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A B S T R A C T

Recent applications of dynamic network analyses to functional neuroimaging data have revealed relationships
between a number of cognition conditions and the dynamic reconfiguration of brain networks. Here we critically
review such applications of network neuroscience to intelligence. After providing an overview of network
neuroscience, we center our discussion around the recently proposed Network Neuroscience Theory of
Intelligence (Barbey, 2017). We evaluate and review existing empirical support for the theses made by this
theory and argue that while studies strongly suggest their plausibility, evidence to date has largely been indirect.
We propose avenues for future research to directly evaluate these theses by overcoming the methodological and
analytical shortcomings of previous studies. In doing so, our goal is to stimulate future empirical investigations
and present valuable ways forward in the network neuroscience of intelligence.

1. Introduction

Contemporary functional neuroimaging investigations conceive of
the brain as functioning by means of dynamic interactions within and
between distributed networks of brain regions at multiple spatial and
temporal scales [1]. Accordingly, much research has investigated the
functional network organization of the brain both during the so-called
‘resting state’ and during task conditions. This body of work has de-
monstrated that the resting brain can be consistently parcellated into
sets of distinct and reliable functional networks [2–5], which re-
configure their interrelationships based on task demands [6–10]. Net-
work organization has primarily been examined by averaging func-
tional connectivity (FC) over resting or task periods on the order
multiple minutes (typically, 6–12 min). However, recent research has
also emphasized the temporal dynamics of brain network interactions
on shorter time scales [6,11,7]. In this line of work, the brain is seen as
a dynamic system that is continually reorganizing across a landscape of
different functional network configurations both within particular
cognitive conditions and in the transitions between them [12–25].
Critically, analyses with finer temporal sensitivity (typically on the
order of tens of seconds) allow a window into behaviorally-relevant
information that is obscured by relatively static approaches that
average over multiple minutes [12,26,22,23].

Analyses that focus on brain network reconfiguration have now

been applied to a number of mental phenomena, including task-un-
related thought and daydreaming [26], visuospatial attention [23],
executive cognition [13], and learning [27,12]. Of note for the present
context, research has also begun to apply such analyses to the in-
vestigation of intelligence [28,22]. The movement towards brain net-
work dynamics in intelligence research is notable given that the ma-
jority of investigations over the past decade have primarily employed
relatively static approaches, which e.g., relate intelligence to averaged
structural or functional brain network connectivity with little emphasis
on dynamics [29–32].

Before discussing more on the network neuroscience of intelligence,
however, it is important to denote what this term actually refers to
scientifically. For example, what is meant by ‘general intelligence’? And
what is its relationship to the related construct of ‘g’? A great deal of
intelligence research has been focused on g, also referred to as
‘Spearman's g’, little ‘g’, or the ‘general factor of intelligence’ [33].
Spearman's g, as traditionally conceived, refers to a domain-general
intelligence factor that influences performance on various domain-
specific cognitive abilities [33]. This construct was motivated by the
fact that individuals’ scores on cognitive tasks that tap into distinct
domains (e.g., verbal vs. visuospatial) are highly correlated; a finding
termed the ‘positive manifold’. Thus, g is a statistically derived factor
that accounts for unexplained variance between domain-specific cog-
nitive abilities. It should be noted, however, that this view of g exerting
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a top-down influence on domain-specific abilities is not without con-
troversy and disagreement (e.g., see [34]). General intelligence, on the
other hand, is a related but conceptually distinct construct which can be
taken as synonymous with full-scale IQ [35,36]. Rather than specifi-
cally representing the correlations between domain-specific abilities,
general intelligence pertains to one's composite score on a battery of
intelligence measures (such as the Weschler Adult Intelligence Scale;
[37,36]. Bearing this distinction in mind, in what follows we use ‘in-
telligence’ when referring to intelligence in a general sense and use
either ‘g’ or ‘general intelligence’ as appropriate when discussing the
findings of specific studies.

Offering a notable step forward in linking brain network re-
configuration to intelligence, Barbey [38] recently proposed a novel
framework for understanding the neural basis of g based on findings in
the network neuroscience of intelligence. Specifically, he proposed that
“g depends on the dynamic reorganization of [brain networks] - mod-
ifying their topology and community structure in the service of system-
wide flexibility and adaptation” ([38], p. 10). Adding to this, a recent
empirical study claimed to provide empirical support for a relationship
between brain network reconfiguration efficiency and general in-
telligence [22]. Thus, these two early papers in the dynamic network
neuroscience of intelligence propose a central role for the adaptive,
flexible, and efficient reconfiguration of brain networks in the neural
basis of intelligence.

In the present paper, we first offer an overview of network neu-
roscience approaches to brain function, followed by a review of recent
research exploring the role of brain network reconfiguration in the
neural basis of cognition. We then outline and discuss the Network
Neuroscience Theory of Intelligence in light of network neuroscience
research preceding and following the publication of this framework
[38]. Based on our review of the existing literature, we argue that this
view is plausible, yet suggest that it has not yet been directly empiri-
cally tested to date; the few existing studies related to the framework do
not currently provide substantive support for its claims. We end by
suggesting avenues of research that can move past previous methodo-
logical and analytical shortcomings and offer a direct test of the hy-
pothesis that general intelligence is mediated by the adaptive flexibility

of brain network reconfiguration.

2. Network neuroscience

Network neuroscience has as its primary goal the mathematical
characterization of the network properties of brain networks and the
regions that comprise them [1]. In order to achieve its goals, network
neuroscience employs the resources of network science, itself a subfield
of complex systems science that draws on tools from mathematics,
physics, computer science, and engineering. Very broadly, the tools
drawn from network science can be divided into those that seek to
characterize the static topological characteristics of brain networks, and
those that are more concerned with the dynamic patterns of con-
nectivity within and between networks. In this section we will provide a
general overview of these tools and of primary findings from their ap-
plication to the brain, so as to orient the reader and provide theoretical
background for what follows.

2.1. Functional connectivity at multi-minute time scales

A large body of work has now applied metrics from graph theory, a
subfield of mathematics concerned with the quantification of the to-
pological properties of networks of interconnected elements [39], to
neuroimaging data. In this context, a network can be seen as a for-
malized representation of a complex system, which is composed of a set
of nodes (e.g., brain regions) connected by links (e.g., white matter
pathways). Graph theory-based analyses of brain networks [40] have
revealed a number of consistent topographical characteristics in the
patterns of connections between brain regions. These analyses are ty-
pically done on ‘static’ functional connectivity; that is, connectivity
averaged over an entire rest or task session.

Notably, the brain has been revealed to have a modular small-world
organization at multiple spatial scales [41,42,3,43].Modularity refers to
the fact that the brain can be parcellated into functionally specialized
modules (i.e., functional networks), each of which represents a set of
regions that display greater intra-modular connectivity relative to inter-
modular connectivity (Fig. 1A; [43]). A highly modular functional

Fig. 1. Some basic graph theory concepts of relevance to network neuroscience. (a) Example of a small world network with high modularity (three different
modules). There is a co-occurrence of high clustering (as exhibited by triangles within each of the modules) with low characteristic path length (mediated by long-
range connections between modules). The modules are defined based on sets of nodes having greater intra-network than inter-network connectivity. (b) Example of
differing path lengths in a network. The blue dotted path requires seven edges to connect targets α and β, compared to the solid red path which only requires two
edges. Information transfer through the red path would be more efficient. The characteristic path length of a network is the average number of interim nodes in the
shortest paths between each pair of nodes in the network, and global efficiency is defined as the inverse of the characteristic path length. (c) Example of clustering
within a network. Dashed lines represent possible connections. Solid lines represent actual connections. When three nodes are fully connected, a triangle is formed.
Clustering is computed based on the number of actual triangles divided by the number of possible triangles in a network. Here only one triangle is actually formed out
of all possible triangles. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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configuration is also often referred to as a state of (relative) segregation,
while a configuration with less modularity (i.e., that has modules lower
in number and larger in size) is referred to as a state of (relative) in-
tegration. Small-worldness refers to the observation that, although the
brain can be separated into modules, it also features long-range con-
nections that enable efficient communication between these modules
(Fig. 1A; [41,44]). Formally, high small-worldness specifically pertains
to the topological situation in which there is a combination of high
clustering with relatively small characteristic path length (Fig. 1B and C;
[39]). Clustering is a measure of local connectivity and indexes the
fraction of directly connected node pairs that share a common neighbor
(formally, the number of actual topological triangles relative to possible
topological triangles). Characteristic path length refers to the average
number of interim nodes in the shortest paths between each node in the
network. The balance between local functional specialization and
global functional integration enabled by small-worldness is thought to
allow for greater complexity and flexibility of brain dynamics [45,41].
An important additional metric is global efficiency, which simply refers
to the inverse of characteristic path length. Readers are directed to
Rubinov and Sporns [40] for further discussion and formal definitions
of graph theoretic concepts as applied to brain data.

2.2. Functional connectivity at sub-minute time scales

The above graph theoretic metrics have typically been applied to
data averaged over an entire fMRI scan session. While providing a
summary of the relevant topological characteristics over an extended
period of time (e.g., 10 min), such metrics overlook the dynamic ac-
tivity occurring at much shorter timescales (seconds). This obscures
valuable information, given the rapid, time-varying nature of activity
underlying cognition. Thus, recent work has adapted the tools of net-
work science to the study of dynamic brain networks; an approach re-
ferred to as ‘dynamic functional connectivity’ (dFC; [46,7]).

One popular method in dFC research is to separate the neuroima-
ging scan session into shorter windows of a certain length, and to apply
graph theoretic metrics to the network configurations of each window
[46,7]. This sliding-window approach reveals how network properties
evolve through time, and can give insight into the manner in which
networks dynamically reconfigure at rest and during tasks [6,25]. By
comparing the topological characteristics of brain networks across
windows, one can determine, for example, dynamic changes in the
overall integration and segregation of the brain and the particular brain
networks instantiating such changes. Measures of dFC allow for the
characterization of temporally-dependent properties such as FC varia-
bility and flexibility at both the regional and network level. FC varia-
bility, often computed as the standard deviation of inter-regional FC
across windows, has been demonstrated to significantly differ across
rest and task states, and has been related to response time variability
and task performance in a number of domains [47,6]. dFC studies have
defined and measured (regional) flexibility as the variability of a given
region's network affiliation over time or across distinct cognitive con-
ditions. This metric provides information on the degree to which a re-
gion can dynamically interact with and facilitate communication be-
tween multiple networks, and has notably been linked to cognitive
phenomena such as learning [12] and executive cognition [13]. Re-
levant for the dynamic network basis of intelligence as proposed by
Barbey, such dynamic metrics may be used to pinpoint and characterize
the specific regions (and, by extension, networks) that play a pre-
eminent role in driving the flexible reconfiguration of brain networks at
the sub-minute level.

2.3. ‘Dynamic' versus ‘static’ functional connectivity: accounting for
different time scale

As mentioned, multiple studies have demonstrated that dFC ana-
lyses allow access to behaviorally-relevant information that fails to be

captured by the multi-minute averaging of static approaches
[12,48,26,49,20,22,23]. At the psychological level, static approaches
are concerned with temporally-extended cognitive conditions (i.e., rest
or a task) taken as a whole, and are often aimed at illuminating trait-
level properties. In contrast, dynamic approaches may allow greater
sensitivity to the current mental state of the subject and of the dynamic
shifts between mental states [50]. It is also possible that certain traits
and abilities may be encoded within the dynamics of connectivity un-
derlying mental state shifts; such as is being proposed in the Network
Neuroscience Theory of Intelligence (see Section 4 below; [38]).

It is important to note that, depending on the timescale (static vs.
dynamic), the notion of ‘functional brain network reconfiguration’
(FBNR) may have different meanings. One meaning is that FBNR refers
to changes in brain network topology and community organization
occurring on the sub-minute scale – such as examined by sliding-
window dFC analyses. This conception of FBNR views it as more closely
approximating dynamic shifts in cognitive processing and of providing
fine-grained information on brain state transitions. Another meaning of
FBNR employed in certain studies is that it refers to changes in brain
network organization across cognitive conditions (e.g., [51,22]). Under
this meaning, static analyses are employed on data averaged across
distinct conditions, and then these are subsequently compared. This
approach does not seek to examine transient mental state shifts but
seeks to characterize each cognitive condition as a whole and the brain
network differences between them. The distinction between these two
approaches is important in the network neuroscience of intelligence,
and we hold that empirical investigations employing the dynamic
conception are what are required to substantively evaluate Barbey's
Network Neuroscience Theory of Intelligence.

3. Brain network reconfiguration

In this section we provide an overview of empirical research on the
relationship between brain network reconfiguration and cognition, so
as to provide further background for the tenets of the Network
Neuroscience Theory of Intelligence and our subsequent empirical
suggestions. As detailed above, the brain can be parcellated into func-
tionally specialized networks (synonymous with ‘modules’) which fea-
ture dense intra-network connectivity, and which are connected to each
other via relatively sparse inter-network connections [3,43,4]. Early
research on the network organization of the brain typically concerned
itself with networks derived from the resting-state [52,43], motivated
by a view of the resting-state as a task-free baseline which revealed the
‘intrinsic’/context-independent functional organization of the brain
[53,52,54,55]. Recent research, however, has supported the notion that
the brain's network organization dynamically changes both within
particular cognitive conditions (including rest) and in the transitions
between them [12–16,6,17–21,7,22,9,23–25]. Consequently, cognitive
condition-dependent functional reconfiguration of brain networks has
emerged as a likely mechanism that allows the brain to flexibly employ
its anatomical connections to dynamically adjust to current cognitive
demands [6–9].

Underscoring this view, brain network changes elicited by parti-
cular tasks have been directly related to behavioral and cognitive per-
formance [12,56,13,57,47,58,28,59,17,10,23]. For example, dynamic
brain network reconfiguration at the sub-minute level has been asso-
ciated with individual differences in learning capacity, working
memory, memory recall accuracy, cognitive flexibility, and executive
function [56,13,57–59,24].

Specific regions of the brain significantly vary in their propensity to
dynamically change their network affiliation (and therefore drive net-
work reconfiguration) [20,60]. Empirical work, for example, has suc-
cessfully separated areas of the brain into a set of regions that constitute
a ‘core’ or ‘task-general’ structure, as well as a smaller set of regions (the
‘periphery’) associated with greater task-dependent dynamic change
[61,14,62,51,19,63]. The ‘core network’ remains relatively stable
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across different cognitive conditions. For example, one study measured
the connectivity structure common across 64 different task domains
and revealed an organization with very high similarity to the resting-
state (r=0.90) [62]. Further support came from a study examining the
similarity of functional organization across 14 distinct task states, all of
which featured strong correlations, ranging from 0.69 to 0.82 [19].
Similar evidence of stable global network connectivity comes from
additional graph theoretic measures: clustering and path length/global
efficiency remains largely stable across tasks, while local changes se-
lectively occur in particular regions/networks [21].

Certain regions are more likely to undergo dynamic change in net-
work affiliation. Research suggests such regions often (but not always,
e.g., [64]) consist of multimodal association ‘hub’ regions [28,6,49,8].
These flexible regions, which can be characterized by their high cen-
trality and interconnectivity within the entire brain network, are
thought to facilitate the selective and flexible integration of networks
based on particular task demands [65,66,28,8,60]. Importantly, it
should be emphasized that the flexibility of a particular region can vary
across cognitive conditions, and that hub regions flexibly employ dif-
ferent subsets of their diverse connections depending on the level and
type of current cognitive demands [20].

Research on brain network reconfiguration has also provided evi-
dence that the brain's functional network organization continually os-
cillates, at the sub-minute level, between states of relative integration
and segregation [67,58,9]. Research on task-dependent reconfiguration
has revealed that most task-states elicit a more integrated (i.e., less
modular) brain network organization than rest [8], and that the degree
of task-dependent integration can track behavioral/cognitive perfor-
mance [13,58,15,16,22,8]. This is likely driven by a tendency towards
increased inter-network connectivity with concurrent decreases in
intra-network connectivity during task states [6]. Studies also suggest
that the degree of integration may track task difficulty and/or cognitive
effort [18,8]. For example, the degree of inter-network integration for
an n-back task is much higher than a simple motor task [8]. However, it
should be noted that task-based integration is not universally associated
with better performance [56,58]. For example, better performance on a
simple motor task was associated with greater segregation of relevant
networks [56,58]. Relatedly, an additional study found that greater
working memory capacity was associated with greater modularity
during rest (i.e., less whole-brain integration), suggesting that segre-
gation might sometimes serve to inhibit noise propagation [68]. It is
possible that cognitive tasks vary with respect to the degree to which
they demand network cross-talk vs. functional modularity and to the
degree to which they can become automatized (i.e., requiring less
cognitive control and relying more heavily on skilled behavior), which
may be represented in the competition between brain network in-
tegration and segregation. Collectively, this research suggests, in line
with Barbey [38], that the brain's ability to flexibly reconfigure into
either an integrated or segregated functional organization as required
for particular cognitive demands is important for cognitive and beha-
vioral performance.

4. Barbey's network neuroscience theory of intelligence

Although network neuroscience approaches have been gaining po-
pularity in psychologically-relevant domains over the last decade, such
approaches have only recently been applied to intelligence in empirical
and theoretical work. A novel theoretical framework was recently
proposed by Barbey (2018), which suggests that network neuroscience
measures may help explain Spearman's g. According to Barbey's fra-
mework, g originates from individual differences in system-wide to-
pology and the dynamic reorganization of intrinsic connectivity net-
works in the brain. It therefore holds that g is a global brain property
specifically embodied by the properties of functional brain network
dynamics. Moreover, Barbey's Network Neuroscience Theory of
Intelligence proposes that the facility with which intrinsically

connected networks can flexibly transition between network states is
dependent on their small-world topology. This is to say that individual
differences in g are related to the ability of one's brain to exhibit a
functional network topology that facilitates an optimal balance be-
tween local (modular) and global (integrative) processing. In this
model, the capacity to flexibly transition between two types of network
states is critical to underlying individual differences in g: 1) easy-to-
reach states that are achieved through strongly connected hubs re-
quiring minimal transitions – driving crystallized intelligence (i.e.
performance on tasks requiring prior knowledge and experience) and 2)
difficult-to-reach states that are achieved through weak connections –
driving fluid intelligence (i.e. performance on tasks requiring the ca-
pacity to reason and adapt in novel situations). Barbey refers to crys-
tallized and fluid intelligence as broad cognitive abilities, and proposes
that they emerge as domain specific (locally efficient) modules which
are hierarchically embedded within other domain specific modules to
give rise to greater global efficiency. Accordingly, he holds that,
whereas transitions towards states that maximize local efficiency are
associated with the engagement of domain specific cognitive abilities,
transitions towards states that maximize global efficiency are associated
with the engagement of broad or general abilities.

In addition, Barbey notes that intrinsically connected networks
differ in terms of the variability of their inter-network connections over
time. This means that differences will arise in the degree to which
networks support dynamic flexibility. For example, the frontoparietal
control network – which is most strongly associated with fluid in-
telligence – has been found to have the greatest dynamic flexibility
across task states of any network [28,20], and is thus thought to also
play a key role in general abilities.

In sum, Barbey's Network Neuroscience Theory of Intelligence offers
a new way of thinking about general intelligence: it is the ability to
leverage small-world topologies to flexibly shift between network
states, ultimately promoting rapid information exchange at a global
level. As such, it offers two main theses: (1) individual differences in g
are based on the flexibility with which one's system-wide network or-
ganization can adaptively reorganize its topology and community
structure in service of a task, and (2) that this flexibility depends on the
small-worldness of one's brain network. The first thesis pertains to
dynamics - specifically, the flexibility of transitions between states over
time. The second thesis pertains to the underlying (static) topological
organization of one's brain network. In what follows, we offer a dis-
cussion of empirical research related to each.

4.1. Thesis (1): flexibility of brain network reconfiguration

A number of empirical studies have explored how the brain dyna-
mically reconfigures in the service of executive cognition and high-level
reasoning. Given that intelligence tasks require similar processes for
completion, we find such studies informative for understanding the role
of brain network reorganization in relation to the neural basis of in-
telligence. In this section, we review these studies and evaluate the
degree to which they provide initial evidence in support of Barbey's first
thesis (1): individual differences in g are based on the flexibility of
system-wide network reconfiguration.

In a notable study, Braun and colleagues [13] employed sliding-
window dFC analyses to characterize the brain network reconfiguration
underlying executive function as indexed via performance on the n-
back task. They measured regional flexibility (the tendency of a region
to change its modular affiliation across windows) and found pre-
ferentially greater network reorganization in frontal regions when
cognitive load was higher, and, further, that this reorganization was
significantly correlated with task performance [13]. Consistent with
past results suggesting that greater network flexibility predicts greater
learning ability [12], this study provided evidence that network flex-
ibility may also facilitate stronger executive function. A related study
employed resting-state dFC analyses and examined the length of time
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two region pairs remained connected or disconnected with each other
(based on a connectivity threshold) prior to switching to the opposite
state [48]. They interpreted lower average time spent in a particular
connectivity state as indicating greater flexibility. The authors found
that, averaged across all regions of the brain, lower average time spent
in a particular connectivity state (across the whole brain) was positively
correlated with executive performance, and explained significantly
more variance relative to static multi-minute analyses [48]. This result
was primarily driven by frontal-parietal executive control regions
which featured significant flexibility over time as indicated by their
measure [48].

An additional noteworthy study in this area built on the above-
mentioned investigations by examining the relationship between neural
flexibility and executive function [69]. This is particularly relevant for
the present discussion given Barbey's claim that the brain's ability to
flexibly reconfigure is central to intelligence. This study applied k-
means clustering on sliding-windows to identify clusters of similar
windows (‘brain states’), each of which represented a whole-brain
network connectivity pattern. They found that cognitive flexibility (NIH
Card Sort) and processing speed (NIH Processing Speed) were higher in
individuals who spent a greater fraction of time in brain states with
greater variability relative to brain states with lower variability [69].
Interestingly, however, fluid intelligence (which is typically highly
correlated with g) did not show this relationship, nor did it show any
relationship with any other dFC measured used in this study. This
suggests a non-trivial relationship between putative subcomponents of
intelligence and brain function, with notable dissociations between
them.

In combination, these studies offer support for the role of flexible
brain network reorganization in cognitive processes that are often taken
to be related to intelligence. However, the relationship between in-
telligence and its putative component processes is far from clear, and
these studies provide indirect support at best. The question of the re-
lationship between distinct executive functions (e.g., working memory,
response inhibition, task switching, processing speed, etc.), and be-
tween them and intelligence, has been a source of continual controversy
in the field [70–73]. This is motivated by the fact that executive
functions differentially correlate amongst themselves, and not all
functions correlate with measures of intelligence (e.g., as measured by
full-scale IQ or fluid intelligence) [71,72]. Thus, the need to clarify the
relationship between intelligence and executive function should be
borne in mind in network neuroscience investigations of intelligence
moving forward (see Section 5.1 for further discussion and suggestions
on this point).

Two additional relevant studies, which examined brain network
configuration but did not employ dFC analyses, also warrant discussion.
A recent study by Hearne et al. [51] investigated how flexibility arises
out of relatively stable brain networks, and how it changes over time.
Their goal was to examine changes in functional connectivity (FC)
across five different fMRI scans: a pre-task “resting state” scan, followed
by three different levels of complexity on a relational reasoning task,
and finally a post-task ‘resting-state’ scan. Each level of the reasoning
task was then compared to FC values in both the pre- and post-task
resting state scans in order to assess changes over time.

Four networks emerged during the pre-task resting state scan: sen-
sory, default network, visual, and FPCN. In contrast, a transitory fron-
toparietal-visual (FPV) module emerged during task scans but switched
back to its original configuration again during the post-task scan. They
also found that the FPCN displayed the greatest amount of re-
configuration during task-scans compared to the other three networks
found at rest. In addition, the authors assessed changes in each module's
global efficiency across conditions and how this related to performance
on the reasoning task. The FPV module not only demonstrated changes
in efficiency across conditions, but its efficiency was also significantly
correlated with better performance on the reasoning task.

Although the results of this study serve as a step towards

understanding the network neuroscience of intelligence by under-
scoring the importance of flexible brain network reconfiguration and
network efficiency, they do so only through potential inferences and
inconclusive evidence. For example, the relationship between FPV ef-
ficiency and cognitive performance was maintained even with fluid
intelligence scores partialled out, and the authors did not report the
correlation between changes in efficiency and fluid intelligence. In
addition, the authors critically did not employ dynamic measures of FC
at the sub-minute level.

A final study, Schultz and Cole [22], also did not directly test Bar-
bey's framework, but their results nevertheless demonstrated initial
evidence that higher-performing individuals have more efficient net-
work reconfiguration when switching from resting-state to three dif-
ferent cognitive conditions (language task, working memory task, and
reasoning task). They assessed reconfiguration efficiency by measuring
the similarity of FC patterns between rest and each of these conditions.
This was based on the inference that greater similarity in FC patterns
between two cognitive conditions indicates that a shorter distance in
state-space is required to travel from one to the other. Employing this
metric, they found that reconfiguration efficiency from rest to a given
cognitive condition was positively related to performance for all three
conditions. Further, they found that 1) individuals with greater simi-
larity between task-general FC and resting-state FC exhibited stronger
task performance, and 2) reconfiguration efficiency was correlated with
general intelligence. This led the authors to suggest that individuals
with greater intelligence have an intrinsic (resting-state) brain network
configuration that is already closer to the type of configuration needed
to perform well on demanding cognitive tasks.

Despite ostensibly providing support for Barbey's framework, this
study also features limitations that preclude its ability to do so in a
substantive manner. Notably, this study did not employ dFC analyses
and used cognitive condition-averaged characterizations of FC. While
examining the FC configuration similarity of two temporally adjacent
cognitive conditions may be suggestive, without directly measuring the
dynamics of the FC state transitions between and within them strong
conclusions cannot be made with respect to Barbey's thesis (1).

Collectively, these studies offer indirect support for aspects of
Barbey's theory. They offer evidence for intelligence and cognitive
performance-related brain network reorganization, but do not represent
substantive evidence for thesis (1) because they either did not employ
dynamic analyses which examine connectivity at the sub-minute level,
or they only observed relationships for executive cognition. In Section 5
below we provide suggestions for the kinds of empirical investigations
that can build on these past studies and serve to directly evaluate the
Network Neuroscience Theory of Intelligence.

4.2. Thesis (2): small-worldness and brain network flexibility

There is no empirical research to date directly assessing the re-
lationship between small-worldness and the dynamic flexibility of brain
network reconfiguration. There is, however, research investigating
global brain network efficiency and intelligence. As described above,
small-worldness is a measurement of the ratio of clustering to char-
acteristic path length, and global efficiency is the inverse of char-
acteristic path length. Thus, given that high global efficiency directly
contributes to high small-worldness, the relationship between global
efficiency and intelligence may be informative. The relationship be-
tween functional network global efficiency and intelligence was first
suggested by a study by Van Den Heuval and colleagues [32]. This
study analyzed the characteristic path length of functionally connected
voxels across the brain during the resting-state, and found that overall
characteristic path length was negatively correlated with full-scale IQ
[32]. That is, individuals whose voxels, on average, featured greater
topological proximity to each other scored higher on the IQ tests. In an
attempt to further elucidate this finding, Santarnecchi et al. [74] sought
to precisely characterize the nature of the connections that support the
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putative greater network efficiency of high intelligence individuals.
Specifically, they noted that functional connections vary widely in their
strength, yet many graph theoretic investigations of functional network
organization (including [32], mentioned above) binarize connections
between nodes based on a threshold. In their study, they separately
analyzed the relationship between brain network efficiency and in-
telligence for weakly connected and strongly connected nodes. In ad-
dition to replicating the results of van den Heuval et al. [32], they found
that weakly connected nodes (nodes connected via long-range con-
nections) accounted for greater variance in intelligence scores than
strongly connected nodes [74]. These were largely instantiated by
functional connections involving regions of superior frontal gyrus,
anterior cingulate cortex, the temporal pole, and the hippocampus [74].
These studies were taken to display a link between efficiency of func-
tional brain network organization and general intelligence, for which
weak connections (which typically mediate inter-network connections
and are a critical component of small-worldness) play a large role. Of
note, support for a relationship between global efficiency (as measured
via small-worldness) and intelligence was also provided with functional
networks derived using EEG [75]

Recent research, however, has called into question the intuitive
relationship between brain network efficiency and intelligence.
Pamplona et al. [99] related full-IQ scores to particular graph theoretic
properties of functional brain networks and failed to replicate a sta-
tistically significant relationship between either characteristic path
length or global efficiency with intelligence. An additional study found
no relationship between global efficiency of functional networks and
full-scale IQ [76]. Providing strong further evidence against this re-
lationship, a study explicitly attempting to replicate the van den Heuval
et al. [32] study with data from ∼1000 subjects from the Human
Connectome Project 1200 dataset, also found no significant relation-
ships between global efficiency or characteristic path length with in-
telligence [30]. Thus, the jury is still out on whether a clear positive
relationship exists between whole-brain functional network efficiency
and intelligence.

Although the literature on whole brain connectivity has been mixed,
the global connectivity of nodes in the FPCN – which we described
above as having a strong role in both fluid intelligence and g – has been
specifically linked to intelligence. One study measured the ‘global brain
connectivity’ (GBC; which corresponds to the average connectivity of a
region with every other region of the brain) of a set of cognitive control
regions and found that the left lateral prefrontal cortex (LPFC) featured
a significant positive correlation between its GBC and fluid intelligence
[77,78]. This was in line with a previous study that found a relationship
between general intelligence and the functional connectivity strength
between bilateral dorsolateral prefrontal cortex and regions distributed
across the frontal, parietal, temporal, and occipital lobes [79].

Thus, potentially notwithstanding findings specifically involving the
FPCN, existing research does not unequivocally support a relationship
between global efficiency and intelligence. This is suggestive with re-
spect to the relationship between small-worldness and intelligence, but,
again, does not constitute a direct test of Barbey's thesis (2). Although it
has been approached through computational modeling [80], the re-
lationship between small-worldness and the dynamic flexibility of brain
networks has, to our knowledge, yet to be directly investigated em-
pirically. It is worthwhile to note, however, that computational models
have demonstrated that networks with greater small-worldness exhibit
more complex dynamics and feature greater flexibility in response to
perturbations/external inputs [45,41,80]. Empirical tests of the re-
lationship between small-worldness and intelligence-related brain net-
work reconfiguration flexibility should involve measures of small-
worldness and analyses aimed at characterizing brain network dy-
namics, in addition to measures of intelligence.

One first step could be to compute small-worldness and dFC metrics
of brain network flexibility (e.g., such as regional flexibility as men-
tioned above) on the Human Connectome Project data used by

Kruschwitz et al. [30] and to examine relationships between them and
measures of executive function and intelligence. An additional poten-
tially worthwhile avenue would be to draw on research applying
measures of the controllability of brain networks derived from network
science [81]. Such measures are aimed at characterizing the manner in
which certain regions play disproportionate roles in the propagation of
activity in networks and could be employed to determine the particular
neuroanatomical properties that are most facilitative of brain network
flexibility [82]. This could, for example, facilitate evaluations of the
importance of nodes that are deemed to play central roles in upholding
the small-world organization of brain networks and could also reveal
organizational properties (e.g., at different spatial scales) in addition to
small-worldness that facilitate brain network flexibility.

5. Suggestions on moving forward

Despite the fact that the few studies highlighted above do not ex-
plicitly test the Network Neuroscience Theory of Intelligence, they
provide evidence that network neuroscience approaches can be valu-
able tools in this domain and support the plausibility of Barbey's theses.
Barbey's theory provides an important theoretical framework that can
help spark research in this area, and we believe that empirically testing
its claims constitutes a valuable way forward. Below we pose questions
that have not been addressed to date but that will facilitate the em-
pirical evaluation of Barbey's claims. Specifically, we focus on Barbey's
thesis that g is underpinned by “dynamic reorganization of [networks] –
modifying their topology and community structure in the service of
system-wide flexibility and adaptation” ([38], p. 10).

5.1. How do different executive functions relate to intelligence and brain
network reconfiguration?

Research has suggested non-uniform relationships between different
components of executive function, and only a subset of executive
functions appear to be highly associated with intelligence [71,72]. This
has been taken to suggest that specific executive functions (such as
working memory updating; [71]) may play a generalized role that
disproportionately contributes to intelligence scores. This points to the
question of whether g pertains to an actual higher-order cognitive ca-
pacity that plays a top-down causal role, or whether it is a bottom-up
result of multiple cognitive tests featuring overlap in their component
processes [34].

Barbey's Network Neuroscience Theory of Intelligence assumes the
former and views g as a whole-brain phenomenon, but this view of g as
a generalized, unitary construct with a causal role is far from con-
sensual [83–85,34,86]. Thus, in empirically evaluating the claims of
Barbey's theories, investigations will ideally explicitly examine how
different executive functions relate to g/intelligence, and how in-
telligence and executive function relate to brain network reconfigura-
tion at different spatial scales. Investigations could do this by examining
both local (e.g., FC flexibility and efficiency of specific intra-network
and inter-network relationships, such as between frontoparietal or ex-
ecutive regions) and global (e.g., whole-brain network reconfiguration
or efficiency) neural measures in relation to distinct executive functions
as well as intelligence. Such comprehensive studies would greatly fa-
cilitate a clearer picture of the brain network basis of g/intelligence and
have potential to contribute to ongoing theoretical debates regarding
the relationship between intelligence and executive function. As a
specific example, an initial study could measure the dynamic flexibility
of regions, networks, and the whole brain in relation to a cognitive
flexibility task [87] and to Raven's Progressive Matrices (a fluid in-
telligence measure often used as a proxy for g) and determine the re-
lationships between them. This would provide information on the de-
gree to which neural flexibility relates to a specific function vs. fluid
intelligence, and on what spatial scales.
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5.2. How does the brain dynamically reconfigure in relation to engaging in
an intelligence task, and how do these reconfigurations predict performance?

Intelligence studies so far [28,22] have not fully utilized measure-
ments of dynamic changes of connectivity at shorter timescales as a
means of investigating brain network reconfiguration. For example,
Schultz and Cole [22] measured brain network reconfiguration effi-
ciency via the relationship between the averaged FC patterns of entire
cognitive conditions. Barbey's claim specifically refers to the dynamic
flexible transitions between brain states and, given the rapid time-
varying nature of neural activity, analyses should ideally seek to ex-
amine sub-minute time scales. Further, while past research has pri-
marily retroactively related intelligence scores to independently col-
lected brain data, we emphasize the importance of dynamic
connectivity during intelligence task performance in testing Barbey's
thesis (1). Thus, in order to investigate thesis (1), investigations should
seek to directly assess the relationship between the dynamics of brain
state transitions and intelligence task performance. This would also
entail a closer characterization of changes in mental state both during
and between tasks. Of interest are the mental and brain state space
trajectories that lead e.g., from rest to a particular cognitive condition,
and that lead from problem initialization to solution within a cognitive
condition. Are there similar brain state trajectories followed by in-
dividuals of varying intelligence during a given cognitive condition?
What general properties of brain state transitions into and during
cognitive conditions can be ascertained? How do individual differences
in cognitive strategy change this? Sub-minute analyses that more clo-
sely approximate the time scale of cognitive processing, in combination
with phenomenological self-reports [88], may allow insight into these
questions, and therefore enable a more fine-grained characterization of
the dynamics underlying intelligence. As a means of doing this, in-
vestigations could draw from the methods employed in the burgeoning
research on dynamic functional connectivity [6,11,7] as well as
methods adapted from network science (e.g., [81,89,90]). For example,
a study can use a dFC sliding-window ‘brain state’ protocol [91] or a
Hidden Markov Model-based approach [92] on task-based fMRI with a
continuous trial structure, with each condition featuring a distinct in-
telligence/executive cognition task. One may then evaluate relation-
ships between particular states and performance on particular tasks and
examine the transition probabilities between particular states around
the boundaries between conditions.

5.3. How do easy-to-reach versus difficult-to-reach states, as discussed in
the Network Neuroscience Theory of Intelligence, relate to intelligence?

Barbey's framework proposes that general intelligence is the ability
to leverage small-world topologies to flexibly shift into easy-to-reach
and difficult-to-reach states. Although there is evidence for the ex-
istence of these two types of states [89], they have not yet been reliably
related to intelligence through empirical work. This may potentially be
done using recent dynamic brain state-based analyses, which cluster
connectivity or coactivation patterns into distinct states and map out
their properties [91,93,94,69]. Future work could focus on addressing
this gap in the literature by examining the regularity with which people
transition into easy or difficult to reach states during specific in-
telligence tasks (e.g., fluid vs. crystallized) or at rest. The latter, if re-
lated to measurements of general intelligence or g, can notably be
employed to explore the relationship between cognitive traits (e.g.,
tendency to engage in deliberate thinking), intelligence, and brain dy-
namics. This may also be helpful in interpreting Schultz et al.’s finding
(2016) that more intelligent individuals have greater rest-task FC si-
milarity. For example, it could be the case that individuals with greater
intelligence engage in more deliberate thinking during rest, which
translates to greater readiness to engage in cognitive tasks as embodied
by greater task-related FC patterns during the resting state. A study
aimed at this question could have individuals separately carry out tasks

that (1) require past knowledge for completion and therefore depend
primarily on easy-to-reach states as defined by Barbey, and (2) require
adaptive, flexible problem solving and therefore depend on hard-to-
reach states. Dynamic brain states could be assessed in each of these
conditions, related to behavioral scores, and projected onto their
resting-state timecourse to determine their frequency of occurrence
independent of a task. Such a study could also incorporate subjective
reports on mind-wandering tendencies and typical cognitive strategies
to bolster psychological interpretation of the results.

5.4. Can accounting for individual differences in the brain's network
organization help us refine our understanding of intelligence?

Much of the work being done currently focuses on generalizable
findings based on group averages. While this work is crucial, ac-
counting for between-subject variability in network measures may be
equally useful as we refine our understanding further [95]. This sug-
gestion is supported by the finding that within-subject similarity be-
tween individuals’ resting-state and task-state organization correlated
with behavior [22]. Their study indicated that, regardless of the exact
organization of each of these states, what was significant was that for a
given individual these two states were similar. Thus, intelligence as
scientifically measured may be instantiated in an individual-specific
manner (e.g., contingent on cognitive tendencies and problem-solving
strategies). For example, how do network dynamics during the resting
state for a given individual relate to scores on cognitive traits (e.g.,
tendency to engage deliberate thinking, conscientiousness, openness,
etc.), and how does this relate to their performance on intelligence tasks
and corresponding task-related network dynamics?

As mentioned before, the incorporation of subjective reports aimed
at gaining information on the potentially idiosyncratic cognitive un-
derpinnings of a given task state may provide valuable insight. Research
in this vein may seek to systematically relate cognitive traits to resting-
state brain dynamics and, for example, examine whether such cognitive
traits explain the presence of brain-behavior correlations in some sub-
jects but not others. An additional important factor to consider here is
with respect to developmental changes and their relationship to parti-
cular cognitive tendencies and brain network dynamics [96,97]. In-
deed, investigations have provided evidence of cognitively-relevant
changes in brain network dynamics that occur over development (e.g.,
[94,98]). In light of this and research showing both stabilities and in-
stabilities of aspects of intelligence over the life span [96], a compre-
hensive examination of the relationship between neurodevelopmental
changes in brain network dynamics, cognitive traits, and intelligence
measures represents an important line of research. Longitudinal studies
which incorporate a comprehensive suite of psychological (including
phenomenological reports of cognitive strategies), cognitive, and neural
measures would provide invaluable insights in this domain.

6. Final conclusions

The burgeoning field of network neuroscience has provided a suite
of novel theoretical and analytical tools that are increasingly applied to
various cognitive domains. The application of these tools to the neu-
roscience of intelligence has just begun and offers the potential to sig-
nificantly advance our understanding of the neural basis of intelligence.
The Network Neuroscience Theory of Intelligence of [38] provides an
important theoretical grounding that motivates specific future research
directions that could provide important empirical tests for this theory.
Here we have outlined a number of avenues for future research that
could advance our understanding of the network neuroscientific basis
of intelligence by directly testing the predictions of this theory. We
believe that doing so will prove central to our understanding of in-
telligence and the neural basis of cognition more generally.

M. Girn, et al. Trends in Neuroscience and Education 15 (2019) 62–70

68



Declaration of interest

None.

Conflict of interest

We have no conflicts of interest to declare as part of this submission.

Ethics

No data was collected from humans or non-human animals as part
of the work done for this paper. All research activities were compliant
with university policies.

Financial disclosure

We certify that we have no financial disclosures to declare.

References

[1] D.S. Bassett, O. Sporns, Network neuroscience, Nat. Neurosci. 20 (3) (2017)
353–364.

[2] J. Damoiseaux, S. Rombouts, F. Barkhof, P. Scheltens, C. Stam, S.M. Smith,
C. Beckmann, Consistent resting-state networks across healthy subjects,
Proceedings of the National Academy of Sciences, 103 2006, pp. 13848–13853.

[3] . . . J.D. Power, A.L. Cohen, S.M. Nelson, G.S. Wig, K.A. Barnes, J.A. Church,
B.L. Schlaggar, Functional network organization of the human brain, Neuron 72 (4)
(2011) 665–678.

[4] . . . B.T.T. Yeo, F.M. Kirienen, J. Sepulcre, M.R. Sabuncu, D. Lashkari,
M. Hollinshead, R.L. Buckner, The organization of the human cerebral cortex es-
timated by intrinsic functional connectivity, J. Neurophysiol. 106 (2011)
1125–1165, https://doi.org/10.1152/jn.00338.2011.

[5] X.-N. Zuo, C. Kelly, J.S. Adelstein, D.F. Klein, F.X. Castellanos, M.P. Milham,
Reliable intrinsic connectivity networks: test–retest evaluation using ICA and dual
regression approach, Neuroimage 49 (3) (2010) 2163–2177.

[6] J. Gonzalez-Castillo, P.A. Bandettini, Task-based dynamic functional connectivity:
recent findings and open questions, Neuroimage (2017).

[7] M.G. Preti, T.A. Bolton, D. Van De Ville, The dynamic functional connectome: state-
of-the-art and perspectives, Neuroimage 160 (2017) 41–54.

[8] . . . J.M. Shine, P.G. Bissett, P.T. Bell, O. Koyejo, J.H. Balsters, K.J. Gorgolewski,
R.A. Poldrack, The dynamics of functional brain networks: integrated network
states during cognitive task performance, Neuron 92 (2) (2016) 544–554.

[9] J.M. Shine, R.A. Poldrack, Principles of dynamic network reconfiguration across
diverse brain states, Neuroimage (2017).

[10] W. Shirer, S. Ryali, E. Rykhlevskaia, V. Menon, M. Greicius, Decoding subject-
driven cognitive states with whole-brain connectivity patterns, Cereb. Cortex 22 (1)
(2012) 158–165.

[11] Lurie, D., Kessler, D., Bassett, D., Betzel, R.F., Breakspear, M., Keilholz, S., . . .
McIntosh, A.R. (2018). On the nature of resting fMRI and time-varying functional
connectivity. PsyArXiv Preprints.

[12] D.S. Bassett, N.F. Wymbs, M.A. Porter, P.J. Mucha, J.M. Carlson, S.T. Grafton,
Dynamic reconfiguration of human brain networks during learning, Proc. Natl.
Acad. Sci. 108 (18) (2011) 7641–7646.

[13] . . . U. Braun, A. Schäfer, H. Walter, S. Erk, N. Romanczuk-Seiferth, L. Haddad,
H. Tost, Dynamic reconfiguration of frontal brain networks during executive cog-
nition in humans, Proceedings of the National Academy of Sciences, 112 2015, pp.
11678–11683.

[14] L.R. Chai, M.G. Mattar, I.A. Blank, E. Fedorenko, D.S. Bassett, Functional network
dynamics of the language system, Cereb. Cortex 26 (11) (2016) 4148–4159.

[15] E.N. Davison, K.J. Schlesinger, D.S. Bassett, M.-E. Lynall, M.B. Miller, S.T. Grafton,
J.M. Carlson, Brain network adaptability across task states, PLoS Comput. Biol. 11
(1) (2015) e1004029.

[16] C.L. Gallen, G.R. Turner, A. Adnan, M. D'Esposito, Reconfiguration of brain network
architecture to support executive control in aging, Neurobiol. Aging 44 (2016)
42–52.

[17] J. Gonzalez-Castillo, C.W. Hoy, D.A. Handwerker, M.E. Robinson, L.C. Buchanan,
Z.S. Saad, P.A. Bandettini, Tracking ongoing cognition in individuals using brief,
whole-brain functional connectivity patterns, Proceedings of the National Academy
of Sciences, 112 2015, pp. 8762–8767.

[18] M.G. Kitzbichler, R.N. Henson, M.L. Smith, P.J. Nathan, E.T. Bullmore, Cognitive
effort drives workspace configuration of human brain functional networks, J.
Neurosci. 31 (22) (2011) 8259–8270.

[19] F.M. Krienen, B.T. Yeo, R.L. Buckner, Reconfigurable task-dependent functional
coupling modes cluster around a core functional architecture, Phil. Trans. R. Soc. B
369 (1653) (2014) 20130526.

[20] M.G. Mattar, M.W. Cole, S.L. Thompson-Schill, D.S. Bassett, A functional carto-
graphy of cognitive systems, PLoS Comput. Biol. 11 (12) (2015) e1004533.

[21] M.N. Moussa, C.D. Vechlekar, J.H. Burdette, M.R. Steen, C.E. Hugenschmidt,
P.J. Laurienti, Changes in cognitive state alter human functional brain networks,
Front. Hum. Neurosci. 5 (2011) 83.

[22] D.H. Schultz, M.W. Cole, Higher intelligence is associated with less task-related
brain network reconfiguration, J. Neurosci. 36 (33) (2016) 8551–8561.

[23] . . . S. Spadone, S. Della Penna, C. Sestieri, V. Betti, A. Tosoni, M.G. Perrucci,
M. Corbetta, Dynamic reorganization of human resting-state networks during vi-
suospatial attention, Proceedings of the National Academy of Sciences, 112 2015,
pp. 8112–8117.

[24] D. Vatansever, A. Manktelow, B.J. Sahakian, D.K. Menon, E.A. Stamatakis, Angular
default mode network connectivity across working memory load, Hum. Brain Mapp.
38 (1) (2017) 41–52.

[25] A. Zalesky, A. Fornito, L. Cocchi, L.L. Gollo, M. Breakspear, Time-resolved resting-
state brain networks, Proceedings of the National Academy of Sciences, 111 2014,
pp. 10341–10346.

[26] A. Kucyi, K.D. Davis, Dynamic functional connectivity of the default mode network
tracks daydreaming, Neuroimage 100 (2014) 471–480.

[27] D.S. Bassett, M.G. Mattar, A network neuroscience of human learning: potential to
inform quantitative theories of brain and behavior, Trends Cogn. Sci. 21 (4) (2017)
250–264.

[28] M.W. Cole, J.R. Reynolds, J.D. Power, G. Repovs, A. Anticevic, T.S. Braver, Multi-
task connectivity reveals flexible hubs for adaptive task control, Nat. Neurosci. 16
(9) (2013) 1348.

[29] I.J. Deary, L. Penke, W. Johnson, The neuroscience of human intelligence differ-
ences, Nat. Rev. Neurosci. 11 (3) (2010) 201.

[30] J. Kruschwitz, L. Waller, L. Daedelow, H. Walter, I. Veer, General, crystallized and
fluid intelligence are not associated with functional global network efficiency: a
replication study with the human connectome project 1200 data set, Neuroimage
(2018).

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

[32] M.P. van den Heuvel, C.J. Stam, R.S. Kahn, H.E.H. Pol, Efficiency of functional
brain networks and intellectual performance, J. Neurosci. 29 (23) (2009)
7619–7624.

[33] C. Spearman, "General Intelligence," objectively determined and measured, Am. J.
Psychol. 15 (2) (1904) 201–292.

[34] K. Kovacs, A.R. Conway, Process overlap theory: a unified account of the general
factor of intelligence, Psychol. Inq. 27 (3) (2016) 151–177.

[35] R. Colom, P.M. Thompson, Understanding human intelligence by imaging the brain,
The Wiley-Blackwell Handbook of Individual Differences, (2011), pp. 330–352.

[36] R.E. Jung, R.J. Haier, The Parieto-Frontal Integration Theory (P-FIT) of intelligence:
converging neuroimaging evidence, Behav. Brain Sci. 30 (2) (2007) 135–154.

[37] R. Colom, R.E. Jung, R.J. Haier, Distributed brain sites for the g-factor of in-
telligence, Neuroimage 31 (3) (2006) 1359–1365.

[38] A.K. Barbey, Network neuroscience theory of human intelligence, Trends Cogn. Sci.
(2017).

[39] M. Newman, Networks: an Introduction, Oxford University Press, 2010.
[40] M. Rubinov, O. Sporns, Complex network measures of brain connectivity: uses and

interpretations, Neuroimage 52 (3) (2010) 1059–1069.
[41] D.S. Bassett, E.T. Bullmore, Small-world brain networks revisited, Neuroscientist 23

(5) (2017) 499–516.
[42] D. Meunier, R. Lambiotte, A. Fornito, K.D. Ersche, E.T. Bullmore, Hierarchical

modularity in human brain functional networks, Hierarchy and Dynamics in Neural
Networks 1 (2010), p. 2.

[43] O. Sporns, R.F. Betzel, Modular brain networks, Annu. Rev. Psychol. 67 (2016)
613–640.

[44] O. Sporns, J.D. Zwi, The small world of the cerebral cortex, Neuroinformatics 2 (2)
(2004) 145–162.

[45] D.S. Bassett, E. Bullmore, Small-world brain networks, Neuroscientist 12 (6) (2006)
512–523.

[46] . . . R.M. Hutchison, T. Womelsdorf, E.A. Allen, P.A. Bandettini, V.D. Calhoun,
M. Corbetta, J. Gonzalez-Castillo, Dynamic functional connectivity: promise, issues,
and interpretations, Neuroimage 80 (2013) 360–378.

[47] J.R. Cohen, The behavioral and cognitive relevance of time-varying, dynamic
changes in functional connectivity, Neuroimage (2017).

[48] H. Jia, X. Hu, G. Deshpande, Behavioral relevance of the dynamics of the functional
brain connectome, Brain Connect. 4 (9) (2014) 741–759.

[49] X. Liao, M. Cao, M. Xia, Y. He, Individual differences and time-varying features of
modular brain architecture, Neuroimage 152 (2017) 94–107.

[50] A. Kucyi, Just a thought: how mind-wandering is represented in dynamic brain
connectivity, Neuroimage (2017).

[51] L.J. Hearne, L. Cocchi, A. Zalesky, J.B. Mattingley, Reconfiguration of brain net-
work architectures between resting-state and complexity-dependent cognitive rea-
soning, J. Neurosci. 37 (35) (2017) 8399–8411.

[52] D.M. Cole, S.M. Smith, C.F. Beckmann, Advances and pitfalls in the analysis and
interpretation of resting-state FMRI data, Front. Syst. Neurosci. 4 (8) (2010), https://
doi.org/10.3389/fnsys.2010.00008.

[53] . . . R.L. Buckner, J. Sepulcre, T. Talukdar, F.M. Krienen, H. Liu, T. Hedden,
K.A. Johnson, Cortical hubs revealed by intrinsic functional connectivity: mapping,
assessment of stability, and relation to Alzheimer's disease, J. Neurosci. 29 (6)
(2009) 1860–1873.

[54] M.E. Raichle, A.Z. Snyder, A default mode of brain function: a brief history of an
evolving idea, Neuroimage 37 (4) (2007) 1083–1090, https://doi.org/10.1016/j.
neuroimage.2007.02.041 discussion 1097-1089.

[55] . . . S.M. Smith, P.T. Fox, K.L. Miller, D.C. Glahn, P.M. Fox, C.E. Mackay, A.R. Laird,
Correspondence of the brain's functional architecture during activation and rest,
Proceedings of the National Academy of Sciences, 106 2009, pp. 13040–13045.

[56] D.S. Bassett, M. Yang, N.F. Wymbs, S.T. Grafton, Learning-induced autonomy of
sensorimotor systems, Nat. Neurosci. 18 (5) (2015) 744.

M. Girn, et al. Trends in Neuroscience and Education 15 (2019) 62–70

69

http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0001
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0001
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0002
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0002
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0002
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0003
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0003
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0003
https://doi.org/10.1152/jn.00338.2011
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0005
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0005
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0005
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0006
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0006
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0007
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0007
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0008
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0008
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0008
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0009
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0009
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0010
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0010
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0010
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0011
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0011
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0011
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0012
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0012
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0012
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0012
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0013
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0013
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0014
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0014
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0014
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0015
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0015
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0015
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0016
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0016
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0016
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0016
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0017
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0017
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0017
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0018
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0018
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0018
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0019
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0019
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0020
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0020
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0020
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0021
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0021
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0022
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0022
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0022
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0022
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0023
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0023
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0023
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0024
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0024
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0024
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0025
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0025
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0026
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0026
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0026
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0027
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0027
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0027
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0028
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0028
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0029
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0029
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0029
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0029
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0030
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0030
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0031
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0031
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0031
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0032
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0032
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0033
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0033
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0034
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0034
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0035
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0035
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0036
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0036
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0037
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0037
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0038
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0039
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0039
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0040
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0040
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0041
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0041
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0041
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0042
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0042
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0043
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0043
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0044
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0044
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0045
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0045
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0045
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0046
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0046
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0047
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0047
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0048
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0048
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0049
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0049
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0050
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0050
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0050
https://doi.org/10.3389/fnsys.2010.00008
https://doi.org/10.3389/fnsys.2010.00008
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0052
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0052
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0052
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0052
https://doi.org/10.1016/j.neuroimage.2007.02.041
https://doi.org/10.1016/j.neuroimage.2007.02.041
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0054
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0054
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0054
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0055
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0055


[57] T. Chen, W. Cai, S. Ryali, K. Supekar, V. Menon, Distinct global brain dynamics and
spatiotemporal organization of the salience network, PLoS Biol. 14 (6) (2016)
e1002469.

[58] J.R. Cohen, M. D'Esposito, The segregation and integration of distinct brain net-
works and their relationship to cognition, J. Neurosci. 36 (48) (2016) 12083–12094.

[59] L. Douw, D.G. Wakeman, N. Tanaka, H. Liu, S.M. Stufflebeam, State-dependent
variability of dynamic functional connectivity between frontoparietal and default
networks relates to cognitive flexibility, Neuroscience 339 (2016) 12–21.

[60] M.P. van den Heuvel, O. Sporns, Network hubs in the human brain, Trends Cogn. Sci.
17 (12) (2013) 683–696.

[61] D.S. Bassett, N.F. Wymbs, M.P. Rombach, M.A. Porter, P.J. Mucha, S.T. Grafton,
Task-based core-periphery organization of human brain dynamics, PLoS Comput.
Biol. 9 (9) (2013) e1003171.

[62] M.W. Cole, D.S. Bassett, J.D. Power, T.S. Braver, S.E. Petersen, Intrinsic and task-
evoked network architectures of the human brain, Neuron 83 (1) (2014) 238–251.

[63] . . . J.M. Shine, M. Breakspear, P. Bell, K.E. Martens, R. Shine, O. Koyejo,
R. Poldrack, The low dimensional dynamic and integrative core of cognition in the
human brain, bioRxiv (2018) 266635.

[64] Q.K. Telesford, M.-E. Lynall, J. Vettel, M.B. Miller, S.T. Grafton, D.S. Bassett,
Detection of functional brain network reconfiguration during task-driven cognitive
states, Neuroimage 142 (2016) 198–210.

[65] M. Bertolero, B. Yeo, M. D'Esposito, The diverse club, Nat. Commun. 8 (1) (2017)
1277.

[66] Bertolero, M.A., Yeo, B., Bassett, D.S., & D'Esposito, M. (2018). A mechanistic model
of connector hubs, modularity, and cognition. arXiv preprint arXiv:1803.08109.

[67] R.F. Betzel, M. Fukushima, Y. He, X.-N. Zuo, O. Sporns, Dynamic fluctuations co-
incide with periods of high and low modularity in resting-state functional brain
networks, Neuroimage 127 (2016) 287–297.

[68] A.A. Stevens, S.C. Tappon, A. Garg, D.A. Fair, Functional brain network modularity
captures inter-and intra-individual variation in working memory capacity, PLoS One
7 (1) (2012) e30468.

[69] . . . J.S. Nomi, S.G. Vij, D.R. Dajani, R. Steimke, E. Damaraju, S. Rachakonda,
L.Q. Uddin, Chronnectomic patterns and neural flexibility underlie executive
function, Neuroimage 147 (2017) 861–871.

[70] P.L. Ackerman, M.E. Beier, M.O. Boyle, Working memory and intelligence: the same
or different constructs, Psychol. Bull. 131 (1) (2005) 30.

[71] N.P. Friedman, A. Miyake, R.P. Corley, S.E. Young, J.C. DeFries, J.K. Hewitt, Not all
executive functions are related to intelligence, Psychol. Sci. 17 (2) (2006) 172–179.

[72] A. Miyake, N.P. Friedman, The nature and organization of individual differences in
executive functions: four general conclusions, Curr. Dir. Psychol. Sci. 21 (1) (2012)
8–14.

[73] T.A. Salthouse, Relations between cognitive abilities and measures of executive
functioning, Neuropsychology 19 (4) (2005) 532.

[74] E. Santarnecchi, G. Galli, N.R. Polizzotto, A. Rossi, S. Rossi, Efficiency of weak brain
connections support general cognitive functioning, Hum. Brain Mapp. 35 (9) (2014)
4566–4582.

[75] N. Langer, A. Pedroni, L.R. Gianotti, J. Hänggi, D. Knoch, L. Jäncke, Functional
brain network efficiency predicts intelligence, Hum. Brain Mapp. 33 (6) (2012)
1393–1406.

[76] K. Hilger, M. Ekman, C.J. Fiebach, U. Basten, Efficient hubs in the intelligent brain:
nodal efficiency of hub regions in the salience network is associated with general
intelligence, Intelligence 60 (2017) 10–25.

[77] M.W. Cole, T. Ito, T.S. Braver, Lateral prefrontal cortex contributes to fluid in-
telligence through multinetwork connectivity, Brain Connect. 5 (8) (2015) 497–504.

[78] M.W. Cole, T. Yarkoni, G. Repovš, A. Anticevic, T.S. Braver, Global connectivity of

prefrontal cortex predicts cognitive control and intelligence, J. Neurosci. 32 (26)
(2012) 8988–8999.

[79] M. Song, Y. Zhou, J. Li, Y. Liu, L. Tian, C. Yu, T. Jiang, Brain spontaneous functional
connectivity and intelligence, Neuroimage 41 (3) (2008) 1168–1176.

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

[81] . . . S. Gu, R.F. Betzel, M.G. Mattar, M. Cieslak, P.R. Delio, S.T. Grafton, D.S. Bassett,
Optimal trajectories of brain state transitions, Neuroimage 148 (2017) 305–317.

[82] Tang, E., Baum, G.L., Roalf, D.R., Satterthwaite, T.D., Pasqualetti, F., & Bassett, D.S.
(2019). The control of brain network dynamics across diverse scales of space and
time. arXiv preprint arXiv:1901.07536.

[83] J.B. Carroll, No demonstration that g is not unitary, but there's more to the story:
comment on Kranzler and Jensen, Intelligence 15 (4) (1991) 423–436.

[84] R. Colom, A. Chuderski, E. Santarnecchi, Bridge over troubled water: commenting
on Kovacs and Conway's process overlap theory, Psychol. Inq. 27 (3) (2016)
181–189.

[85] J.L. Horn, R.B. Cattell, Refinement and test of the theory of fluid and crystallized
general intelligences, J. Educ. Psychol. 57 (5) (1966) 253.

[86] J.H. Kranzler, A.R. Jensen, The nature of psychometric g: unitary process or a
number of independent processes, Intelligence 15 (4) (1991) 397–422.

[87] D.R. Dajani, L.Q. Uddin, Demystifying cognitive flexibility: implications for clinical
and developmental neuroscience, Trends Neurosci. 38 (9) (2015) 571–578.

[88] A. Lutz, E. Thompson, Neurophenomenology: integrating subjective experience and
brain dynamics in the neuroscience of consciousness, J. Conscious. Stud. 10 (9–10)
(2003) 31–52.

[89] . . . S. Gu, F. Pasqualetti, M. Cieslak, Q.K. Telesford, B.Y. Alfred, A.E. Kahn,
S.T. Grafton, Controllability of structural brain networks, Nat. Commun. 6 (2015)
8414.

[90] A.E. Sizemore, D.S. Bassett, Dynamic graph metrics: tutorial, toolbox, and tale,
Neuroimage (2017).

[91] E.A. Allen, E. Damaraju, S.M. Plis, E.B. Erhardt, T. Eichele, V.D. Calhoun, Tracking
whole-brain connectivity dynamics in the resting state, Cereb. Cortex 24 (3) (2014)
663–676.

[92] D. Vidaurre, S.M. Smith, M.W. Woolrich, Brain network dynamics are hierarchically
organized in time, Proc. Natl. Acad. Sci. 114 (48) (2017) 12827–12832.

[93] X. Liu, N. Zhang, C. Chang, J.H. Duyn, Co-activation patterns in resting-state fMRI
signals, Neuroimage (2018).

[94] . . . J.D. Medaglia, T.D. Satterthwaite, A. Kelkar, R. Ciric, T.M. Moore, K. Ruparel,
D.S. Bassett, Brain state expression and transitions are related to complex executive
cognition in normative neurodevelopment, Neuroimage 166 (2018) 293–306.

[95] S. Tompson, E.B. Falk, J.M. Vettel, D.S. Bassett, Network approaches to understand
individual differences in brain connectivity: opportunities for personality neu-
roscience, Personal. Neurosci. (2018).

[96] I.J. Deary, The stability of intelligence from childhood to old age, Curr. Dir. Psychol.
Sci. 23 (4) (2014) 239–245.

[97] N.R. Spreng, G. Turner, The shifting architecture of cognition and brain function in
older adulthood, Perspect. Psychol. Sci. (2019) In press.

[98] L.Q. Uddin, K.S. Supekar, S. Ryali, V. Menon, Dynamic reconfiguration of structural
and functional connectivity across core neurocognitive brain networks with de-
velopment, J. Neurosci. 31 (50) (2011) 18578–18589.

[99] G.S. Pamplona, G.S. Santos Neto, S.R. Rosset, B.P. Rogers, C.E. Salmon, Analyzing
the association between functional connectivity of the brain and intellectual per-
formance, Front. Hum. Neurosci. 9 (2015) 61.

M. Girn, et al. Trends in Neuroscience and Education 15 (2019) 62–70

70

http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0056
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0056
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0056
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0057
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0057
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0058
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0058
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0058
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0059
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0059
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0060
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0060
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0060
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0061
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0061
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0062
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0062
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0062
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0063
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0063
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0063
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0064
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0064
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0065
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0065
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0065
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0066
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0066
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0066
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0067
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0067
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0067
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0068
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0068
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0069
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0069
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0070
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0070
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0070
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0071
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0071
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0072
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0072
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0072
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0073
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0073
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0073
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0074
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0074
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0074
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0075
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0075
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0076
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0076
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0076
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0077
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0077
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0078
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0078
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0078
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0079
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0079
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0080
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0080
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0081
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0081
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0081
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0082
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0082
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0083
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0083
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0084
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0084
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0085
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0085
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0085
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0086
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0086
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0086
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0087
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0087
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0088
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0088
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0088
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0089
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0089
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0090
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0090
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0091
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0091
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0091
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0092
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0092
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0092
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0093
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0093
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0094
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0094
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0095
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0095
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0095
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0096
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0096
http://refhub.elsevier.com/S2211-9493(18)30044-9/sbref0096

	Linking brain network reconfiguration and intelligence: Are we there yet?
	Introduction
	Network neuroscience
	Functional connectivity at multi-minute time scales
	Functional connectivity at sub-minute time scales
	‘Dynamic' versus ‘static’ functional connectivity: accounting for different time scale

	Brain network reconfiguration
	Barbey's network neuroscience theory of intelligence
	Thesis (1): flexibility of brain network reconfiguration
	Thesis (2): small-worldness and brain network flexibility

	Suggestions on moving forward
	How do different executive functions relate to intelligence and brain network reconfiguration?
	How does the brain dynamically reconfigure in relation to engaging in an intelligence task, and how do these reconfigurations predict performance?
	How do easy-to-reach versus difficult-to-reach states, as discussed in the Network Neuroscience Theory of Intelligence, relate to intelligence?
	Can accounting for individual differences in the brain's network organization help us refine our understanding of intelligence?

	Final conclusions
	Declaration of interest
	Conflict of interest
	Ethics
	Financial disclosure
	References




