W., 2014.
Intersubject variability of and genetic effects on the brain's functional connectivity
during infancy. J. Neurosci. 34, 11288–11296.

Gao, W., Gilmore, J.H., Giovanello, K.S., Smith, J.K., Shen, D., Zhu, H., Lin, W., 2011.
Temporal and spatial evolution of brain network topology during the first two years
of life. PLoS ONE 6, e25278.

Gao, W., Lin, W., Grewen, K., Gilmore, J.H., 2017. Functional connectivity of the infant
human brain: plastic and modifiable. Neuroscientist 23, 169–184.

Ghosh, A., Rho, Y., McIntosh, A.R., Kotter, R., Jirsa, V.K., 2008. Noise during rest enables

X. Liao et al. Neuroscience and Biobehavioral Reviews 77 (2017) 286–300

297

http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0135
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0135
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0135
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0140
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0140
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0140
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0140
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0145
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0145
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0150
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0150
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0155
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0155
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0160
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0160
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0160
http://dx.doi.org/10.1093/cercor/bhw038
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0170
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0170
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0175
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0175
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0175
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0180
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0180
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0180
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0180
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0185
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0185
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0185
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0185
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0190
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0190
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0195
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0195
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0200
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0200
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0200
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0205
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0205
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0205
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0210
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0210
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0210
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0215
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0215
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0215
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0220
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0220
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0220
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0225
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0225
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0225
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0230
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0230
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0230
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0235
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0235
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0235
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0240
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0240
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0240
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0245
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0245
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0245
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0250
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0250
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0250
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0255
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0255
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0255
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0255
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0260
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0260
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0265
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0265
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0265
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0270
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0270
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0275
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0275
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0275
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0280
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0280
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0285
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0285
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0290
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0290
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0295
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0295
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0295
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0295
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0295
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0300
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0300
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0300
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0305
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0305
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0305
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0305
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0310
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0310
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0315
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0315
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0315
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0320
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0320
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0325
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0325
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0325
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0330
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0330
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0335
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0340
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0340
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0340
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0345
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0345
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0345
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0350
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0350
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0350
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0350
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0355
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0355
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0355
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0360
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0360
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0360
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0365
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0365
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0370
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0370
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0375
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0375
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0375
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0380
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0380
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0380
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0380
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0385
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0385
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0390
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0390
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0395
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0395
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0400
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0405
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0405
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0410
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0410
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0410
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0415
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0415
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0420
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0420
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0420
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0425
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0425
http://dx.doi.org/10.1049/iet-cdt.2015.0171
http://dx.doi.org/10.1049/iet-cdt.2015.0171
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0435
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0435
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0435
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0440
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0440
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0440
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0445
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0445
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0450


the exploration of the brain's dynamic repertoire. PLoS Comput. Biol. 4, e1000196.
Glasser, M.F., Coalson, T.S., Robinson, E.C., Hacker, C.D., Harwell, J., Yacoub, E.,

Ugurbil, K., Andersson, J., Beckmann, C.F., Jenkinson, M., Smith, S.M., Van Essen,
D.C., 2016. A multi-modal parcellation of human cerebral cortex. Nature 536,
171–178.

Gong, G., He, Y., Concha, L., Lebel, C., Gross, D.W., Evans, A.C., Beaulieu, C., 2009.
Mapping anatomical connectivity patterns of human cerebral cortex using in vivo
diffusion tensor imaging tractography. Cereb. Cortex (New York, N.Y.: 1991) 19,
524–536.

Gong, Q., He, Y., 2015. Depression, neuroimaging and connectomics: a selective
overview. Biol. Psychiatry 77, 223–235.

Goni, J., van den Heuvel, M.P., Avena-Koenigsberger, A., de Mendizabal, N.V., Betzel,
R.F., Griffa, A., Hagmann, P., Corominas-Murtra, B., Thiran, J.P., Sporns, O., 2014.
Resting-brain functional connectivity predicted by analytic measures of network
communication. Proc. Natl. Acad. Sci. U. S. A. 111, 833–838.

Gonzalez-Castillo, J., Bandettini, P.A., 2015. What cascade spreading models can teach us
about the brain. Neuron 86, 1327–1329.

Goodkind, M., Eickhoff, S.B., Oathes, D.J., Jiang, Y., Chang, A., Jones-Hagata, L.B.,
Ortega, B.N., Zaiko, Y.V., Roach, E.L., Korgaonkar, M.S., Grieve, S.M., Galatzer-Levy,
I., Fox, P.T., Etkin, A., 2015. Identification of a common neurobiological substrate for
mental illness. JAMA Psychiatry 72, 305–315.

Greicius, M.D., Supekar, K., Menon, V., Dougherty, R.F., 2009. Resting-state functional
connectivity reflects structural connectivity in the default mode network. Cereb.
Cortex 19, 72–78.

Gu, S., Satterthwaite, T.D., Medaglia, J.D., Yang, M., Gur, R.E., Gur, R.C., Bassett, D.S.,
2015. Emergence of system roles in normative neurodevelopment. Proc. Natl. Acad.
Sci. U. S. A. 112, 13681–13686.

Guimera, R., Mossa, S., Turtschi, A., Amaral, L.A., 2005. The worldwide air transportation
network: anomalous centrality, community structure, and cities’ global roles. Proc.
Natl. Acad. Sci. U. S. A. 102, 7794–7799.

Hagmann, P., Cammoun, L., Gigandet, X., Meuli, R., Honey, C.J., Wedeen, V., Sporns, O.,
2008. Mapping the structural core of human cerebral cortex. PLoS Biol. 6,
1479–1493.

Hagmann, P., Kurant, M., Gigandet, X., Thiran, P., Wedeen, V.J., Meuli, R., Thiran, J.P.,
2007. Mapping human whole-brain structural networks with diffusion MRI. PLoS
ONE 2, e597.

Hagmann, P., Sporns, O., Madan, N., Cammoun, L., Pienaar, R., Wedeen, V.J., Meuli, R.,
Thiran, J.P., Grant, P.E., 2010. White matter maturation reshapes structural
connectivity in the late developing human brain. Proc. Natl. Acad. Sci. U. S. A. 107,
19067–19072.

Haimovici, A., Tagliazucchi, E., Balenzuela, P., Chialvo, D.R., 2013. Brain organization
into resting state networks emerges at criticality on a model of the human
connectome. Phys. Rev. Lett. 110, 178101.

Hansen, E.C., Battaglia, D., Spiegler, A., Deco, G., Jirsa, V.K., 2015. Functional
connectivity dynamics: modeling the switching behavior of the resting state.
NeuroImage 105, 525–535.

Harriger, L., van den Heuvel, M.P., Sporns, O., 2012. Rich club organization of macaque
cerebral cortex and its role in network communication. PLoS ONE 7, e46497.

Hayasaka, S., Laurienti, P.J., 2010. Comparison of characteristics between region- and
voxel-based network analyses in resting-state fMRI data. NeuroImage 50, 499–508.

He, Y., Chen, Z., Evans, A., 2008. Structural insights into aberrant topological patterns of
large-scale cortical networks in Alzheimer's disease. J. Neurosci. 28, 4756–4766.

He, Y., Chen, Z.J., Evans, A.C., 2007. Small-world anatomical networks in the human
brain revealed by cortical thickness from MRI. Cereb. Cortex (New York, N.Y.: 1991)
17, 2407–2419.

He, Y., Evans, A., 2010. Graph theoretical modeling of brain connectivity. Curr. Opin.
Neurol. 23, 341–350.

He, Y., Wang, J., Wang, L., Chen, Z.J., Yan, C., Yang, H., Tang, H., Zhu, C., Gong, Q.,
Zang, Y., Evans, A.C., 2009. Uncovering intrinsic modular organization of
spontaneous brain activity in humans. PLoS ONE 4, e5226.

Hernandez, M., Guerrero, G.D., Cecilia, J.M., Garcia, J.M., Inuggi, A., Jbabdi, S., Behrens,
T.E.J., Sotiropoulos, S.N., 8, 2013. Accelerating fibre orientation estimation from
diffusion weighted magnetic resonance imaging using GPUs. PLoS ONE e61892.

Hilgetag, C.C., Burns, G.A., O’Neill, M.A., Scannell, J.W., Young, M.P., 2000. Anatomical
connectivity defines the organization of clusters of cortical areas in the macaque
monkey and the cat. Philos. Trans. R. Soc. Lond. Ser. B: Biol. Sci. 355, 91–110.

Hilgetag, C.C., Hutt, M.T., 2014. Hierarchical modular brain connectivity is a stretch for
criticality. Trends Cogn. Sci. 18, 114–115.

Hilgetag, C.C., Kaiser, M., 2004. Clustered organization of cortical connectivity.
Neuroinformatics 2, 353–360.

Hill, J., Dierker, D., Neil, J., Inder, T., Knutsen, A., Harwell, J., Coalson, T., Van Essen, D.,
2010. A surface-based analysis of hemispheric asymmetries and folding of cerebral
cortex in term-born human infants. J. Neurosci. 30, 2268–2276.

Honey, C., Sporns, O., Cammoun, L., Gigandet, X., Thiran, J.-P., Meuli, R., Hagmann, P.,
2009. Predicting human resting-state functional connectivity from structural
connectivity. Proc. Natl. Acad. Sci. U. S. A. 106, 2035–2040.

Hosseini, S.M., Kesler, S.R., 2013. Comparing connectivity pattern and small-world
organization between structural correlation and resting-state networks in healthy
adults. NeuroImage 78, 402–414.

Huang, H., Shu, N., Mishra, V., Jeon, T., Chalak, L., Wang, Z.J., Rollins, N., Gong, G.,
Cheng, H., Peng, Y., Dong, Q., He, Y., 2015. Development of human brain structural
networks through infancy and childhood. Cereb. Cortex (New York, N.Y.: 1991) 25,
1389–1404.

Humphries, M.D., Gurney, K., 2008. Network ‘small-world-ness’: a quantitative method
for determining canonical network equivalence. PLoS ONE 3, e0002051.

Humphries, M.D., Gurney, K., Prescott, T.J., 2006. The brainstem reticular formation is a

small-world, not scale-free, network. Proc. Biol. Sci. R. Soc. 273, 503–511.
Hutchison, R.M., Womelsdorf, T., Allen, E.A., Bandettini, P.A., Calhoun, V.D., Corbetta,

M., Penna, S., Duyn, J.H., Glover, G.H., Gonzalez-Castillo, J., Handwerker, D.A.,
Keilholz, S., Kiviniemi, V., Leopold, D.A., Pasquale, F., Sporns, O., Walter, M., Chang,
C., 2013a. Dynamic functional connectivity: promise, issues, and interpretations.
NeuroImage 80, 360–378.

Hutchison, R.M., Womelsdorf, T., Gati, J.S., Everling, S., Menon, R.S., 2013b. Resting-
state networks show dynamic functional connectivity in awake humans and
anesthetized macaques. Hum. Brain Mapp. 34, 2154–2177.

Iturria-Medina, Y., Sotero, R.C., Canales-Rodriguez, E.J., Aleman-Gomez, Y., Melie-
Garcia, L., 2008. Studying the human brain anatomical network via diffusion-
weighted MRI and graph theory. NeuroImage 40, 1064–1076.

Jones, D.T., Vemuri, P., Murphy, M.C., Gunter, J.L., Senjem, M.L., Machulda, M.M.,
Przybelski, S.A., Gregg, B.E., Kantarci, K., Knopman, D.S., Boeve, B.F., Petersen, R.C.,
Jack Jr., C.R., 2012. Non-stationarity in the “resting brain's” modular architecture.
PLoS ONE 7, e39731.

Jung, R.E., Haier, R.J., 2007. The parieto-frontal integration theory (P-FIT) of
intelligence: converging neuroimaging evidence. Behav. Brain Sci. 30, 135–154
discussion 154-187.

Kaiser, M., 2011. A tutorial in connectome analysis: topological and spatial features of
brain networks. NeuroImage 57, 892–907.

Kang, J., Wang, L., Yan, C., Wang, J., Liang, X., He, Y., 2011. Characterizing dynamic
functional connectivity in the resting brain using variable parameter regression and
Kalman filtering approaches. NeuroImage 56, 1222–1234.

Kambeitz, J., Kambeitz-Ilankovic, L., Cabral, C., Dwyer, D.B., Calhoun, V.D., van den
Heuvel, M.P., Falkai, P., Koutsouleris, N., Malchow, B., 2016. Aberrant functional
whole-brain network architecture in patients with schizophrenia: a meta-analysis.
Schizophr. Bull. 42 (Suppl. 1), S13–S21.

Karbowski, J., 2001. Optimal wiring principle and plateaus in the degree of separation for
cortical neurons. Phys. Rev. Lett. 86, 3674–3677.

Kelly, C., Biswal, B.B., Craddock, R.C., Castellanos, F.X., Milham, M.P., 2012.
Characterizing variation in the functional connectome: promise and pitfalls. Trends
Cogn. Sci. 16, 181–188.

Kennedy, D.N., Haselgrove, C., Riehl, J., Preuss, N., Buccigrossi, R., 2016. The NITRC
image repository. NeuroImage 124, 1069–1073.

Kim, D.J., Davis, E.P., Sandman, C.A., Sporns, O., O’Donnell, B.F., Buss, C., Hetrick, W.P.,
2016. Children's intellectual ability is associated with structural network integrity.
NeuroImage 124, 550–556.

Kim, J.S., Kaiser, M., 369, 2014. From Caenorhabditis elegans to the human connectome: a
specific modular organization increases metabolic, functional and developmental
efficiency. Philos. Trans. R. Soc. Lond. Ser. B: Biol. Sci. 20130529.

Kitzbichler, M.G., Henson, R.N.A., Smith, M.L., Nathan, P.J., Bullmore, E.T., 2011.
Cognitive effort drives workspace configuration of human brain functional networks.
J. Neurosci. 31, 8259–8270.

Laird, A.R., Eickhoff, S.B., Fox, P.M., Uecker, A.M., Ray, K.L., Saenz Jr., J.J., McKay, D.R.,
Bzdok, D., Laird, R.W., Robinson, J.L., Turner, J.A., Turkeltaub, P.E., Lancaster, J.L.,
Fox, P.T., 2011. The BrainMap strategy for standardization, sharing, and meta-
analysis of neuroimaging data. BMC Res. Notes 4, 349.

Lancichinetti, A., Kivela, M., Saramaki, J., Fortunato, S., 2010. Characterizing the
community structure of complex networks. PLoS ONE 5, e11976.

Landman, B.S., Russo, R.L., 1971. On a pin versus block relationship for partitions of logic
graphs. IEEE Trans. Comput. C-20, 1469–1479.

Langer, N., Pedroni, A., Gianotti, L.R., Hanggi, J., Knoch, D., Jancke, L., 2012. Functional
brain network efficiency predicts intelligence. Hum. Brain Mapp. 33, 1393–1406.

Latora, V., Marchiori, M., 2001. Efficient behavior of small-world networks. Phys. Rev.
Lett. 87, 198701.

Lerch, J.P., Worsley, K., Shaw, W.P., Greenstein, D.K., Lenroot, R.K., Giedd, J., Evans,
A.C., 2006. Mapping anatomical correlations across cerebral cortex (MACACC) using
cortical thickness from MRI. NeuroImage 31, 993–1003.

Li, Y., Liu, Y., Li, J., Qin, W., Li, K., Yu, C., Jiang, T., 2009. Brain anatomical network and
intelligence. PLoS Comput. Biol. 5, e1000395.

Liang, X., Zou, Q., He, Y., Yang, Y., 2013. Coupling of functional connectivity and
regional cerebral blood flow reveals a physiological basis for network hubs of the
human brain. Proc. Natl. Acad. Sci. U. S. A. 110, 1929–1934.

Liang, X., Zou, Q., He, Y., Yang, Y., 2016. Topologically reorganized connectivity
architecture of default-mode, executive-control, and salience networks across
working memory task loads. Cereb. Cortex 26, 1501–1511.

Liao, X., Xia, M., Xu, T., Dai, Z., Cao, X., Niu, H., Zuo, X., Zang, Y., He, Y., 2013.
Functional brain hubs and their test-retest reliability: a multiband resting-state
functional MRI study. NeuroImage 83, , 969–982.

Liao, X., Yuan, L., Zhao, T., Dai, Z., Shu, N., Xia, M., Yang, Y., Evans, A., He, Y., 2015.
Spontaneous functional network dynamics and associated structural substrates in the
human brain. Front. Hum. Neurosci. 9, 478.

Liu, J., Xia, M., Dai, Z., Wang, X., Liao, X., Bi, Y., He, Y., 2016. Intrinsic brain hub
connectivity underlies individual differences in spatial working memory. Cereb.
Cortex. http://dx.doi.org/10.1093/cercor/bhw1317.

Liu, Y., Yu, C., Zhang, X., Liu, J., Duan, Y., Alexander-Bloch, A.F., Liu, B., Jiang, T.,
Bullmore, E., 2014. Impaired long distance functional connectivity and weighted
network architecture in Alzheimer's disease. Cereb. Cortex (New York, N.Y.: 1991)
24, 1422–1435.

Lo, C.Y., He, Y., Lin, C.P., 2011. Graph theoretical analysis of human brain structural
networks. Rev. Neurosci. 22, 551–563.

Lo, C.Y., Wang, P.N., Chou, K.H., Wang, J., He, Y., Lin, C.P., 2010. Diffusion tensor
tractography reveals abnormal topological organization in structural cortical
networks in Alzheimer's disease. J. Neurosci. 30, 16876–16885.

Lopes da Silva, F., 2004. Functional localization of brain sources using EEG and/or MEG

X. Liao et al. Neuroscience and Biobehavioral Reviews 77 (2017) 286–300

298

http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0450
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0455
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0455
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0455
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0455
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0460
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0460
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0460
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0460
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0465
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0465
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0470
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0470
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0470
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0470
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0475
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0475
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0480
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0480
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0480
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0480
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0485
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0485
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0485
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0490
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0490
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0490
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0495
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0495
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0495
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0500
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0500
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0500
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0505
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0505
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0505
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0510
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0510
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0510
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0510
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0515
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0515
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0515
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0520
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0520
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0520
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0525
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0525
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0530
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0530
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0535
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0535
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0540
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0540
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0540
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0545
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0545
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0550
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0550
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0550
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0555
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0555
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0555
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0560
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0560
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0560
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0565
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0565
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0570
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0570
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0575
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0575
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0575
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0580
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0580
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0580
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0585
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0585
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0585
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0590
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0590
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0590
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0590
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0595
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0595
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0600
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0600
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0605
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0605
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0605
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0605
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0605
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0610
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0610
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0610
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0615
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0615
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0615
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0620
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0620
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0620
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0620
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0625
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0625
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0625
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0630
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0630
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0635
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0635
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0635
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0640
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0640
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0640
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0640
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0645
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0645
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0650
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0650
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0650
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0655
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0655
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0660
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0660
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0660
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0665
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0665
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0665
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0670
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0670
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0670
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0675
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0675
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0675
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0675
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0680
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0680
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0685
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0685
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0690
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0690
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0695
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0695
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0700
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0700
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0700
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0705
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0705
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0710
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0710
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0710
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0715
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0715
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0715
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0720
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0720
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0720
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0725
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0725
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0725
http://dx.doi.org/10.1093/cercor/bhw1317
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0735
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0735
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0735
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0735
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0740
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0740
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0745
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0745
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0745
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0750


data: volume conductor and source models. Magn. Reson. Imaging 22, 1533–1538.
Machens, C.K., 2012. Neuroscience. Building the human brain. Science (New York, N.Y.)

338, 1156–1157.
Markram, H., Muller, E., Ramaswamy, S., Reimann, M.W., Abdellah, M., Sanchez, C.A.,

Ailamaki, A., Alonso-Nanclares, L., Antille, N., Arsever, S., Kahou, G.A., Berger, T.K.,
Bilgili, A., Buncic, N., Chalimourda, A., Chindemi, G., Courcol, J.D., Delalondre, F.,
Delattre, V., Druckmann, S., Dumusc, R., Dynes, J., Eilemann, S., Gal, E., Gevaert,
M.E., Ghobril, J.P., Gidon, A., Graham, J.W., Gupta, A., Haenel, V., Hay, E., Heinis,
T., Hernando, J.B., Hines, M., Kanari, L., Keller, D., Kenyon, J., Khazen, G., Kim, Y.,
King, J.G., Kisvarday, Z., Kumbhar, P., Lasserre, S., Le Be, J.V., Magalhaes, B.R.,
Merchan-Perez, A., Meystre, J., Morrice, B.R., Muller, J., Munoz-Cespedes, A.,
Muralidhar, S., Muthurasa, K., Nachbaur, D., Newton, T.H., Nolte, M., Ovcharenko,
A., Palacios, J., Pastor, L., Perin, R., Ranjan, R., Riachi, I., Rodriguez, J.R., Riquelme,
J.L., Rossert, C., Sfyrakis, K., Shi, Y., Shillcock, J.C., Silberberg, G., Silva, R., Tauheed,
F., Telefont, M., Toledo-Rodriguez, M., Trankler, T., Van Geit, W., Diaz, J.V., Walker,
R., Wang, Y., Zaninetta, S.M., DeFelipe, J., Hill, S.L., Segev, I., Schurmann, F., 2015.
Reconstruction and simulation of neocortical microcircuitry. Cell 163, 456–492.

Maslov, S., Sneppen, K., 2002. Specificity and stability in topology of protein networks.
Science (New York, N.Y.) 296, 910–913.

Medaglia, J.D., Lynall, M.E., Bassett, D.S., 2015. Cognitive network neuroscience. J.
Cogn. Neurosci. 27, 1471–1491.

Merolla, P.A., Arthur, J.V., Alvarez-Icaza, R., Cassidy, A.S., Sawada, J., Akopyan, F.,
Jackson, B.L., Imam, N., Guo, C., Nakamura, Y., Brezzo, B., Vo, I., Esser, S.K.,
Appuswamy, R., Taba, B., Amir, A., Flickner, M.D., Risk, W.P., Manohar, R., Modha,
D.S., 2014. A million spiking-neuron integrated circuit with a scalable
communication network and interface. . Science (New York, N.Y.) 345, 668–673.

Meunier, D., Achard, S., Morcom, A., Bullmore, E., 2009a. Age-related changes in
modular organization of human brain functional networks. NeuroImage 44, 715–723.

Meunier, D., Lambiotte, R., Bullmore, E.T., 2010. Modular and hierarchically modular
organization of brain networks. Front. Neurosci. 4, 200.

Meunier, D., Lambiotte, R., Fornito, A., Ersche, K.D., Bullmore, E.T., 2009b. Hierarchical
modularity in human brain functional networks. Front. Neurosci. 3, 37.

Micheloyannis, S., Pachou, E., Stam, C.J., Vourkas, M., Erimaki, S., Tsirka, V., 2006. Using
graph theoretical analysis of multi channel EEG to evaluate the neural efficiency
hypothesis. Neurosci. Lett. 402, 273–277.

Misic, B., Betzel, R.F., Nematzadeh, A., Goni, J., Griffa, A., Hagmann, P., Flammini, A.,
Ahn, Y.Y., Sporns, O., 2015. Cooperative and competitive spreading dynamics on the
human connectome. Neuron 86, 1518–1529.

Modha, D.S., Singh, R., 2010. Network architecture of the long-distance pathways in the
macaque brain. Proc. Natl. Acad. Sci. U. S. A. 107, 13485–13490.

Moretti, P., Munoz, M.A., 2013. Griffiths phases and the stretching of criticality in brain
networks. Nat. Commun. 4, 2521.

Mori, S., Crain, B.J., Chacko, V., Van Zijl, P., 1999. Three-dimensional tracking of axonal
projections in the brain by magnetic resonance imaging. Ann. Neurol. 45, 265–269.

Mueller, S., Wang, D., Fox, M.D., Yeo, B.T., Sepulcre, J., Sabuncu, M.R., Shafee, R., Lu, J.,
Liu, H., 2013. Individual variability in functional connectivity architecture of the
human brain. Neuron 77, 586–595.

Muldoon, S.F., Bridgeford, E.W., Bassett, D.S., 2016. Small-world propensity and
weighted brain networks. Sci. Rep. 6.

Newman, M.E., 2004. Fast algorithm for detecting community structure in networks.
Phys. Rev. E: Stat. Nonlinear Soft Matter Phys. 69, 066133.

Oh, S.W., Harris, J.A., Ng, L., Winslow, B., Cain, N., Mihalas, S., Wang, Q., Lau, C., Kuan,
L., Henry, A.M., Mortrud, M.T., Ouellette, B., Nguyen, T.N., Sorensen, S.A.,
Slaughterbeck, C.R., Wakeman, W., Li, Y., Feng, D., Ho, A., Nicholas, E., Hirokawa,
K.E., Bohn, P., Joines, K.M., Peng, H., Hawrylycz, M.J., Phillips, J.W., Hohmann, J.G.,
Wohnoutka, P., Gerfen, C.R., Koch, C., Bernard, A., Dang, C., Jones, A.R., Zeng, H.,
2014. A mesoscale connectome of the mouse brain. Nature 508, 207–214.

Pakkenberg, B., Pelvig, D., Marner, L., Bundgaard, M.J., Gundersen, H.J., Nyengaard,
J.R., Regeur, L., 2003. Aging and the human neocortex. Exp. Gerontol. 38, 95–99.

Park, H.J., Friston, K., 2013. Structural and functional brain networks: from connections
to cognition. . Science (New York, N.Y.) 342, 1238411.

Parker, G.J., Haroon, H.A., Wheeler-Kingshott, C.A., 2003. A framework for a streamline-
based probabilistic index of connectivity (PICo) using a structural interpretation of
MRI diffusion measurements. J. Magn. Reson. Imaging 18, 242–254.

Pessoa, L., 2014. Understanding brain networks and brain organization. Phys. Life Rev.
11, 400–435.

Petersen, S.E., Sporns, O., 2015. Brain networks and cognitive architectures. Neuron 88,
207–219.

Poldrack, R.A., Gorgolewski, K.J., 2014. Making big data open: data sharing in
neuroimaging. Nat. Neurosci. 17, 1510–1517.

Poldrack, R.A., Poline, J.B., 2015. The publication and reproducibility challenges of
shared data. Trends Cogn. Sci. 19, 59–61.

Poline, J.B., Breeze, J.L., Ghosh, S., Gorgolewski, K., Halchenko, Y.O., Hanke, M.,
Haselgrove, C., Helmer, K.G., Keator, D.B., Marcus, D.S., Poldrack, R.A., Schwartz, Y.,
Ashburner, J., Kennedy, D.N., 2012. Data sharing in neuroimaging research. Front.
Neurosci. 6, 9.

Power, J.D., Cohen, A.L., Nelson, S.M., Wig, G.S., Barnes, K.A., Church, J.A., Vogel, A.C.,
Laumann, T.O., Miezin, F.M., Schlaggar, B.L., Petersen, S.E., 2011. Functional
network organization of the human brain. Neuron 72, 665–678.

Power, J.D., Schlaggar, B.L., Lessov-Schlaggar, C.N., Petersen, S.E., 2013. Evidence for
hubs in human functional brain networks. Neuron 79, 798–813.

Raichle, M.E., 2006. The brain's dark energy. . Science (New York, N.Y.) 314, 1249.
Reijneveld, J.C., Ponten, S.C., Berendse, H.W., Stam, C.J., 2007. The application of graph

theoretical analysis to complex networks in the brain. Clin. Neurophysiol. 118,
2317–2331.

Richiardi, J., Altmann, A., Milazzo, A.C., Chang, C., Chakravarty, M.M., Banaschewski, T.,

Barker, G.J., Bokde, A.L., Bromberg, U., Buchel, C., Conrod, P., Fauth-Buhler, M.,
Flor, H., Frouin, V., Gallinat, J., Garavan, H., Gowland, P., Heinz, A., Lemaitre, H.,
Mann, K.F., Martinot, J.L., Nees, F., Paus, T., Pausova, Z., Rietschel, M., Robbins,
T.W., Smolka, M.N., Spanagel, R., Strohle, A., Schumann, G., Hawrylycz, M., Poline,
J.B., Greicius, M.D., 2015. BRAIN NETWORKS. Correlated gene expression supports
synchronous activity in brain networks. Science (New York, N.Y.) 348, 1241–1244.

Rubinov, M., Sporns, O., 2010. Complex network measures of brain connectivity: uses and
interpretations. NeuroImage 52, 1059–1069.

Rubinov, M., Ypma, R.J., Watson, C., Bullmore, E.T., 2015. Wiring cost and topological
participation of the mouse brain connectome. Proc. Natl. Acad. Sci. U. S. A. 112,
10032–10037.

Rueckert, U., 2016. Brain-inspired architectures for nanoelectronics. In: Höfflinger, B.
(Ed.), CHIPS 2020, vol. 2: New Vistas in Nanoelectronics. Springer International
Publishing, Cham, pp. 249–274.

Safaai, H., Neves, R., Eschenko, O., Logothetis, N.K., Panzeri, S., 2015. Modeling the
effect of locus coeruleus firing on cortical state dynamics and single-trial sensory
processing. Proc. Natl. Acad. Sci. U. S. A. 112, 12834–12839.

Salvador, R., Suckling, J., Coleman, M.R., Pickard, J.D., Menon, D., Bullmore, E., 2005.
Neurophysiological architecture of functional magnetic resonance images of human
brain. Cereb. Cortex 15, 1332–1342.

Samu, D., Seth, A.K., Nowotny, T., 2014. Influence of wiring cost on the large-scale
architecture of human cortical connectivity. PLoS Comput. Biol. 10, e1003557.

Sanabria-Diaz, G., Melie-Garcia, L., Iturria-Medina, Y., Aleman-Gomez, Y., Hernandez-
Gonzalez, G., Valdes-Urrutia, L., Galan, L., Valdes-Sosa, P., 2010. Surface area and
cortical thickness descriptors reveal different attributes of the structural human brain
networks. NeuroImage 50, 1497–1510.

Satterthwaite, T.D., Wolf, D.H., Ruparel, K., Erus, G., Elliott, M.A., Eickhoff, S.B.,
Gennatas, E.D., Jackson, C., Prabhakaran, K., Smith, A., Hakonarson, H., Verma, R.,
Davatzikos, C., Gur, R.E., Gur, R.C., 2013. Heterogeneous impact of motion on
fundamental patterns of developmental changes in functional connectivity during
youth. NeuroImage 83, 45–57.

Schmitt, J.E., Lenroot, R.K., Wallace, G.L., Ordaz, S., Taylor, K.N., Kabani, N., Greenstein,
D., Lerch, J.P., Kendler, K.S., Neale, M.C., Giedd, J.N., 2008. Identification of
genetically mediated cortical networks: a multivariate study of pediatric twins and
siblings. Cereb. Cortex (New York, N.Y.: 1991) 18, 1737–1747.

Scholtens, L.H., Schmidt, R., de Reus, M.A., van den Heuvel, M.P., 2014. Linking
macroscale graph analytical organization to microscale neuroarchitectonics in the
macaque connectome. J. Neurosci. 34, 12192–12205.

Schroeter, M.S., Charlesworth, P., Kitzbichler, M.G., Paulsen, O., Bullmore, E.T., 2015.
Emergence of rich-club topology and coordinated dynamics in development of
hippocampal functional networks in vitro. J. Neurosci. 35, 5459–5470.

Schweitzer, F., Fagiolo, G., Sornette, D., Vega-Redondo, F., Vespignani, A., White, D.R.,
2009. Economic networks: the new challenges. Science (New York, N.Y.) 325, 422.

Seeley, W.W., Crawford, R.K., Zhou, J., Miller, B.L., Greicius, M.D., 2009.
Neurodegenerative diseases target large-scale human brain networks. Neuron 62,
42–52.

Segall, J.M., Allen, E.A., Jung, R.E., Erhardt, E.B., Arja, S.K., Kiehl, K., Calhoun, V.D.,
2012. Correspondence between structure and function in the human brain at rest.
Front. Neuroinformatics 6, 10.

Sepulcre, J., Liu, H., Talukdar, T., Martincorena, I., Yeo, B.T., Buckner, R.L., 2010. The
organization of local and distant functional connectivity in the human brain. PLoS
Comput. Biol. 6, e1000808.

Shen, K., Hutchison, R.M., Bezgin, G., Everling, S., McIntosh, A.R., 2015. Network
structure shapes spontaneous functional connectivity dynamics. J. Neurosci. 35,
5579–5588.

Shih, C.T., Sporns, O., Yuan, S.L., Su, T.S., Lin, Y.J., Chuang, C.C., Wang, T.Y., Lo, C.C.,
Greenspan, R.J., Chiang, A.S., 2015. Connectomics-based analysis of information
flow in the Drosophila brain. Curr. Biol. 25, 1249–1258.

Sik, A., Penttonen, M., Ylinen, A., Buzsaki, G., 1995. Hippocampal CA1 interneurons: an
in vivo intracellular labeling study. J. Neurosci. 15, 6651–6665.

Skudlarski, P., Jagannathan, K., Anderson, K., Stevens, M.C., Calhoun, V.D., Skudlarska,
B.A., Pearlson, G., 2010. Brain connectivity is not only lower but different in
schizophrenia: a combined anatomical and functional approach. Biol. Psychiatry 68,
61–69.

Smit, D.J., Stam, C.J., Posthuma, D., Boomsma, D.I., de Geus, E.J., 2008. Heritability of
“small-world” networks in the brain: a graph theoretical analysis of resting-state EEG
functional connectivity. Hum. Brain Mapp. 29, 1368–1378.

Sporns, O., 2013. Network attributes for segregation and integration in the human brain.
Curr. Opin. Neurobiol. 23, 162–171.

Sporns, O., 2014. Contributions and challenges for network models in cognitive
neuroscience. Nat. Neurosci. 17, 652–660.

Sporns, O., Betzel, R.F., 2016. Modular brain networks. Annu. Rev. Psychol. 67, 613–640.
Sporns, O., Tononi, G., Kotter, R., 2005. The human connectome: a structural description

of the human brain. PLoS Comput. Biol. 1, e42.
Sporns, O., Zwi, J.D., 2004. The small world of the cerebral cortex. Neuroinformatics 2,

145–162.
Stafford, J.M., Jarrett, B.R., Miranda-Dominguez, O., Mills, B.D., Cain, N., Mihalas, S.,

Lahvis, G.P., Lattal, K.M., Mitchell, S.H., David, S.V., Fryer, J.D., Nigg, J.T., Fair,
D.A., 2014. Large-scale topology and the default mode network in the mouse
connectome. Proc. Natl. Acad. Sci. U. S. A. 111, 18745–18750.

Stam, C.J., 2004. Functional connectivity patterns of human magnetoencephalographic
recordings: a ‘small-world’ network? Neurosci. Lett. 355, 25–28.

Stam, C.J., 2014. Modern network science of neurological disorders. Nat. Rev. Neurosci.
15, 683–695.

Stam, C.J., Jones, B.F., Nolte, G., Breakspear, M., Scheltens, P., 2007. Small-world
networks and functional connectivity in Alzheimer's disease. Cereb. Cortex (New

X. Liao et al. Neuroscience and Biobehavioral Reviews 77 (2017) 286–300

299

http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0750
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0755
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0755
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0760
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0760
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0760
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0760
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0760
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0760
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0760
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0760
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0760
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0760
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0760
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0760
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0760
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0760
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0765
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0765
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0770
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0770
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0775
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0775
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0775
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0775
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0775
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0780
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0780
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0785
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0785
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0790
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0790
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0795
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0795
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0795
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0800
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0800
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0800
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0805
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0805
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0810
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0810
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0815
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0815
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0820
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0820
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0820
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0825
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0825
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0830
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0830
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0835
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0835
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0835
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0835
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0835
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0835
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0840
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0840
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0845
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0845
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0850
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0850
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0850
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0855
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0855
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0860
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0860
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0865
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0865
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0870
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0870
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0875
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0875
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0875
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0875
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0880
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0880
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0880
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0885
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0885
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0890
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0895
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0895
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0895
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0900
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0900
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0900
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0900
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0900
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0900
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0900
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0905
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0905
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0910
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0910
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0910
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0915
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0915
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0915
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0920
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0920
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0920
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0925
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0925
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0925
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0930
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0930
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0935
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0935
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0935
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0935
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0940
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0940
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0940
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0940
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0940
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0945
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0945
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0945
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0945
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0950
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0950
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0950
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0955
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0955
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0955
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0960
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0960
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0965
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0965
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0965
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0970
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0970
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0970
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0975
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0975
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0975
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0980
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0980
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0980
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0985
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0985
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0985
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0990
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0990
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0995
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0995
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0995
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref0995
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1000
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1000
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1000
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1005
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1005
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1010
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1010
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1015
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1020
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1020
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1025
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1025
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1030
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1030
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1030
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1030
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1035
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1035
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1040
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1040
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1045
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1045


York, N.Y.: 1991) 17, 92–99.
Stroobandt, D., 1999. On an efficient method for estimating the interconnection

complexity of designs and on the Existence of region III in Rent's rule. Great Lakes
Symposium on VLSI. Citeseerpp. 330–331.

Tagliazucchi, E., von Wegner, F., Morzelewski, A., Brodbeck, V., Borisov, S., Jahnke, K.,
Laufs, H., 2013. Large-scale brain functional modularity is reflected in slow
electroencephalographic rhythms across the human non-rapid eye movement sleep
cycle. NeuroImage 70, 327–339.

Tagliazucchi, E., Von Wegner, F., Morzelewski, A., Brodbeck, V., Laufs, H., 2012.
Dynamic BOLD functional connectivity in humans and its electrophysiological
correlates. Front. Hum. Neurosci. 6, 339.

Telesford, Q.K., Joyce, K.E., Hayasaka, S., Burdette, J.H., Laurienti, P.J., 2011. The
ubiquity of small-world networks. Brain Connect. 1, 367–375.

Teller, S., Granell, C., De Domenico, M., Soriano, J., Gomez, S., Arenas, A., 2014.
Emergence of assortative mixing between clusters of cultured neurons. PLoS Comput.
Biol. 10, e1003796.

Tijms, B.M., Series, P., Willshaw, D.J., Lawrie, S.M., 2012. Similarity-based extraction of
individual networks from gray matter MRI scans. Cereb. Cortex (New York, N.Y.:
1991) 22, 1530–1541.

Tomasi, D., Wang, G.J., Volkow, N.D., 2013. Energetic cost of brain functional
connectivity. Proc. Natl. Acad. Sci. U. S. A. 110, 13642–13647.

Towlson, E.K., Vertes, P.E., Ahnert, S.E., Schafer, W.R., Bullmore, E.T., 2013. The rich
club of the C. elegans neuronal connectome. J. Neurosci. 33, 6380–6387.

Tzourio-Mazoyer, N., Landeau, B., Papathanassiou, D., Crivello, F., Etard, O., Delcroix, N.,
Mazoyer, B., Joliot, M., 2002. Automated anatomical labeling of activations in SPM
using a macroscopic anatomical parcellation of the MNI MRI single-subject brain.
NeuroImage 15, 273–289.

Ugurbil, K., Xu, J., Auerbach, E.J., Moeller, S., Vu, A.T., Duartecarvajalino, J.M., Lenglet,
C., Wu, X., Schmitter, S., De Moortele, P.F.V., 2013. Pushing spatial and temporal
resolution for functional and diffusion MRI in the Human Connectome Project.
NeuroImage 80, 80–104.

Vaishnavi, S.N., Vlassenko, A.G., Rundle, M.M., Snyder, A.Z., Mintun, M.A., Raichle, M.E.,
2010. Regional aerobic glycolysis in the human brain. Proc. Natl. Acad. Sci. U. S. A.
107, 17757–17762.

Valencia, M., Martinerie, J., Dupont, S., Chavez, M., 2008. Dynamic small-world behavior
in functional brain networks unveiled by an event-related networks approach. Phys.
Rev. E: Stat. Nonlinear Soft Matter Phys. 77, 050905.

Valencia, M., Pastor, M.A., Fernandez-Seara, M.A., Artieda, J., Martinerie, J., Chavez, M.,
2009. Complex modular structure of large-scale brain networks. . Chaos (Woodbury,
N.Y.) 19, 023119.

van den Heuvel, M.P., Bullmore, E.T., Sporns, O., 2016. Comparative connectomics.
Trends Cogn. Sci. 20, 345–361.

van den Heuvel, M.P., Fornito, A., 2014. Brain networks in schizophrenia. Neuropsychol.
Rev. 24, 32–48.

van den Heuvel, M.P., Kahn, R.S., Goni, J., Sporns, O., 2012. High-cost, high-capacity
backbone for global brain communication. Proc. Natl. Acad. Sci. U. S. A. 109,
11372–11377.

van den Heuvel, M.P., Kersbergen, K.J., de Reus, M.A., Keunen, K., Kahn, R.S.,
Groenendaal, F., de Vries, L.S., Benders, M.J., 2015. The neonatal connectome during
preterm brain development. Cereb. Cortex (New York, N.Y.: 1991) 25, 3000–3013.

van den Heuvel, M.P., Mandl, R.C., Kahn, R.S., Hulshoff Pol, H.E., 2009a. Functionally
linked resting-state networks reflect the underlying structural connectivity
architecture of the human brain. Hum. Brain Mapp. 30, 3127–3141.

van den Heuvel, M.P., Sporns, O., 2011. Rich-club organization of the human
connectome. J. Neurosci. 31, 15775–15786.

van den Heuvel, M.P., Sporns, O., 2013a. An anatomical substrate for integration among
functional networks in human cortex. J. Neurosci. 33, 14489–14500.

van den Heuvel, M.P., Sporns, O., 2013b. Network hubs in the human brain. Trends Cogn.
Sci. 17, 683–696.

van den Heuvel, M.P., Stam, C.J., Boersma, M., Hulshoff Pol, H.E., 2008. Small-world and
scale-free organization of voxel-based resting-state functional connectivity in the
human brain. NeuroImage 43, 528–539.

van den Heuvel, M.P., Stam, C.J., Kahn, R.S., Hulshoff Pol, H.E., 2009b. Efficiency of
functional brain networks and intellectual performance. J. Neurosci. 29, 7619–7624.

Van Essen, D.C., Ugurbil, K., Auerbach, E., Barch, D., Behrens, T.E., Bucholz, R., Chang,
A., Chen, L., Corbetta, M., Curtiss, S.W., Della Penna, S., Feinberg, D., Glasser, M.F.,
Harel, N., Heath, A.C., Larson-Prior, L., Marcus, D., Michalareas, G., Moeller, S.,
Oostenveld, R., Petersen, S.E., Prior, F., Schlaggar, B.L., Smith, S.M., Snyder, A.Z., Xu,
J., Yacoub, E., Consortium, W.U.-M.H., 2012. The Human Connectome Project: a data
acquisition perspective. NeuroImage 62, 2222–2231.

Varkuti, B., Cavusoglu, M., Kullik, A., Schiffler, B., Veit, R., Yilmaz, O., Rosenstiel, W.,
Braun, C., Uludag, K., Birbaumer, N., Sitaram, R., 2011. Quantifying the link between
anatomical connectivity, gray matter volume and regional cerebral blood flow: an
integrative MRI study. PLoS ONE 6, e14801.

Vertes, P.E., Alexander-Bloch, A.F., Gogtay, N., Giedd, J.N., Rapoport, J.L., Bullmore,
E.T., 2012. Simple models of human brain functional networks. Proc. Natl. Acad. Sci.
U. S. A. 109, 5868–5873.

Wang, J., Wang, L., Zang, Y., Yang, H., Tang, H., Gong, Q., Chen, Z., Zhu, C., He, Y.,
2009a. Parcellation-dependent small-world brain functional networks: a resting-state
fMRI study. Hum. Brain Mapp. 30, 1511–1523.

Wang, L., Zhu, C., He, Y., Zang, Y., Cao, Q., Zhang, H., Zhong, Q., Wang, Y., 2009b.
Altered small-world brain functional networks in children with attention-deficit/
hyperactivity disorder. Hum. Brain Mapp. 30, 638–649.

Wang, Y., Du, H., Xia, M., Ren, L., Xu, M., Xie, T., Gong, G., Xu, N., Yang, H., He, Y., 2013.
A hybrid CPU-GPU accelerated framework for fast mapping of high-resolution human
brain connectome. PLoS ONE 8, e62789.

Wang, Z.J., Dai, Z.J., Gong, G.L., Zhou, C.S., He, Y., 2015. Understanding
structural–functional relationships in the human brain: a large-scale network
perspective. Neuroscientist 21, 290–305.

Watts, D.J., Strogatz, S.H., 1998. Collective dynamics of ‘small-world’ networks. Nature
393, 440–442.

Worbe, Y., 2015. Neuroimaging signature of neuropsychiatric disorders. Curr. Opin.
Neurol. 28, 358–364.

Wu, K., Taki, Y., Sato, K., Kinomura, S., Goto, R., Okada, K., Kawashima, R., He, Y., Evans,
A.C., Fukuda, H., 2012. Age-related changes in topological organization of structural
brain networks in healthy individuals. Hum. Brain Mapp. 33, 552–568.

Xia, M., He, Y., 2011. Magnetic resonance imaging and graph theoretical analysis of
complex brain networks in neuropsychiatric disorders. Brain Connect. 1, 349–365.

Xia, M., Wang, J., He, Y., 2013. BrainNet Viewer: a network visualization tool for human
brain connectomics. PLoS ONE 8, e68910.

Yap, P.T., Fan, Y., Chen, Y., Gilmore, J.H., Lin, W., Shen, D., 2011. Development trends of
white matter connectivity in the first years of life. PLoS ONE 6, e24678.

Zalesky, A., Fornito, A., Bullmore, E., 2012. On the use of correlation as a measure of
network connectivity. NeuroImage 60, 2096–2106.

Zalesky, A., Fornito, A., Cocchi, L., Gollo, L.L., Breakspear, M., 2014. Time-resolved
resting-state brain networks. Proc. Natl. Acad. Sci. U. S. A. 111, 10341–10346.

Zalesky, A., Fornito, A., Harding, I.H., Cocchi, L., Yücel, M., Pantelis, C., Bullmore, E.T.,
2010. Whole-brain anatomical networks: does the choice of nodes matter?
NeuroImage 50, 970–983.

Zhang, J., Cheng, W., Liu, Z., Zhang, K., Lei, X., Yao, Y., Becker, B., Liu, Y., Kendrick,
K.M., Lu, G., Feng, J., 2016. Neural, electrophysiological and anatomical basis of
brain-network variability and its characteristic changes in mental disorders. Brain
139, 2307–2321.

Zhang, J., Wang, J., Wu, Q., Kuang, W., Huang, X., He, Y., Gong, Q., 2011. Disrupted
brain connectivity networks in drug-naive, first-episode major depressive disorder.
Biol. Psychiatry 70, 334–342.

Zhao, T., Cao, M., Niu, H., Zuo, X.N., Evans, A., He, Y., Dong, Q., Shu, N., 2015. Age-
related changes in the topological organization of the white matter structural
connectome across the human lifespan. Hum. Brain Mapp. 36, 3777–3792.

Zhao, X., Liu, Y., Wang, X., Liu, B., Xi, Q., Guo, Q., Jiang, H., Jiang, T., Wang, P., 2012.
Disrupted small-world brain networks in moderate Alzheimer's disease: a resting-
state FMRI study. PLoS ONE 7, e33540.

Zhong, S., He, Y., Gong, G., 2015. Convergence and divergence across construction
methods for human brain white matter networks: an assessment based on individual
differences. Hum. Brain Mapp. 36, 1995–2013.

Zuo, X.N., Ehmke, R., Mennes, M., Imperati, D., Castellanos, F.X., Sporns, O., Milham,
M.P., 2012. Network centrality in the human functional connectome. Cereb. Cortex
(New York, N.Y.: 1991) 22, 1862–1875.

X. Liao et al. Neuroscience and Biobehavioral Reviews 77 (2017) 286–300

300

http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1045
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1050
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1050
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1050
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1055
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1055
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1055
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1055
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1060
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1060
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1060
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1065
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1065
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1070
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1070
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1070
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1075
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1075
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1075
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1080
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1080
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1085
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1085
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1090
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1090
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1090
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1090
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1095
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1095
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1095
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1095
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1100
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1100
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1100
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1105
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1105
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1105
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1110
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1110
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1110
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1115
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1115
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1120
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1120
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1125
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1125
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1125
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1130
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1130
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1130
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1135
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1135
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1135
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1140
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1140
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1145
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1145
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1150
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1150
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1155
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1155
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1155
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1160
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1160
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1165
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1165
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1165
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1165
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1165
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1165
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1170
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1170
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1170
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1170
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1175
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1175
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1175
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1180
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1180
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1180
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1185
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1185
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1185
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1190
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1190
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1190
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1195
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1195
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1195
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1200
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1200
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1205
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1205
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1210
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1210
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1210
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1215
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1215
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1220
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1220
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1225
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1225
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1230
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1230
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1235
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1235
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1240
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1240
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1240
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1245
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1245
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1245
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1245
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1250
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1250
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1250
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1255
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1255
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1255
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1260
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1260
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1260
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1265
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1265
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1265
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1270
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1270
http://refhub.elsevier.com/S0149-7634(16)30784-9/sbref1270

	Small-world human brain networks: Perspectives and challenges
	Introduction
	Background
	Brain network construction
	Graph theoretical approaches

	Small-world human brain networks
	Small-world topology of human brain networks
	Relationship with modular organization and brain hubs
	Formation and degeneration of small-world organization
	Why brain networks are expected to be ‘small-world’

	Cognitive implications and physiological basis of small-world brain networks
	Cognitive implications
	Physiological basis of brain network organization

	Disorganization of small-world brain networks in neurological and psychiatric disorders
	Implications of small-world brain networks in engineering
	Challenges and future perspectives
	Author contributions
	Acknowledgments
	References




