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Abstract
The notion that speciﬁc cognitive and emotional processes arise from functionally distinct brain regions has lately shifted
toward a connectivity-based approach that emphasizes the role of network-mediated integration across regions. The clinical
neurosciences have likewise shifted from a predominantly lesion-based approach to a connectomic paradigm—framing
disorders as diverse as stroke, schizophrenia (SCZ), and dementia as “dysconnection syndromes”. Here we position bipolar
disorder (BD) within this paradigm. We ﬁrst summarise the disruptions in structural, functional and effective connectivity
that have been documented in BD. Not surprisingly, these disturbances show a preferential impact on circuits that support
emotional processes, cognitive control and executive functions. Those at high risk (HR) for BD also show patterns of
connectivity that differ from both matched control populations and those with BD, and which may thus speak to
neurobiological markers of both risk and resilience. We highlight research ﬁelds that aim to link brain network disturbances
to the phenotype of BD, including the study of large-scale brain dynamics, the principles of network stability and control,
and the study of interoception (the perception of physiological states). Together, these ﬁndings suggest that the affective
dysregulation of BD arises from dynamic instabilities in interoceptive circuits which subsequently impact on fear circuitry
and cognitive control systems. We describe the resulting disturbance as a “psychosis of interoception”.

Introduction
Bipolar disorder (BD) is a relatively common disorder with
a substantial illness burden and high risk of suicide [1, 2].
The classic picture of BD is of a relapsing/remitting
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condition with relatively brief elevations in mood followed
by protracted episodes of depression [1, 3]. However, the
natural history, response to treatment and clinical presentation of BD are quite heterogeneous. Brief instances of
elevated mood early in the disorder may be overlooked,
such that treatment focuses on the initial depressive episodes [4–6], despite the presence of an underlying disorder
that may be better managed with mood stabilizers than
antidepressants [6–9]. For these reasons, the clinical diagnosis of BD may be substantially delayed until the episodic
and bivalent nature of the illness has clearly expressed itself
[10]. Problematically, the efﬁcacy of pharmacological
treatments in BD is dependent on an accurate and early
diagnosis [7]. These issues underline the need for a better
understanding of the neurobiology of BD and, crucially, the
development of biomarkers that are present early in the
disorder.
Fluctuations in mood, affect, and motivation are a cornerstone of human experience, allowing us to anticipate and
adjust our social interactions according to context [11]. In
BD, such ﬂuctuations become sufﬁciently pronounced,
pervasive and persistent to cause distress and functional
impairment [12]. Contemporary neurobiological theories of
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emotion posit a constellation of fronto-limbic regions (e.g.
the hippocampus and insula), their connections to anxiety
and fear circuitry (i.e. amygdala), and their interactions with
regions traditionally implicated in cognitive control (such as
the inferior frontal gyrus [IFG] and anterior cingulate cortex
[ACC]) [13, 14]. Corresponding models of BD propose that
dysfunction in these fronto-limbic neural circuits underlies
the emotional and cognitive dysregulation that characterise
the disorder [15, 16]. Traditionally, these models ﬁnd support in structural magnetic resonance imaging (sMRI)
ﬁndings of morphological abnormalities in fronto-limbic
and subcortical structures [17–19]. Similarly, functional
MRI (fMRI) studies of BD have consistently reported overactivation in the amygdala and other limbic structures
during emotional processing and regulation [16, 20, 21].
Recent studies of high risk cohorts likewise report functional and morphological differences in functionally related
regions [15, 22, 23].
Classic theories of brain function focus upon cognitive
and emotional function in segregated, functionally specialized regions [24]. The notion that BD arises from dysfunction within regions supporting emotion regulation sits
within this framework. To this body of knowledge, recent
research has added the integrative role of large-scale circuits
and networks in health [25–27] and disease [28, 29]. Patterns of anatomical wiring are organized into networks [30–
32] that shape dynamic patterns of large-scale neural
activity [33–35]. The integration of sensory, associative and
motor areas into brain networks supports the complex features of human cognition and behavior, which cut across
systems and modalities [36]. Accordingly, many psychiatric
conditions have been positioned as reﬂecting dysfunction
amongst these large-scale interactions, resonating with
Geschwind’s earlier dysconnectionist school [28, 37].
Schizophrenia (SCZ) is the classic dysconnection syndrome
—with mistimed network activity [29, 38, 39] resulting in
the dysfunction of synaptic plasticity and learning [40, 41].
Likewise the symptoms of neurodegenerative disorders
have been framed as reﬂecting loss of neural integration
within large-scale cortical networks [42] and functionally
integrated circuits [43].
In this paper, we view BD through the prism of connectomics. We ﬁrst review the basic deﬁnitions of brain
connectivity theory and their application to neuroimaging
data. We then highlight the body of work on structural,
functional and effective connectivity disturbances in BD
and high risk (HR) cohorts. We ﬁnally discuss recent
developments in connectomics and computational neuroscience more broadly: we use this body of work to propose that BD reﬂects a loss of stability in large-scale brain
network dynamics, and more speciﬁcally, those which
subserve physiological homeostasis and interoception (the
perception of physiological states).
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Brain networks in health and illness
Connectomics rests upon a branch of mathematics known as
graph theory whereby complex systems are represented as
networks of elements (nodes) and their interactions (edges)
[44]. Since the seminal “small world” paper by Watts and
Strogatz [45], graph theory has grown to inﬂuence all of the
natural sciences, perhaps nowhere more so than the neurosciences [25], where it forms the basis of connectomics
(Fig. 1, Box 1) [26, 31].
The notion of a brain “node”, as a functionally and
structurally distinct and homogenous entity depends upon
clustering contiguous neural tissue into discrete parcels [46,
47]. The edges linking nodes can then be inferred by
applying a suitable measure of connectivity to empirical
data (Fig. 1a-c). Research in connectomics divides into
structural, functional or effective connectivity, each of
which refers to a distinct type of connection or interaction
[48]—derived from diffusion MRI (dMRI), fMRI and other
neurophysiological recordings. Graph theoretical tools can
be used to quantify the resulting (structural, functional or
effective) network’s topological organization (Fig. 1d). [49]
Network properties can be broadly cleaved into those
speaking to segregation or to integration (Fig. 1e) [36, 50,
51]. Of the former, application of the clustering coefﬁcient
has revealed highly-clustered patterns of local connectivity
in mammalian brains [52, 53]. Such clustering also appears
at a more composite scale, segregating communities of
nodes into modular-brain structures [54], which may facilitate efﬁcient processing amongst functionally-specialized
brain regions [55]. The canonical example of network
integration is a short characteristic path length that has been
proposed to integrate disparate brain-regions into a highlyefﬁcient system, supporting the functional integration of
segregated areas [50]. The co-existence of these complementary network features (integration and segregation)
constitutes a “small-world” architecture, a property that the
human cortex appears to possess (Fig. 1f) [27, 53].
Many biological networks, including the human connectome, contain highly-connected hubs (Fig. 1d, red circles) [56–58]. Hubs can be simply deﬁned as those nodes
which are most strongly connected to the rest of the network, but can also draw from other node-level metrics,
including their topological role in global integration (i.e.
high betweenness centrality) or inter-module integration
(i.e. high participation coefﬁcient) [49, 56, 58, 59]. Structural hubs in the human brain exist predominately within the
default-mode network (DMN), particularly it’s parietal and
medial prefrontal regions, as well as subcortical regions and
the lateral prefrontal cortex (PFC) [26, 56, 58]. Notably,
connectivity amongst the brain’s network hubs is enriched,
forming a dense anatomical backbone—the rich-club [59,
60]. Despite their high-cost (in regards to their metabolic
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Fig. 1 Fundamentals of connectomics: a Construction of functional
and structural networks. Top: Correlated BOLD ﬂuctuations (black
curves) in grey matter regions (red spheres) derived from resting state
fMRI acquisitions form the basis of functional connectivity. Bottom:
Fibre tracts, reconstructed from the dMRI data, form the basis of whole
brain structural connectivity. b To create a network representation of
these data, grey matter is parcellated into a number (N) of discrete and
bounded regions (nodes). These boundaries can derive from atlases,
anatomical, histological or even connectivity criteria. Ideally all nodes
should be of approximately equal size and surface area, and deﬁne
functionally homogenous grey matter tissue. c Combining the functional and/or structural connectivity data with the parcellation yields
functional and structural connectivity matrices. Each of the N x N

entries deﬁnes the presence (if >0) and strength of the connectivity
between the corresponding source (row) and target (column) region.
Standard human functional and structural connectomes are not directed
and hence these matrices are symmetrical. d Network representation of
inter-areal connectivity (grey lines) between nodes (red = hubs; grey
= non-hubs). e Graph-theoretical measures of segregation (clustering
coefﬁcient = blue) and integration (characteristic path length = green).
Adapted with permission from Ref. [49]. f Complex brain networks
(middle panel) combine the segregated properties of highly clustering
of lattice-like graphs (left), with the integration of highly-integrated
random networks (right). Colours denote community membership of
complex, modular networks

load and wiring), the rich-club connections of the human
connectome integrate disparate “feeder” communities into a
global workspace, and thus appear crucial for large-scale,
functional integration [56].

If the balance between functional segregation and integration supports adaptive cognitive function, then it follows
that any imbalance may lead to cognitive dysfunction and
illness expression [50]. While the simple “ﬁrst order”
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Box 1 Deﬁnitions
Nodes: Discrete elements which comprise the units of a network.
Each node of a brain network deﬁnes a cortical (or sub-cortical)
population which ideally represents a discrete functional or
histological entity [52]. Nodal-boundaries can be derived from
data-driven functional or structural criteria [46, 258], or from a predeﬁned anatomical template [259, 260].
Edges: The connections which link network nodes. These
connections can be either binary (present or absent) or weighted
(e.g. number of tractography streamlines or the correlation strength
between neurophysiological signals). Edges can in principle be
directed or undirected.
Structural connectivity: Anatomical connections that link brain
nodes. At the mesoscopic scales, these are in effect white matter
bundles which can be estimated directly from invasive tracer
studies in non-human primates or inferred indirectly from dMRI
[144, 261].
Functional connectivity: The statistical association between the
time-series of remote neurophysiological signals such as fMRI,
electroencephalography (EEG) or magnetoencephalography
(MEG) [48].
Effective connectivity: The causal inﬂuence exerted by one neural
population on another. Effective connectivity cannot be measured
directly but must be inferred from an appropriate computational
model [149, 262].
Clustering coefﬁcient (CC): The fraction of neighbours of a node
that are also connected to each other, forming small cliques [49].
Lattice-like networks have high CC.
Network module: A community of nodes that have relatively
strong internal connectivity and sparse connections to the nodes
assigned to other communities.
Participation coefﬁcient (PI): The number of connections of a
node to other communities. Connector hubs have a high PI, that is,
lots of connnections to other modules.
Path length: Average shortest path length between all possible
pairs of brain nodes. A random network has a short path length
[45].
Betweenness centrality: Fraction of all shortest paths that pass
through a particular node.
Small world network: Networks which combine the clustering of
a lattice-like graph with the presence of short paths of a random
network.
Degree centrality: The number of edges of a node.
Hubs: Highly-connected nodes (i.e. with a high degree, or with
many very strong connections).
Rich clubs: A collection of highly connected hubs with enriched
connectivity between them. The presence of a rich-club can be
assessed by the rich-club coefﬁcient (Φ) which benchmarks that
connectivity of hubs against comparable random networks.

application of connectomics (connectivity strength) allows
for the discovery of over- or under-connected regions in
mental health disorders [61], the use of “second order”
(graph theoretical) metrics brings a more nuanced picture
[38]. In this vein, the notion of SCZ as a dysconnection
syndrome was ﬁnessed to that of a small world disorder,
characterised by a mixture of altered integration (i.e.
changes in network efﬁciency) and segregation (i.e. changes
in clustering) [62–66]. These changes have been proposed
to underline the characteristic disorganised thinking and
perceptual irregularities in SCZ [39, 67, 68]. Recent
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research has additionally highlighted the impoverishment of
the rich-club in those with the disorder [69] as well as those
at high genetic risk [70, 71]. These ﬁndings speak to the
core and persistent cognitive dysfunction at the centre of the
SCZ phenotype [72]. Comparable functional disturbances
have also been reported in Alzheimer’s disease [42, 73, 74],
leading to the framing of both dementia and SCZ as “hubopathies” of the connectome [75]. Epilepsy has also been
positioned as a brain network disorder, with increases in
connectivity and segregation centring upon the primary
epileptogenic zone [76], and the initiation of generalised
seizures facilitated by the rich-club [77, 78].

Connectomics of bipolar disorder
SCZ, dementia and epilepsy have been the main focus of
brain network research and serve as instructive, canonical
brain network disorders [29, 38]. More recently, brain network methods have emerged as a frontier in the study of
BD. In this section, we brieﬂy revisit traditional neuroimaging investigations of BD, i.e. those that derive from
(non-connectomic) studies of abnormal functional activation and morphological changes in patients. We then review
the extant literature of structural, functional and effective
connectivity alterations in BD to see how these latter studies
of integrative processes complement the traditional focus on
functional specialization.

Traditional neurobiological ﬁndings in bipolar
disorder
As previewed above, contemporary connectomic conceptualizations of BD build upon earlier studies showing
localised morphological and functional disturbances using
sMRI and fMRI [13, 21]. One of the most consistent of such
ﬁndings is increased activity in limbic structures (i.e.
amygdala, hippocampus, insular cortex) in BD during
emotional processing (Fig. 2a) [16, 21]. The amygdala has
traditionally played a central role in models of emotion
regulation in the brain, based upon its role in the appraisal
of threatening and other emotionally-salient stimuli [14, 79–
82]. However, responses to emotional stimuli are also
dependent on top-down neural systems involved in the
regulation of affect, typiﬁed by regions of the PFC [14, 83,
84]. As well documented, the PFC supports a diversity of
cognitive-control and executive functions [85–89]. Functional under-activation in the dorsolateral, ventrolateral,
ventromedial, inferior frontal and subgenual PFC, during
both emotional and cognitive control have indeed been
documented in BD (Fig. 2a) [15, 21, 90–92]. In contrast,
increased activation has been reported within the ACC [13,
16], although this may be task and mood-dependent, with
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under-activation also observed during cognitive-control
tasks in euthymic patients [93]. Abnormal patterns of activation have also been observed in subcortical and rewardstructures including the ventral striatum and the basal
ganglia, although the directions of ﬁndings are inconsistent
and likely context-dependent [16, 18, 128]. Altered rewardbased activity is also found in BD patients within prefrontal
regions such as the ventrolateral and inferior frontal cortices
[94, 95]. The complex interaction between emotional and
reward-processing in both health and mood disorders
are currently a topic of considerable interest [96, 97].
Structural neuroimaging investigations focussing on
volumetric changes (i.e. sMRI) further support the presence
of disturbances in prefrontal, limbic and subcortical areas in
BD [98]. For example, structural changes in the amygdala
were reported early [99] and consistently [15] in the literature. In brain regions where abnormal activation patterns
have been reported, such as the ACC, morphological
reductions have also typically been observed [15–17, 90]. A
smaller volumetric size of the corpus callosum has also been
reported in BD [100–102]. The documentation of structural
abnormalities in areas involved in emotional and rewardprocessing continues to accumulate, with harmonized consortiums yielding very-large cohort comparisons (i.e.
thousands of BD patients) [17, 19]. These consortia provide
sufﬁcient power to detect subtle reductions in morphological properties of subcortical and cortical areas in BD, as
well as the potential neurotrophic effects of lithium [17].

Functional connectivity in bipolar disorder
In the last decade, a substantial body of connectivity
research in BD has built upon these earlier ﬁndings, largely
by studying connectivity disturbances between regions
previously identiﬁed as showing local functional and morphological changes [15, 103]. Differences in resting-state
functional connectivity have been the most frequently
reported. Prominent among these are reports of weaker
functional connectivity between the amygdala and regions
in the PFC, including the ventrolateral [104, 105], dorsolateral [106], orbitofrontal [107], and medial PFC [108,
109], the IFG [107] and the pregenual ACC [110].
Although the amygdala appears frequently in functionalconnectivity studies (often because of its a priori selection
as a region of interest), reduced functional connectivity in
BD has also been observed to involve other regions—
between the IFG and the ACC (Fig. 2b) [111, 112],
amongst medial prefrontal areas [113], as well as a distributed pattern of connectivity between the medial nucleus
of the thalamus and several disparate regions of the cortex
[114]. Functional connectivity disturbances in rewardcircuitry during resting state and reward-based tasks have
also been observed [15, 115, 116], most notably involving
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the ventral striatum, with decreased connectivity strength
co-varying with depression severity in patients with bipolar
(and unipolar) depression [115].
While these studies provide insights into the mechanisms
underlying emotional dysregulation in BD, they are effectively constrained to local patterns of network dysfunction,
typically limited to seed-based analyses or speciﬁc pairwise interactions [103]. Moving toward network analyses in
a multivariate framework can be achieved using Network
based statistics (NBS), a technique that exploits the topological properties of interconnected subnetworks of edges to
control for family-wise error [61]. NBS analysis of BD
patients has been applied to study functional connectivity of
the ventromedial IFG, [111] a region showing decreased
engagement for HR (i.e. high risk) individuals in an
emotionally-salient cognitive control task [117]. Functional
dysconnectivity of this area in BD patients involves a
constellation of fronto-limbic-striatal regions, including the
bilateral insular cortex, ventrolateral PFC, superior temporal
gyri, and also the putamen (Fig. 2c). Multivariate functional
connectivity can also be studied using independent components analysis (ICA), which aggregates regions into
maps, or resting-state networks (RSN’s), based on correlated patterns of intrinsic ﬂuctuations [118]. The application
of ICA to BD has revealed alterations within and between
RSN’s containing fronto-limbic, default-mode, thalamic,
cognitive-control and somatosensory regions [119–123].
Differences have also been observed in the default mode
(DMN) [124–126]—a constellation of regions that are less
active during external task execution [127].
As discussed above, graph theoretical tools allow the
topological organization of brain networks to be interrogated. Despite the paucity of studies, the effects on
whole-brain intrinsic functional organisation in BD are
equivocal or negligible: weak effects reported in the characteristic path length do not survive correction when considering the ﬁve other network metrics that were also
analysed [128]: this accords with the null ﬁndings reported
in two well-powered studies [111, 129]. Regional topological effects (in subnetworks focussed on speciﬁc regions)
have been observed, with changes in both the topological
segregation and/or integration of areas. These regional-level
functional connectivity changes in BD patients correspond
to decreased segregation (decreased clustering coefﬁcient)
of the ventromedial IFG [111], and opposing patterns of
both increased and decreased integration in the DMN,
sensorimotor cortex, occipital areas, cerebellum, temporal
pole, mid-cingulate cortex and the dorsomedial PFC [128,
129]. However, a more deﬁnitive interpretation of the
topological changes in BD are currently limited by the small
number of graph-theoretical functional connectivity investigations, and the different graph metrics used across studies. Nonetheless, on available evidence it seems reasonable
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Fig. 2 Functional connectivity in bipolar and high risk cohorts: a
Meta-analysis of functional activation studies in BD shows consistently decreased activation in the right IFG during emotionally
salient tasks (blue). Left medial temporal areas show over-activation
(red) [21]. b Functional connectivity patterns of the right VLPFC (a
component of the IFG) during a cognitive task [112], as revealed
through psychophysiological analysis. For BD patients (right-panel)
and their HR relatives (left), dashed lines indicate reduced task-based

functional connectivity patterns. Reduced resting state functional
connectivity of the left IFG in BD (c) and HR groups (d) [111]. The
seed node (blue) corresponds to the region with reduced activation in
an emotional go-nogo task for HR individuals [117].
vACC, ventral anterior cingulate cortex; CN, caudate nucleus; INS,
insula; GP, globus pallidus; SPL, superior parietal lobule; VLPFC,
ventrolateral PFC, a component of the IFG

to conclude that in contrast to the strong distributed effects
in SCZ, the functional network topology in BD appears to
be conﬁned to speciﬁc functional subsystems.

cingulum bundle [133, 134], uncinate fasciculus [135, 136],
the anterior thalamic radiation [135], and the superior
longitudinal fasciculus [130].
Substantial “DTI-based” research has thus contributed to
the notion of structural dysconnectivity amongst limbic and
prefrontal regions in BD [132]. However, interpreting the
biological underpinning of FA (and other DTI-based
metrics) is problematic [137, 138]: the diffusion signal
itself reﬂects a number of underlying contributions,
including the relative proportion of white and grey matter,
the degree of axonal myelination, the presence of crossingﬁbres, and the presence of extracellular changes leading to
free water [139]. Despite extensive use to the contrary, DTIderived metrics such as FA should hence not be interpreted
as directly reﬂecting the “integrity” of white-matter connectivity [137, 140]. While differences of FA in BD may
reﬂect microstructural changes, they are likely also confounded by white matter volume, connectivity geometry
(e.g. crossing ﬁbres) and, possibly, free water from neuroinﬂammation. A multi-modal approach employing susceptibility imaging, free water imaging and quantitative
mapping is required.
Rather than focusing on local white matter properties,
tractography performed upon dMRI data allows examination of large-scale brain networks, with the “connectivity”

Structural connectivity in bipolar disorder
The properties of structural brain networks can be inferred
from dMRI data using a variety of approaches. These can be
divided into estimates of local “white matter integrity”
using voxel-wise measures of diffusion such as fractional
anisotropy (FA) and mean diffusivity (MD), or by applying
tractographic techniques to reconstruct whole-brain structural networks and then subjecting these to graph theoretical
analyses (Fig. 1). Of the former approaches, FA and MD
have been most extensively employed, using either a voxelbased approach (similar to the analysis of regional morphological changes in sMRI) or tract-based spatial statistics
(TBSS) which, as the name suggests, allows analyses of FA
along “skeletonized” white matter tracts. Changes in FA
have been consistently demonstrated within the corpus
callosum [130], particularly the anterior horn (connecting
bilateral prefrontal and limbic regions) [131–134]. The
application of TBSS to BD has revealed decreases of FA in
intra-hemispheric white matter bundles interconnecting prefrontal, limbic, and subcortical structures, such as the
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Fig. 3 Structural connectivity in bipolar and high risk cohorts: a
Structural brain network comprised of intra-hemispheric (grey) and
inter-hemispheric (blue) connections. Inter-hemispheric connections
indexed by streamline density (SD) are weaker in BD compared to
controls [101]. Connectivity estimates using FA or mean diffusivity
(MD) do not show group differences. b The structural rich-club corresponds to the clique of highly connected hubs that have an enriched

hub-to-hub connectivity. There are no apparent group differences in
rich-club connectivity in BD, whether using SD, MD or FA [101]. c
Group-wise structural connectivity subnetworks in BD, HR and control groups revealed using NBS [141].
FA, fractional anisotropy; SD, streamline density; MD, mean
diffusivity

of these networks typically corresponding to the streamline
density. Mirroring the morphological disturbances in the
corpus callosum, analyses of tractography also supports a
disturbance to the integration of inter-hemispheric structural
connectivity (Fig. 3a) [100, 101]. The application of NBS to
whole-brain tractography, allowing a focus on speciﬁc
subnetworks, reveals diminished connectivity amongst a
small subnetwork centered on the right rolandic operculum
—a region bounding the insula and IFG—and extending
into medial temporal regions (Fig. 3c) [141].
As with functional connectivity, graph metrics can also
be applied to tractography both at the whole-brain (to reveal
large-scale topological disturbances) and nodal-level (to
examine the network environment of speciﬁc brain regions).
Such an approach has revealed local structural network
changes largely in prefrontal and limbic areas, namely, the
hippocampus, IFG, anterior insula (AI) and superior frontal
gyrus [132, 141]. These ﬁndings include reductions in
connectivity strength (i.e. nodal strength) [141] and local
decreases in both integration (reduced efﬁciency and

increased path length) and segregation (decreased clustering) [100, 142]. Interestingly, reports of group-wise differences in node-wise structural connectivity have not
identiﬁed the amygdala, regardless of whether whole-brain
or a priori analyses have been conducted. However, the
amygdala is a deep nucleus with a relatively small volume,
hence inter-subject variability in tractography estimates may
require more innovative means of accounting for anatomical
variability than used in standard analyses.
Application of graph-theoretical tools to whole-brain
networks has yielded a more nuanced picture: slight
decreases in network integration have been observed in BD
(using either the characteristic path length [141] or the
comparable global efﬁciency [101]), although the latter did
not survive family-wise corrected threshold after controlling
for group differences in IQ. Differences in whole-brain
segregation, using the clustering coefﬁcient, have also been
reported, although in contradicting directions (i.e. both
lower [100, 143] and higher [141]), possibly due to differences in dMRI acquisition and analysis [144]. Notably,
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several well-powered studies have suggested preserved
integrity of the rich-club in BD (Fig. 3b) [101, 141]. Two
slightly smaller studies reported marginally signiﬁcant
changes in the rich-club connectivity of hubs [143] or their
connections [145]: however, these effects do not survive
appropriate multiple-comparisons correction. This is in
opposition to the pervasive disruption to the structural richclub that is characteristic within SCZ [39], suggesting that
changes in the core anatomical backbone may be a potential
marker that discriminates between the two disorders.
In sum, disturbances in large-scale functional and
structural networks in BD appear subtle and are more likely
to be conﬁned to speciﬁc regions and subnetworks in limbic
and prefrontal regions. The subtle decreases in whole-brain
integration observed in BD may reﬂect alterations to interhemispheric connectivity [101], as well as the disrupted
connectivity of prefrontal-limbic circuits. When benchmarked against the widespread disturbances in SCZ [62, 63,
66–70], it is evident in BD that most of the structural and
functional “backbone” of the connectome is left intact. This
is consistent with the cardinal differences in the phenotypes,
speciﬁcally the relative inter-episode preservation of cognition and affect in BD [146]. Future network-based
research is required to better characterise the preferential
disruption of local rather than the large-scale-connectivity in
BD. In particular, it remains unclear whether the subtle
whole-brain effects that are seen do indeed reﬂect a pernicious, whole brain change in network topology or are rather
local network changes that are sufﬁciently severe to be
reﬂected in whole brain measures (which are composite
averages across all nodes).

Effective connectivity in bipolar disorder
Structural and functional connectivity thus represent novel
candidate diagnostic markers for the non-invasive identiﬁcation of BD. They can be acquired with minimal imposts
of time and training for patients. However, when it comes to
understanding network mechanisms, these advantages are
somewhat of an Achilles heel, as linking the observed
network disturbances to the BD phenotype in the absence of
a task rests largely upon correlational analyses, that is, of
regressing connectivity changes against contemporaneous
phenotypic variables. Functional interpretations are also
prone to reverse inference [147], namely imputing that a
disturbance in a neural substrate (structure, circuit or network) underlies the affective or cognitive disturbances of
BD because that substrate is engaged by a speciﬁc task in a
different context. This logic rests upon a ﬂawed assumption
of a one-to-one structure-function coupling [36], and fails to
recognise the cross-modal and functional multiplicity of
many cortical regions. Notably, most of those regions that
frequently ﬁgure in connectomic studies of BD, including
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the AI, IFG, ACC and dorsolateral PFC (DLPFC), are
precisely those that are most frequently engaged across a
broad variety of cognitive and emotional tasks [148]. So,
although their involvement in connectomic studies supports
the notion of dysregulation of emotional networks, the
inference is indirect and other interpretations are possible.
Task-related effective connectivity studies largely eschew
these problems because they interrogate network disturbances in clinical populations during performance of
speciﬁc tasks. The most widely used technique for studying
effective connectivity is dynamic causal modelling (DCM)
[149] which uses Bayesian inference to identify the network
model of effective connectivity most likely to have generated observed task-fMRI data [150]. To date, there have only
been a handful of papers employing DCM to study the
connectomics of BD and most of these have examined
effective connectivity during perception of facial affect. For
example, BD is associated with decreased effective connectivity between the DLPFC and the amygdala during the
during perception of angry and fearful faces [151]. During
perception of happy faces, decreased effective connectivity
from the orbitomedial PFC to the amygdala has been
observed in patients with bipolar, but not unipolar, depression [152]. In BD, disambiguation of emotionally expressive
faces from those with a neutral expression is associated with
weaker effective connectivity from the amygdala to the
ventral PFC [153]. Intriguingly, clinical response to chronotherapy (sleep deprivation combined with light therapy) is
associated with increased effective connectivity from the
DLPFC to ACC in those with BD depression [154].
While few in number, these studies of effective connectivity are important steps toward identifying the neural
mechanisms of phenotype and treatment response in cognitive and emotional networks in BD. They demonstrate, for
example, that interactions amongst key brain regions
(amygdala, DLPFC, ACC, ventrolateral PFC [VLPFC]) are
indeed disturbed during the perception of facial affect.

Connectomic investigations of high-risk
cohorts
Several limitations beset studies of BD: the confounding
effect of different classes of medication (mood stabilisers,
antidepressants, antipsychotics), comorbidity, and the possible secondary effects of illness expression. Waiting for the
expression of a manic episode to confer the diagnosis also
misses the opportunity to mitigate the secondary harm (e.g.
to reputation, and risk of suicide) if the illness could be
averted. Addressing these important issues can be achieved
through the study of unaffected HR cohorts. BD has a
strong familial association and hence offers the potential for
disambiguating risk endophenotypes [155–157] and
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temperamental variations [158] from markers of illnessexpression through the study of HR individuals [155, 159],
such as ﬁrst-degree relatives of patients with BD. The peak
age for BD illness onset is within the early twenties [7]: HR
individuals within this age-range are thus amongst the
highest risk: understanding conversion to illness in this age
bracket must be disambiguated from the complex maturational processes of late adolescence and early adulthood
[160–162]. Studying those HR individuals who do not
develop BD, despite a higher background risk, offers the
equally important opportunity to study factors underlying
illness resilience [129]. Despite the relatively large literature
on traditional morphological and functional activation studies in HR cohorts [163], there exist relatively few HR
connectomic studies.

A. Perry et al.

The majority of structural connectivity studies in BD and
HR cohorts have been derived from streamline-based approaches. As with the earlier use of FA, the extent to which
streamline counts correspond with the intra-axonal “ﬁbre density” is debatable. Recent streamline-ﬁltering approaches provide more biologically accurate measurements [164], but
require innovative acquisition sequences and their uptake into
clinical studies has hence been slow. Acquisition and modelling techniques have been recently developed which delineate
speciﬁc microstructural properties, such as neurite density [165]
and extracellular content measures [166]. Future connectomic
studies of BD and HR populations are recommended to
leverage these techniques to reconcile microstructural
abnormalities with large-scale network changes.

Functional connectivity in high-risk cohorts
Structural connectivity in high-risk cohorts
A recent study of structural connectivity compared a young
HR cohort (mean age 22 years; range 15–30) to matched
control and BD cohorts [141]. Application of NBS identiﬁed two lateralized subnetworks weaker in the HR group,
based upon reductions in streamline density; each network
centred on a number of structural hubs including the AI and
ventro-lateral IFG. These networks involved connections
with the posterior insula, medial PFC, superior temporal
gyri, somatomotor cortices, and the ventral-striatum
(Fig. 3c) - regions associated with cognitive, emotional
and somatosensory functions. Despite involvement of richclub hubs in these subnetworks of weaker connectivity, the
connectivity of the rich-club itself was not disturbed in the
HR group in this, or an independent study [71, 141]. That is,
hub-to-hub connections appear to be preserved. Intriguingly, a subnetwork of increased connectivity, centered on
the right hippocampus, was also present in the HR cohort.
Also of note, these HR subnetworks were not disrupted in
the matched BD group, who instead expressed their own
subnetwork of weaker structural connectivity (Fig. 3c).
Alterations that were common across BD and HR groups
included the node-wise connectivity of superior frontal,
hippocampal, and mid-occipital areas.
Older HR individuals, who have passed the peak age for
BD onset, also represent a unique study population.
Whereas young HR groups are a mix of risk and resilience,
older HR cohorts more likely express neurobiological patterns that reﬂect resilience [22, 23]. A structural connectomic investigation of a HR cohort involving older
individuals (average age 43; range 21–64), did not identify
any group differences. This contrasts with the relatively
strong effects seen in young HR individuals. However, this
null ﬁnding may be attributable to the weaker MRI ﬁeld
strength (1.5T) and the use of simpler ﬁbre-reconstruction
methods that do not reconcile crossing-ﬁbres.

As with structural connectivity in BD and HR cohorts, the
large-scale network topology of resting-state functional
connectivity in HR cohorts also appears to be largely conserved [111, 129].
Reported disturbances are again conﬁned to speciﬁc
subsystems of the brain: increased functional integration
(i.e. increased participation index) has been observed within
default-mode regions in an older HR cohort (mean age 32)
but not matched control or BD individuals [129]. In the
same study, both BD patients and their unaffected HR
siblings showed increased functional integration in regions
of the sensorimotor network and higher-order visual
regions. No other study has investigated whole-brain
functional topological changes in HR individuals.
Task-related functional connectivity has been probed in
HR cohorts using psychophysiological interactions (PPI)
[167], a method that identiﬁes changes in functional connectivity between two regions coincident with a cognitive
manipulation. During a linguistic stroop test, VLPFC connectivity with the vACC was reduced in both BD and older
HR participants (average age 36) (Fig. 2b) [112]. In the
same study, VLPFC connectivity with the insula was also
affected: reduced VLPFC–insula coupling was uniquely
present in HR group compared to controls, whereas BD
patients showed a change of sign in this PPI association
from negative to positive.
Resting-state functional connectivity can also be used to
examine whether task-related effects persist beyond the
context in which they were observed. In this vein, the left
ventromedial IFG, whose engagement in an emotional ‘gonogo’ task was reduced in young HR individuals (average
age 23 years) [117], also showed a distinct patterns of
reduced resting-state functional connectivity in BD and HR
cohorts; in HR, functional connectivity with the neighbouring AI and the ACC was decreased (Fig. 2d) [111]. The
pattern of decreased functional connectivity in BD compared
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to controls is quite distinct. Application of machine learning
techniques to these data identiﬁed a distributed, bilateral
subnetwork of weaker resting-state functional connectivity
which provided reasonably accurate three-way classiﬁcation
of participants into their groups (control, HR and BD; 64%
accuracy benchmarked against a 41% chance rate).

Effective connectivity in high-risk cohorts
The left IFG, particularly the ventro-lateral and ventromedial portions, have thus been implicated in task-related
hypo-activation as well as reduced functional and structural
connectivity in both young and older HR individuals
(Figs. 2a–c, 3c). The presence of reduced functional and
structural connectivity suggests an intrinsic network disturbance that may underlie the task effect. Nonlinear DCM,
which permits analyses of complex network effects during
task execution was recently employed to probe the
mechanisms underlying this hypo-activation pattern
observed in HR individuals (Fig. 4) [168]. In controls and
those with BD, a hierarchical network of interactions
between the ACC, the DLPFC and the IFG provided the
most likely explanation of these data: this network motif
allows a balanced convergence of cognitive control and
emotional salience on the IFG. In the young HR group (a
subset of those where reduced structural [141] and functional connectivity [111] was reported), the hierarchical
gating of the ACC on the effective connectivity between the
DLPFC and the IFG was diminished. Intriguingly, the most
likely network model of effective connectivity in the HR
group was distinct from both the control and BD groups.
A DCM study of effective connectivity in an older HR
cohort (BD siblings, mean age 39.7) reported signiﬁcantly
increased effective connectivity between the inferior occipital cortex and the fusiform gyrus during perception of
emotionally salient faces [153]. This increase in effective
connectivity was not found in BD patients. BD patients, in
common with HR relatives, demonstrated increased effective connectivity between the amygdala and right VLPFC,
highlighting fronto-limbic interactions as a marker of illness
risk and expression for BD.
Hence, there are patterns of structural, functional and
effective connectivity that are unique to HR cohorts when
compared to BD, as well as shared patterns. Disturbances of
the connectivity and functional involvement of IFG in
broader prefrontal-limbic circuitry appear to be more prominent in those at risk than those with the disorder. Functional under-activation of the IFG and the surrounding
VLPFC during emotional and cognitive control are common
to both HR and BD populations, as are distributed disturbances such as in somatosensory and higher visual cortex.
Integrating the connectomic ﬁndings in HR individuals is
challenging, given the small number of studies that exist
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and their cross-sectional nature. In addition, these studies
have been conducted on HR individuals at different developmental stages of risk for BD. As we argued above, young
HR individuals are at a critical cognitive and affective
developmental period. Disturbances to the IFG and its
affective and cognitive connectivity in young HR cohorts
may reﬂect an endogenous risk that changes upon illness
expression in those whom convert to BD. Alternatively,
unique differences in older HR individuals may also
represent early compensatory responses that confer resilience [112, 168, 169] in those whom do not develop manic
episodes. The following sections consider the potential for
elucidating disease mechanisms in longitudinal investigations of HR populations.

Challenges and opportunities in BD
connectomics
In sum, viewing BD through the lens of connectomics
positions earlier studies of functionally localised disturbances into broader circuit and network mechanisms that
integrate cognitive control, affective and reward-systems of
the brain. Some connectivity disturbances are common to
both BD and HR groups; these speak to a shared risk of
affective dysregulation. Other connectivity disturbances are
unique to BD, reﬂecting illness expression and possible
medication effects. Several changes are unique to HR
cohorts: in the younger of these, unique effects may reﬂect a
mix of risk and resilience, whereas resilience may ﬁgure
more highly in older HR groups. When interpreting these
effects, however, it should be recalled that the actual
inherited risk of a ﬁrst-degree relative is far from uniform
and varies sporadically and with the severity of the affected
relative (e.g. a higher risk is associated with an early age of
onset of BD). Thus, unaffected older ﬁrst-degree relatives
may have a lighter genetic load, as reﬂected in the absence
of structural connectivity differences [142] or a stronger
adaptive response to the same genetic load as their BD
relative. Genetic risk also interacts with early life experience
to impact on illness expression [170]. Disambiguating these
scenarios cannot be achieved with cross-sectional imaging
studies but require longitudinal studies informed by assays
of early life stress and genetic risk markers such as the BP
polygene risk score.

The potential of longitudinal and genetic-risk
studies
The ﬁrst expression of BD typically occurs during the ﬁnal
neurodevelopmental stages of brain development and cooccurs with fundamental changes in inter-personal functioning, role, and self-identity [171]. Longitudinal HR
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Fig. 4 Effective connectivity in high risk cohorts: a Hypo-activation of
the left IFG in HR individuals when inhibiting a motor response to a
fearful stimuli (from an affective Go-Nogo task) [117]. b The network
dynamics generating these data were then modelled using DCM [168].
Models consisted of inputs (faces) delivered to the FFA, with effective
connections to the DLPFC modulated by motor inhibition to explain
the effect of the “NoGo” trials. Effective connectivity of the FFA to
the ACC was modulated by the presence of fear faces. Bilinear models
then added an additional modulatory inﬂuence (here, inhibition) to
explain the interaction between motor inhibition and fear on the IFG.
Nonlinear models introduced this interaction through internal gating

effects (here the inﬂuence of the ACC on the effective connection from
the DLPFC to the IFG. c Model (exceedance) probabilities using
Bayes model selection. For controls, the nonlinear models were the
most likely family, that is, those models with nonlinear (gating) effects
of the ACC on the DLPFC to IFG connectivity. In the HR group, the
corresponding nonlinear parameter showed a between group difference
and the most probable family of models were the bilinear ones, that is,
those models where the internal nonlinear effect has been replaced by
an external modulatory inﬂuence.
ACC, anterior cingulate cortex; DLPFC, dorsolateral prefrontal cortex;
FFA, fusiform face area; IFG, inferior frontal gyrus

studies, sufﬁciently powered to enable multivariate analyses
of connectomic, phenotypic and genetic data are required
here. Such analyses should also accommodate the complex
developmental trajectory of brain networks [172, 173]. The
connectomic correlates of current mood states and current
and lifetime episodes are largely unknown. The few direct
comparisons of BD mood states and subtypes do suggest
the existence of both trait and state network markers [174–
176]. However cross-sectional studies of remitted versus inepisode BD patients cannot address within-subject variations in phenotype. Longitudinal designs are particularly
pertinent for young high-risk BD groups who later develop
sub-threshold or threshold BD symptoms. Existing (nonconnectomic) studies have reported different baseline fMRI
activations to cognitive [177] and emotional-tasks [178,
179] in those HR individuals who later develop a ﬁrst
depressive episode. Repeat functional imaging assays also
suggest different trajectories of functional activation in the

striatum and insula of unipolar versus bipolar depression
[180]: morphological studies using sMRI likewise suggest
predictors of ﬁrst episode mood disorders in HR populations, [181, 182] as well as the likelihood of further mania
in those with BD [183]. Moreover, different trajectories of
volumetric development have also been observed in HR
individuals who developed major depressive disorder relative to those who remained well [181]. Intriguingly, while
fractional anisotropy (FA) in a HR cohort differed from
controls at baseline, corresponding changes in FA at followup did not differ [184].
Although the potential utility of brain network analyses
to identify future psychosis [185] in high-risk psychosis
cohorts has been established, longitudinal investigation of
high-risk BD populations are yet to be interrogated with
such tools.
Longitudinal studies which integrate imaging assays
with genetic risk variants for BD may also help disentangle
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aetiological mechanisms. Patient carriers of genetic
risk variants for BD (CACNA1C and ANK3) show
abnormal effective connectivity in facial processing networks [153]. Potential for elucidating the genetic pathways
underlying BD may also lie in leveraging an individual’s
cumulative load of candidate genes for the disorder, known
as a polygenic risk score (PRS) [186]. In recent studies
conducted in BD and family-relatives, PRS was found to be
associated with functional brain activity in working memory
and facial processing networks [186, 187]. Intriguingly,
the loading of PRS on brain activity was independent of
diagnosis. Understanding the complex interaction between
imaging markers, genetic risks and illness expression
should be an important goal of future longitudinal studies.

The need for multi-disorder studies
Several clear observations emerge from the growing body of
BD connectomics research. The over-arching picture is that,
compared to the pernicious “small world” and rich-club
effects in SCZ, disturbances in BD and HR populations
appear to be conﬁned to speciﬁc fronto-limbic subsystems,
most notably those associated with the perception and regulation of emotionally salient material. Whereas large consortia investigations have revealed that all major white-matter
bundles are impacted to some extent in SCZ [166, 188], the
emerging consensus of the work we have reviewed suggests a
more restricted pattern of connectomic disturbances in BD.
This difference is even apparent in unaffected offspring—
those of SCZ patients show a decrease in rich-club connectivity that is not present in the offspring of BD patients
[71]. The differing connectomic signatures between BD and
SCZ are interesting in light of the substantial genetic overlap
between the two disorders [189], and the shared cognitive
deﬁcits in executive control [146]. Interestingly, a common
pattern of decreased resting-state functional connectivity in
the frontoparietal control network has been observed across
SCZ, schizo-affective and BD [121, 190].
As noted above, these connectivity differences reﬂect the
over-arching distinction of the phenotypes: the bivalent and
episodic nature of BD contrasts with the core and enduring
perceptual and cognitive deﬁcits that characterise SCZ.
Hence, even though the networks of structural, functional
and effective dysconnectivity in BD do “hang off” important brain hubs such as the AI, IFG, DLPFC and ACC, the
connectivity amongst other distributed core-regions remains
relatively preserved. However, the degree of disturbance in
those networks that are affected in BD is quite substantial.
That is, the disorders may differ in their core topological
reach, but not in the depth of the perturbation on the networks where they do impact.
Unfortunately, most prior connectomic studies of BD and
SCZ patient groups are typically careful to exclude each other,
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clinical practise suggests a less distinct continuum of phenotypes that reﬂects the shared genetic architecture [157]. Given
that the differential diagnosis of SCZ from BD is a frequent
clinical challenge, further large cross-disorder studies are
required [126].
On the topic of differential diagnoses, the need to detect
BD during its initial depressive episodes is crucial to early
and targeted interventions. The potential utility of neuroimaging markers to differentiate bipolar from unipolar
depression has been highlighted by the few connectomic
studies that include both BD and unipolar (UD) depression
cohorts [128, 152, 176, 191]. Disruptions to resting and
effective connectivity patterns (during facial processing)
between the amygdala and medial PFC have emerged as
unique to BD [110, 152]. Alterations to reward-based circuitry have also emerged as a potential marker to discriminate BD from MDD patients [115]. To date, the only
graph-theoretical comparison of BD (in this case, type II
BD) and UD patients revealed patterns of both shared and
unique resting-state functional-network abnormalities [128].
Shared topological alterations occurred in fronto-limbic
areas, whereas increased nodal integration of the precuneus
was found for UD patients, relative to BD. As with SCZ,
cross-disorder studies are required if imaging is to translate
into clinical practise. To achieve this, connectomic studies,
as with earlier functional activation studies, require carefully chosen cognitive and emotional probes, as reﬂected in
the valence-dependent nature of amygdala activity in BD
versus UD [128, 152]. Naturalistic stimuli, such as emotionally salient ﬁlm and news clips - have been used to
identify functional [192, 193] and effective [194, 195]
connectivity correlates of UD subtypes and might also play
a role here. In common with resting-state acquisitions,
dynamic natural stimuli can be easily translated into clinical
populations, while also incorporating speciﬁcally timed
cognitive and emotional material [192].
In addition to multi-disorder studies, successful clinical
translation rests upon replication in large, independent studies
[196]. This approach tests generalizability across the nuances
of site-speciﬁc patient recruitment and scanner imaging
quality. Independent studies that test prior (published) effects
also offer protection against the “researcher degrees of freedom” that characterise much historical discovery research
[197]; larger studies improve the accuracy of the estimated
effect size [198]. Data sharing platforms such as ENIGMA
can play a crucial role here [17]. However, the inﬂuence of
large legacy data sets on connectomics may be limited by the
need for advanced imaging sequences, particularly the need
for high-angular and distortion-corrected diffusion images to
improve the accuracy and reduce the biases of tractography
[144]. Testing task-related effective connectivity also requires
harmonization of task design and that can often only be
achieved prospectively.
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Fusion of multimodal neuroimaging data

Network dynamics and system control

Computational models of brain activity suggest that the
structural connectome forms a scaffold that shapes complex,
multiscale neuronal dynamics [35, 199–202]. Accordingly,
structural connectivity in healthy adults is a strong predictor
of corresponding functional connectivity [203, 204] and can
be used to constrain models of effective connectivity [205].
Quantifying structure–function relationships in clinical
populations may be instrumental in revealing disorder
mechanisms [206]. For example, multimodal analyses could
assess whether structural abnormalities in HR populations
overlap with subject-wise differences in functional connectivity. As we have seen, several ﬁndings in BD connectomics span structural, functional and effective
connectivity - changes in the left IFG are an exemplar
(Fig. 2–5). Despite this, there are currently very few
network-based structure-function investigations in BD or
HR cohorts [71, 207, 208]. One study of a young HR cohort
in a young HR cohort (mean age 14.2 years) revealed
increased correspondence between structural and functional
connectivity over long-distance connections [71]. The
fusion of connectomics with complex clinical and behavioural data using multivariate statistical approaches [209–
211] may also help identify those brain network changes
that are most salient to the phenotype.

Dynamics lie at the heart of BD: On short time scales,
ﬂuctuations in arousal and motivation are a core aspect of
everyday life [221]. When appropriately bounded, slower
changes in mood and affect are also an important component of adaptive interpersonal functioning: they bias
learning [217] and prime expectations according to anticipated social context. Computational studies of mood
swings in BD can be conceptualized as a failure in the
appropriate regulation of these ﬂuctuations: Time series
analyses suggest mood variations in BD undergo a switch
to “chaotic” dynamics [222]. Although these results need to
be considered in light of the caveats of nonlinear time
series analyses [223], they suggest an intriguing role for
dynamic models of brain activity to disclose the origin of
multiscale temporal phenomena. Several of these models
have linked topological features of the connectome to the
emergence of multiscale neuronal dynamics [35, 218, 224,
225]. Intriguingly, a recent study has shown how the
enriched connectivity of cortical hubs leads to the emergence of slow, stable synchronous dynamics in the structural core, in contrast with the fast and unstable ﬂuctuations
in the topological periphery [199]. Notably, the slow core
encompasses much of the emotional circuitry and cognitive
control systems whereas fast, peripheral regions typically
lie in primary sensory cortex. A hierarchy of such timescales ﬁnds support in a diversity of invasive neurophysiological [226] and functional neuroimaging data [227].
These “chronoarchitecture” ﬁndings suggest that the (slow)
time scales of the emotional hubs are matched to the slow
time scales of internal states (such as changes in mood),
whereas peripheral regions are tuned to the fast ﬂuctuations
of events in the external sensorium [199]. Corresponding
structural disturbances involving these core hub-regions
could then destabilize the corresponding slow dynamics in
BD.
What network mechanisms might cause this? Insights
could derive from the application of network control theory,
that is, quantifying how inputs to individual nodes or subnetworks potentially change the state of the whole network
[228, 229]. The application of this framework to empirical
data predicts that the human connectome is indeed controllable (i.e. can be manipulated to any state), with high
degree hubs in the default mode system allowing the transition of brain activity to many diverse states [230]. Controllability of nodes largely arises through their strong
connectivity, but also reﬂects local network topologies such
as clustering and local closed paths [231–233]. Recent reanalyses of structural connectivity data shows that the leftsided subnetwork centred on the left IFG that is more
weakly connected in HR participants (Fig. 3c), shows
reduced controllability in BD patients compared to the

Future directions: from networks to
dynamics, system control and instabilities
The emergence of computational psychiatry approaches
[212] has shifted research from traditional nosological
group-based investigations towards individual patient
mechanisms and predictions [213, 214]. The mechanisms
linking neurobiological disturbances and phenotype are
being studied using computational models of perception,
learning, inference and behaviour [214, 215]. For example,
the involvement of dopaminergic reward circuits in BD
[115, 216] has motivated computational accounts of the
inﬂuence of unstable mood ﬂuctuations on reward-based
learning [96, 217] and decision-making [97]. Accordingly,
abnormalities in reward-based activity in the left VLPFC
has been identiﬁed in BD patients [94, 95]. Meanwhile,
large-scale biophysical models offer a principled way of
understanding how complex, multiscale neuronal dynamics
emerge from local neuronal populations interacting through
the structural connectome [33–35, 218, 219]. Computational studies also allow in silico manipulation of system
dynamics in a manner that cannot be achieved in experimental studies [220]. We offer ways of bringing these
computational methods to bear upon our understanding of
BD connectomics.
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control group [233]. The resultant loss of controllability in
BD is consistent with the loss of dynamic stability of mood
ﬂuctuations in patients and the subtle affective changes in
HR individuals.
Currently, such applications are grounded in linear network control theory. While linear approximations may be
sufﬁcient to capture state-to-state transitions, future developments in the more elusive nonlinear network control
theory may reconcile this approach with the richer dynamics
present in empirical data [33, 234].

Interoceptive models of emotion
It ﬁnally remains to be seen how and why the networks
implicated in BD play a role in the (dys)regulation of mood.
For this purpose, we highlight recent developments in
computational psychiatry that reconcile a ‘William Jamesian’ mapping between physiological states and emotion
with predictive coding accounts of perception and inference
[11, 235, 236].
Emerging frameworks of emotional experience and
psychopathology have repositioned brain function in light
of its interactions with internal body systems [11, 235].
These interactions are proposed to occur through a perceptual process known as interoception: physiological
changes signalled through autonomic and visceral inputs to
hypothalamic and brainstem structures are sensed “from
within” and yield corresponding neuronal responses in
limbic cortices [237, 238]. According to William James’
account of emotion, such sensations (of aroused physiological states) map onto corresponding emotional states (fear,
anger, apprehension, etc.). These processes mirror the more
familiar exteroceptive systems (vision, hearing, etc.) in
terms of their salience and the hierarchical structure of
corresponding sensory cortices: whereas visual systems
feed-forward and back from the occipital pole, primary and
higher-order interoceptive cortex project between the posterior and anterior insula, and also the IFG [11]. As with
exteroception, sensory processes in the interoceptive system
are primed and contextualized through cognitive control
processes such as attention, expectation, and inhibition
mediated via prefrontal regions: The state-dependent nature
of these contextual processes correspond to mood [236].
Following Bayesian ideas, contemporary models of
active perception rest upon hierarchical representations of
sensory signals encoded as prediction signals in agranular
cortices, namely the AI, ACC, subgenual cortex (SGC), and
also the orbitofrontal cortex (Fig. 5b) [11, 239–242]. Descending predictions of (internal and external) states are
compared to the ascending sensory input from lower-order
regions with the difference between the two serving as a
prediction error [243, 244]. The signal encoded in this
prediction error actively updates the higher-order
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representations. Heteromodal regions, such as the IFG, may
modulate the magnitude of this update according to the
certainty or “precision” of the sensory inputs [245]. In
classic (external) perception, this process ensures useful
actions and reliable models of the physical world [244]. In
interoceptive systems, these processes reconcile physiological states with social context and potential threats
(Fig. 5a). This serves homeostatic needs by efﬁciently
allocating physiological resources to appropriate cognitive,
emotional and behavioural states whilst minimizing energy
expenditure. Prediction errors also serve allostatic processes
by engaging visceromotor responses, causing physiological
changes that are central to our affective content and feelings, such as heart palpitations and blushing [11, 239]. If a
threat is anticipated then autonomic processes are primed
accordingly. Large prediction errors create arousal, surprise
and re-orienting. Emotional experience can hence be considered a circular process, such that interoceptive signals
inform and update these prior beliefs [11].

Integrating connectomics and computational
psychiatry: bipolar disorder as “interoceptive
psychosis”
We conclude by considering how this framework can be
used to integrate the various connectomic disturbances in
BD and HR cohorts. To this end, it is notable that the
agranular cortices proposed to embed interoceptive predictions comprise the prefrontal and limbic areas [11, 239,
246] repeatedly implicated in BD. As reviewed above,
cognitive and emotional processes are supported by these
areas, exempliﬁed by the (anterior and posterior) insula and
its rich projections with the ACC and the orbitofrontal
cortex (Fig. 5b) [89, 247–249]. The IFG, embedded within
these networks, may encode the certainty of interoceptive
inputs and predictions [245]. The structural, functional and
effective networks identiﬁed in studies of HR and BD
cohorts are thus largely those which may support interoception and its visceromotor control through hierarchical
(Bayesian) prediction.
Under predictive coding accounts, the psychotic features
in SCZ are framed as disturbances to hierarchical inference
in exteroception [250]: symptoms as diverse as hallucinosis,
abnormal eye movements, sensory attenuation deﬁcits, and
delusions are seen as various expressions of the same core
pathology, namely, aberrant encoding of the precision of
beliefs about the external world [244, 250, 251]. Conversely, mood disorders in general, and BD in particular,
may be viewed as a dysfunction in interoceptive inference
[252]. Mania reﬂects a prediction bias towards a rewarding
[253], secure, predictable, and “epistemically rich” world
[236]. Major depression may result from a ‘locked in’ brain
that is relatively insensitive to its (interoceptive) sensory
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Fig. 5 Computational models of interoception and mood: a Classic
perception (“exteroception”) involves an action-perception cycle, acting through motor behaviour (e.g. eye or limb movement) and perceiving (or inferring) things in the world through vision,
proprioception etc. Interoception involves a similar action-perception
cycle with internal systems: Physiological states are primed through
efferent visceromotor effects, and likewise sensed by visceral afferents. Adapted with permission from [257]. b Hierarchical interoceptive
processes involve an action-perception cycle between the central
nervous system (CNS) and the body through descending visceromotor
efferents and ascending autonomic inputs to the spinal cord, brain stem
and hypothalamus (bottom, red circles). These then engage in active

perception through the mid-and posterior insula (second from bottom),
anterior insula (second from top, right panel), IFG/VLPFC (second
from top, left) and cognitive-control regions (top). The amygdala (far
right) acts in parallel, activating fear circuits in response to threatsalient prediction errors. At each level, descending arrows represent
predictions which are compared to ascending inputs: The mismatch
yields a prediction error which is feed up the hierarchy to update
internal models (i.e. mood and expectation).
ACC, anterior cingulate cortex; AIC, anterior insula cortex; AMY,
amygdala; HYP, hypothalamus; MIC, middle insula cortex; OFC,
orbitofrontal cortex; PIC, posterior insula cortex; SGC, subgenual
anterior cingulate cortex; VLPFC, ventrolateral prefrontal cortex

context [239]. Lastly, fatigue is thought to arise from
higher-order (“metacognitive”) beliefs regarding the futility
of viscero-motor “effort” in response to perceived or real
bodily dyshomeostasis [235].
The disturbed subnetworks in BD suggest broad patterns
of network dysfunction involving all levels of the interoceptive hierarchy: the symptomatic expression of BD may
reﬂect fronto-limbic dysfunction, that has ﬁgured prominently in this review, and which leads to unstable and
maladaptive internal representations of the social world.
Given the aberrant precision or weighting afforded towards
incoming interoceptive signals, features of the external
milieu may be consequently perceived in BD patients as
increasingly salient, rewarding or threatening [254, 255].
Disturbances in the circuitry of interoceptive centres and
regions storing higher-order representations in BD may be

sufﬁcient to produce these maladaptive internal models,
with the IFG likely prominent in encoding their precision of
expected interoceptive sensation. The abnormal activation
of the amygdala commonly observed in BD patients may
reﬂect heightened arousal signals due to the resulting dyshomeostasis [239]. Connectivity to cognitive control
regions, such as the ACC may embed these predictions in a
broader context, such as appraising the self in the current
social milieu [171]. Disturbances at these higher hierarchical levels speak to the challenges young HR individuals face regarding affective dysregulation and selfidentity. This framework of interoceptive dysregulation
can also accommodate the neurovegetative features of BD,
particularly the changes in sleep and energy levels. An
adaptive failure of this system may also lead to the inability
to update these internal models during inter-episode
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periods, leading to trait cognitive inﬂexibility [256].
Moreover, ﬂuctuations and compensatory responses on very
slow time scales may yield the core “bipolar” hallmark of
BD. For example, compensatory responses to the type of
connectomic disturbances that ﬁgure predominantly in
young HR individuals (such as weaker structural and
functional connectivity of the AI) may later lead to adaptive
(resilience) or mal-adaptive (illness-related) changes in
other circuits and other levels of the interoceptive hierarchy.
In closing, we propose BD as a type of “psychosis of
interoception”, with unstable neuronal dynamics in corresponding hierarchical systems. The ensuing dysregulation
yields the ﬂuctuations in mood at the core of the disorder.
The traditional fear circuitry, that include regions such as
the amygdala, may not be a primary target of the disorder,
but may be maladaptively recruited as a result of misperceptions of threat. This proposed model of abnormal
interoceptive inference accommodates the larger-scale patterns of network dysfunction reviewed in this manuscript,
and suggests the need for future imaging studies that integrate appropriate emotionally salient tasks with concurrent
physiological recordings.
Acknowledgements This review was funded by the Australian
National Medical and Health Research Council (118153, 10371296,
1095227) and the Brothers Reid Family. AP also acknowledges the
support of Dr Douglas Garrett’s funding from the Emmy Noether
Programme grant (German Research Council) and the Max Planck
UCL Centre for Computational Psychiatry and Ageing Research. We
thank Bjorn Burgher for constructive feedback of the manuscript,
and lastly the contribution of Guusje Collin in providing the source
images used in Fig. 3.

Compliance with ethical standards
Conﬂict of interest The authors declare that they have no conﬂict of
interest.
Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as
long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license, and indicate if
changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons license and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this license, visit http://creativecommons.
org/licenses/by/4.0/.

References
1. Grande I, Berk M, Birmaher B, Vieta E. Bipolar disorder.
Lancet. 2016;387:1561–1572.

1311

2. Mitchell PB, Malhi GS. Bipolar depression: phenomenological
overview and clinical characteristics. Bipolar Disord. 2004;
6:530–539.
3. Akiskal HS, Pinto O. The evolving bipolar spectrum:
prototypes I, II, III, and IV. Psychiatr Clin North Am. 1999;
22:517–534.
4. Perich T, Lau P, Hadzi-Pavlovic D, Roberts G, Frankland A,
Wright A, et al. What clinical features precede the onset of
bipolar disorder? J Psychiatr Res. 2015;62:71–77.
5. Saunders KEA, Goodwin GM. The course of bipolar disorder.
Adv Psychiatr Treat. 2010;16:318.
6. Ghaemi SN, Ko JY, Goodwin F. “Cade’s disease” and beyond:
misdiagnosis, antidepressant use, and a proposed deﬁnition for
bipolar spectrum disorder. Can J Psychiatry. 2002;47:125–134.
7. Goodwin GM. Consensus group of the British Association for
Psychopharmacology. Evidence-based guidelines for treating
bipolar disorder: revised second edition—recommendations from
the British Association for Psychopharmacology. J Psychopharmacol. 2009;23:346–388.
8. Grande I, Vieta E. Pharmacotherapy of acute mania: monotherapy or combination therapy with mood stabilizers and antipsychotics? CNS Drugs. 2015;29:221–227.
9. Geddes JR, Burgess S, Hawton K, Jamison K, Goodwin GM.
Long-term lithium therapy for bipolar disorder: systematic
review and meta-analysis of randomized controlled trials. Am J
Psychiatry. 2004;161:217–222.
10. Berk M, Dodd S, Callaly P, Berk L, Fitzgerald P, de Castella
AR, et al. History of illness prior to a diagnosis of bipolar disorder or schizoaffective disorder. J Affect Disord. 2007;
103:181–186.
11. Seth AK, Friston KJ. Active interoceptive inference and the
emotional brain. Philos Trans R Soc Lond B Biol Sci. 2016;
371:1708.
12. Martinez‐Aran A, Vieta E, Torrent C, Sanchez‐Moreno J, Goikolea J, Salamero M et al. Functional outcome in bipolar disorder: the role of clinical and cognitive factors. Bipolar Disord.
2007; 9:1–2.
13. Phillips ML, Ladouceur CD, Drevets WC. A neural model of
voluntary and automatic emotion regulation: implications for
understanding the pathophysiology and neurodevelopment of
bipolar disorder. Mol Psychiatry. 2008;13:829–857.
14. Phillips ML, Drevets WC, Rauch SL, Lane R. Neurobiology of
emotion perception I: the neural basis of normal emotion perception. Biol Psychiatry. 2003;54:504–514.
15. Phillips ML, Swartz HA. A critical appraisal of neuroimaging
studies of bipolar disorder: toward a new conceptualization of
underlying neural circuitry and roadmap for future research. Am
J Psychiatry. 2014;171:829–843.
16. Strakowski SM, Adler CM, Almeida J, Altshuler LL, Blumberg
HP, Chang KD, et al. The functional neuroanatomy of bipolar
disorder: a consensus model. Bipolar Disord. 2012;14:313–325.
17. Hibar DP, Westlye LT, Doan NT, Jahanshad N, Cheung JW,
Ching CRK et al. Cortical abnormalities in bipolar disorder:
an MRI analysis of 6503 individuals from the ENIGMA
bipolar disorder working group. Mol Psychiatry. 2017;
23:932–942.
18. Strakowski S, Delbello M, Adler C. The functional neuroanatomy of bipolar disorder: a review of neuroimaging ﬁndings.
Mol Psychiatry. 2005;10:105.
19. Hibar D, Westlye LT, Van Erp T, Rasmussen J, Leonardo CD,
Faskowitz J, et al. Subcortical volumetric abnormalities in
bipolar disorder. Mol Psychiatry. 2016;21:1710–1716.
20. Blond BN, Fredericks CA, Blumberg HP. Functional neuroanatomy of bipolar disorder: structure, function, and connectivity
in an amygdala-anterior paralimbic neural system. Bipolar Disord. 2012;14:340–355.

1312
21. Chen CH, Suckling J, Lennox BR, Ooi C, Bullmore ET. A
quantitative meta-analysis of fMRI studies in bipolar disorder.
Bipolar Disord. 2011;13:1–15.
22. Frangou S. Risk and resilience in bipolar disorder: rationale and
design of the Vulnerability to Bipolar Disorders Study (VIBES).
Biochem Soc Trans. 2009;37:1085.
23. Frangou S. Brain structural and functional correlates of resilience
to bipolar disorder. Front Hum Neurosci. 2012;5:184.
24. Kandel ER, Schwartz JH, Jessell TM, Siegelbaum SA,
Hudspeth AJ. Principles of neural science, vol. 4. New York:
McGraw-hill; 2000.
25. Sporns O. Networks of the brain. MIT press, Cambridge,
Massachusetts, 2010.
26. Bullmore E, Sporns O. Complex brain networks: graph theoretical analysis of structural and functional systems. Nat Rev
Neurosci. 2009;10:186–198.
27. Bassett DS, Bullmore E. Small-world brain networks. Neuroscientist. 2006;12:512–523.
28. Catani M, ffytche DH. The rises and falls of disconnection
syndromes. Brain. 2005;128:2224–2239.
29. Fornito A, Zalesky A, Breakspear M. The connectomics of brain
disorders. Nat Rev Neurosci. 2015;16:159–172.
30. Sporns O. Structure and function of complex brain networks.
Dialog Clin Neurosci. 2013;15:247–262.
31. Sporns O, Tononi G, Kötter R. The human connectome: a
structural description of the human brain. PLoS Comput Biol.
2005;1:e42.
32. Hagmann P, Kurant M, Gigandet X, Thiran P, Wedeen VJ,
Meuli R, et al. Mapping human whole-brain structural networks
with diffusion MRI. PLoS ONE. 2007;2:e597.
33. Breakspear M. Dynamic models of large-scale brain activity. Nat
Neurosci. 2017;20:340–352.
34. Zalesky A, Fornito A, Cocchi L, Gollo LL, Breakspear M. Timeresolved resting-state brain networks. Proc Natl Acad Sci USA.
2014;111:10341–10346.
35. Honey CJ, Kötter R, Breakspear M, Sporns O. Network structure
of cerebral cortex shapes functional connectivity on multiple
time scales. Proc Natl Acad Sci. 2007;104:10240–10245.
36. Tononi G, Sporns O, Edelman GM. A measure for brain complexity: relating functional segregation and integration in the
nervous system. Proc Natl Acad Sci USA. 1994;91:5033–5037.
37. Geschwind N. Disconnexion syndromes in animals and man. I.
Brain. 1965;88:237–294.
38. Fornito A, Bullmore ET. Connectomics: a new paradigm for
understanding brain disease. Eur Neuropsychopharmacol.
2015;25:733–748.
39. Collin G, Turk E, van den Heuvel MP. Connectomics in schizophrenia: from early pioneers to recent brain network ﬁndings.
Biol Psychiatry Cogn Neurosci Neuroimag. 2016;1:199–208.
40. Friston KJ, Frith CD. Schizophrenia: a disconnection syndrome.
Clin Neurosci. 1995;3:89–97.
41. Friston KJ. The disconnection hypothesis. Schizophr Res.
1998;30:115–125.
42. Stam C, Jones B, Nolte G, Breakspear M, Scheltens P. Smallworld networks and functional connectivity in Alzheimer’s disease. Cereb Cortex. 2007;17:92–99.
43. Seeley WW, Crawford RK, Zhou J, Miller BL, Greicius MD.
Neurodegenerative diseases target large-scale human brain networks. Neuron. 2009;62:42–52.
44. Newman ME. The structure and function of complex networks.
SIAM Rev. 2003;45:167–256.
45. Watts DJ, Strogatz SH. Collective dynamics of ‘small-world’
networks. Nature. 1998;393:440–442.
46. Anwander A, Tittgemeyer M, von Cramon DY, Friederici AD,
Knösche TR. Connectivity-based parcellation of Broca’s area.
Cereb Cortex. 2006;17:816–825.

A. Perry et al.
47. Tittgemeyer M, Rigoux L, Knösche TR. Cortical parcellation
based on structural connectivity: a case for generative models.
Neuroimage. 2018;173:592–603.
48. Friston KJ. Functional and effective connectivity in neuroimaging: a synthesis. Hum Brain Mapp. 1994;2:1–2.
49. Rubinov M, Sporns O. Complex network measures of brain
connectivity: uses and interpretations. Neuroimage. 2010;52:
1059–1069.
50. Sporns O. Network attributes for segregation and integration in
the human brain. Curr Opin Neurobiol. 2013;23:162–171.
51. Friston KJ, Tononi G, Sporns O, Edelman GM. Characterising
the complexity of neuronal interactions. Hum Brain Mapp.
1995;3:302–314.
52. Fornito A, Zalesky A, Breakspear M. Graph analysis of the
human connectome: promise, progress, and pitfalls. Neuroimage.
2013;80:426–444.
53. Sporns O, Zwi JD. The small world of the cerebral cortex.
Neuroinformatics. 2004;2:145–162.
54. Sporns O, Betzel RF. Modular brain networks. Annu Rev Psychol. 2016;67:613–640.
55. Bullmore E, Sporns O. The economy of brain network organization. Nat Rev Neurosci. 2012;13:336.
56. van den Heuvel MP, Sporns O. Network hubs in the human
brain. Trends Cogn Sci. 2013;17:683–696.
57. Hagmann P, Cammoun L, Gigandet X, Meuli R, Honey CJ,
Wedeen VJ, et al. Mapping the structural core of human cerebral
cortex. PLoS Biol. 2008;6:e159.
58. Perry A, Wen W, Lord A, Thalamuthu A, Roberts G, Mitchell
PB, et al. The organisation of the elderly connectome. Neuroimage. 2015;114:414–426.
59. van den Heuvel MP, Sporns O. Rich-club organization of the
human connectome. J Neurosci. 2011;31:15775.
60. Colizza V, Flammini A, Serrano MA, Vespignani A. Detecting
rich-club ordering in complex networks. Nat Phys. 2006;
2:110–115.
61. Zalesky A, Fornito A, Bullmore ET. Network-based statistic:
identifying differences in brain networks. Neuroimage. 2010;
53:1197–1207.
62. Rubinov M, Knock SA, Stam CJ, Micheloyannis S, Harris AWF,
Williams LM, et al. Small‐world properties of nonlinear brain
activity in schizophrenia. Hum Brain Mapp. 2009;30:403–416.
63. Micheloyannis S, Pachou E, Stam CJ, Breakspear M, Bitsios P,
Vourkas M, et al. Small-world networks and disturbed
functional connectivity in schizophrenia. Schizophr Res. 2006;
87:60–66.
64. Fornito A, Zalesky A, Pantelis C, Bullmore ET. Schizophrenia,
neuroimaging and connectomics. Neuroimage. 2012;62:
2296–2314.
65. Alexander-Bloch AF, Vértes PE, Stidd R, Lalonde F, Clasen L,
Rapoport J, et al. The anatomical distance of functional connections predicts brain network topology in health and schizophrenia. Cereb Cortex. 2012;23:127–138.
66. Bassett DS, Bullmore E, Verchinski BA, Mattay VS, Weinberger
DR, Meyer-Lindenberg A. Hierarchical organization of human
cortical networks in health and schizophrenia. J Neurosci.
2008;28:9239–9248.
67. Lynall M-E, Bassett DS, Kerwin R, McKenna PJ, Kitzbichler M,
Muller U, et al. Functional connectivity and brain networks in
schizophrenia. J Neurosci. 2010;30:9477–9487.
68. Liu Y, Liang M, Zhou Y, He Y, Hao Y, Song M, et al.
Disrupted small-world networks in schizophrenia. Brain. 2008;
131:945–961.
69. van den Heuvel MP, Sporns O, Collin G, Scheewe T, Mandl RC,
Cahn W, et al. Abnormal rich club organization and functional
brain dynamics in schizophrenia. JAMA Psychiatry. 2013;
70:783–792.

Connectomics of bipolar disorder: a critical review, and evidence for dynamic instabilities within. . .
70. Collin G, Kahn RS, de Reus MA, Cahn W, van den Heuvel MP.
Impaired rich club connectivity in unaffected siblings of schizophrenia patients. Schizophr Bull. 2013;40:438–448.
71. Collin G, Scholtens LH, Kahn RS, Hillegers MHJ, van den
Heuvel MP. Affected anatomical rich club and structural–functional coupling in young offspring of schizophrenia and bipolar
disorder patients. Biol Psychiatry. 2017;82:746–755.
72. Berkovitch L, Dehaene S, Gaillard R. Disruption of conscious
access in schizophrenia. Trends Cogn Sci. 2017;21:878–892.
73. Buckner RL, Sepulcre J, Talukdar T, Krienen FM, Liu H,
Hedden T, et al. Cortical hubs revealed by intrinsic functional
connectivity: mapping, assessment of stability, and relation to
alzheimer's disease. J Neurosci. 2009;29:1860.
74. Mallio CA, Schmidt R, de Reus MA, Vernieri F, Quintiliani L,
Curcio G, et al. Epicentral disruption of structural connectivity
in alzheimer’s disease. CNS Neurosci Ther. 2015;21:837–845.
75. Crossley NA, Mechelli A, Scott J, Carletti F, Fox PT, McGuire
P, et al. The hubs of the human connectome are generally
implicated in the anatomy of brain disorders. Brain.
2014;137:2382–2395.
76. Jirsa VK, Proix T, Perdikis D, Woodman MM, Wang H,
Gonzalez-Martinez J, et al. The virtual epileptic patient: individualized whole-brain models of epilepsy spread. Neuroimage.
2017;145:377–388. (Part B)
77. Wirsich J, Perry A, Ridley B, Proix T, Golos M, Bénar C, et al.
Whole-brain analytic measures of network communication reveal
increased structure-function correlation in right temporal lobe
epilepsy. NeuroImage Clin. 2016;11:707–718.
78. Lopes MA, Richardson MP, Abela E, Rummel C, Schindler K,
Goodfellow M, et al. An optimal strategy for epilepsy surgery:
disruption of the rich-club? PLoS Comput Biol. 2017;13:
e1005637.
79. Brothers L, Ring B. Mesial temporal neurons in the macaque
monkey with responses selective for aspects of social stimuli.
Behav Brain Res. 1993;57:53–61.
80. Alvarez RP, Biggs A, Chen G, Pine DS, Grillon C. Contextual
fear conditioning in humans: cortical-hippocampal and amygdala
contributions. J Neurosci. 2008;28:6211–6219.
81. Monk CS, Telzer EH, Mogg K, Bradley BP, Mai X, Louro HM,
et al. Amygdala and ventrolateral prefrontal cortex activation to
masked angry faces in children and adolescents with generalized
anxiety disorder. Arch Gen Psychiatry. 2008;65:568–576.
82. Guyer AE, Monk CS, McClure-Tone EB, Nelson EE, RobersonNay R, Adler AD, et al. A developmental examination of
amygdala response to facial expressions. J Cogn Neurosci.
2008;20:1565–1582.
83. Ochsner KN, Gross JJ. The cognitive control of emotion. Trends
Cogn Sci. 2005;9:242–249.
84. Thompson RA. Emotion regulation: a theme in search of deﬁnition. Monogr Soc Res Child Dev. 1994;59:25–52.
85. Rolls ET. The orbitofrontal cortex. Philos Trans R Soc Lond B
Biol Sci. 1996;351:1443–1434. (1346)1433–1443discussion
86. Fuster JM. Frontal lobe and cognitive development. J Neurocytol. 2002;31:373–385.
87. Mansouri FA, Koechlin E, Rosa MGP, Buckley MJ. Managing
competing goals [mdash] a key role for the frontopolar cortex.
Nat Rev Neurosci. 2017; advance online publication.
88. Botvinick MM, Braver TS, Barch DM, Carter CS, Cohen JD.
Conﬂict monitoring and cognitive control. Psychol Rev.
2001;108:624.
89. MacDonald AW, Cohen JD, Stenger VA, Carter CS. Dissociating the role of the dorsolateral prefrontal and anterior cingulate
cortex in cognitive control. Science. 2000;288:1835–1838.
90. Drevets WC, Price JL, Simpson JR, Todd RD, Reich T, Vannier
M, et al. Subgenual prefrontal cortex abnormalities in mood
disorders. Nature. 1997;386:824–827.

1313

91. Altshuler L, Bookheimer S, Townsend J, Proenza MA, Sabb F,
Mintz J, et al. Regional brain changes in bipolar I depression: a
functional magnetic resonance imaging study. Bipolar Disord.
2008;10:708–717.
92. Townsend JD, Bookheimer SY, Foland‐Ross LC, Moody TD,
Eisenberger NI, Fischer JS, et al. Deﬁcits in inferior
frontal cortex activation in euthymic bipolar disorder
patients during a response inhibition task. Bipolar Disord.
2012;14:442–450.
93. Gruber SA, Rogowska J, Yurgelun-Todd DA. Decreased activation of the anterior cingulate in bipolar patients: an fMRI
study. J Affect Disord. 2004;82:191–201.
94. Nusslock R, Harmon-Jones E, Alloy LB, Urosevic S, Goldstein
K, Abramson LY. Elevated left mid-frontal cortical activity
prospectively predicts conversion to bipolar I disorder. J Abnorm
Psychol. 2012;121:592–601.
95. Caseras X, Lawrence NS, Murphy K, Wise RG, Phillips ML.
Ventral striatum activity in response to reward: differences
between bipolar i and ii disorders. Am J Psychiatry.
2013;170:533–541.
96. Mason L, Eldar E, Rutledge RB. Mood instability and reward
dysregulation—a neurocomputational model of bipolar disorder.
JAMA Psychiatry. 2017;74:1275–1276.
97. Vinckier F, Rigoux L, Oudiette D, Pessiglione M. Neurocomputational account of how mood ﬂuctuations arise and affect
decision making. Nat Commun. 2018;9:1708.
98. Price JL, Drevets WC. Neurocircuitry of mood disorders. Neuropsychopharmacology. 2010;35:192.
99. Strakowski SM, DelBello MP, Sax KW, Zimmerman ME, Shear
PK, Hawkins JM, et al. Brain magnetic resonance imaging of
structural abnormalities in bipolar disorder. Arch Gen Psychiatry.
1999;56:254–260.
100. Leow A, Ajilore O, Zhan L, Arienzo D, GadElkarim J, Zhang A,
et al. Impaired inter-hemispheric integration in bipolar disorder
revealed with brain network analyses. Biol Psychiatry. 2013;
73:183–193.
101. Collin G, van den Heuvel MP, Abramovic L, Vreeker A, de Reus
MA, van Haren NE, et al. Brain network analysis reveals
affected connectome structure in bipolar disorder. Hum Brain
Mapp. 2015;37:122–134.
102. Arnone D, McIntosh AM, Chandra P, Ebmeier KP. Metaanalysis of magnetic resonance imaging studies of the corpus
callosum in bipolar disorder. Acta Psychiatr Scand. 2008;
118:357–362.
103. Chase HW, Phillips ML. Elucidating neural network functional
connectivity abnormalities in bipolar disorder: toward a harmonized methodological approach. Biol Psychiatry Cogn Neurosci
neuroimag. 2016;1:288–298.
104. Townsend JD, Torrisi SJ, Lieberman MD, Sugar CA, Bookheimer SY, Altshuler LL. Frontal-amygdala connectivity alterations during emotion downregulation in bipolar I disorder. Biol
Psychiatry. 2013;73:127–135.
105. Chepenik LG, Raffo M, Hampson M, Lacadie C, Wang F, Jones
MM, et al. Functional connectivity between ventral
prefrontal cortex and amygdala at low frequency in the resting
state in bipolar disorder. Psychiatry Res Neuroimag. 2010;
182:207–210.
106. Strakowski SM, Eliassen JC, Lamy M, Cerullo MA, Allendorfer
JB, Madore M, et al. Functional magnetic resonance imaging
brain activation in bipolar mania: evidence for disruption of the
ventrolateral prefrontal-amygdala emotional pathway. Biol Psychiatry. 2011;69:381–388.
107. Li M, Huang C, Deng W, Ma X, Han Y, Wang Q, et al. Contrasting and convergent patterns of amygdala connectivity in
mania and depression: a resting-state study. J Affect Disord.
2015;173:53–58.

1314
108. Anticevic A, Brumbaugh MS, Winkler AM, Lombardo LE,
Barrett J, Corlett PR, et al. Global prefrontal and frontoamygdala dysconnectivity in bipolar I disorder with psychosis
history. Biol Psychiatry. 2013;73:565–573.
109. Liu H, Tang Y, Womer F, Fan G, Lu T, Driesen N, et al. Differentiating patterns of amygdala-frontal functional connectivity
in schizophrenia and bipolar disorder. Schizophr Bull. 2013;
40:469–477.
110. Anand A, Li Y, Wang Y, Lowe MJ, Dzemidzic M. Resting state
corticolimbic connectivity abnormalities in unmedicated bipolar
disorder and unipolar depression. Psychiatry Res Neuroimaging.
2009;171:189–198.
111. Roberts G, Lord A, Frankland A, Wright A, Lau P, Levy F, et al.
Functional dysconnection of the inferior frontal gyrus in young
people with bipolar disorder or at genetic high risk. Biol Psychiatry. 2017;81:718–727.
112. Pompei F, Dima D, Rubia K, Kumari V, Frangou S. Dissociable
functional connectivity changes during the Stroop task relating to
risk, resilience and disease expression in bipolar disorder. Neuroimage. 2011;57:576–582.
113. Magioncalda P, Martino M, Conio B, Escelsior A, Piaggio N,
Presta A, et al. Functional connectivity and neuronal variability
of resting state activity in bipolar disorder—reduction and
decoupling in anterior cortical midline structures. Hum Brain
Mapp. 2015;36:666–682.
114. Anticevic A, Yang G, Savic A, Murray JD, Cole MW, Repovs
G, et al. Mediodorsal and visual thalamic connectivity differ in
schizophrenia and bipolar disorder with and without psychosis
history. Schizophr Bull. 2014;40:1227–1243.
115. Satterthwaite TD, Kable JW, Vandekar L, Katchmar N, Bassett
DS, Baldassano CF, et al. Common and dissociable dysfunction
of the reward system in bipolar and unipolar depression. Neuropsychopharmacology. 2015;40:2258–2268.
116. Dutra SJ, Man V, Kober H, Cunningham WA, Gruber J. Disrupted cortico‐limbic connectivity during reward processing in
remitted bipolar I disorder. Bipolar Disord. 2017;19:661–675.
117. Roberts G, Green MJ, Breakspear M, McCormack C, Frankland
A, Wright A, et al. Reduced inferior frontal gyrus activation
during response inhibition to emotional stimuli in youth at high
risk of bipolar disorder. Biol Psychiatry. 2013;74:55–61.
118. Damoiseaux JS, SARB Rombouts, Barkhof F, Scheltens P, Stam
CJ, Smith SM, et al. Consistent resting-state networks across
healthy subjects. Proc Natl Acad Sci. 2006;103:13848.
119. Khadka S, Meda SA, Stevens MC, Glahn DC, Calhoun VD,
Sweeney JA, et al. Is aberrant functional connectivity a psychosis
endophenotype? A resting state functional magnetic resonance
imaging study. Biol Psychiatry. 2013;74:458–466.
120. Meda SA, Gill A, Stevens MC, Lorenzoni RP, Glahn DC, Calhoun VD, et al. Differences in resting-state functional magnetic
resonance imaging functional network connectivity between
schizophrenia and psychotic bipolar probands and their
unaffected ﬁrst-degree relatives. Biol Psychiatry. 2012;71:
881–889.
121. Baker JT, Holmes AJ, Masters GA, Thomas Yeo BT, Krienen F,
Buckner RL, et al. Disruption of cortical association networks in
schizophrenia and psychotic bipolar disorder. JAMA Psychiatry.
2014;71:109–118.
122. Stoddard J, Gotts SJ, Brotman MA, Lever S, Hsu D, Zarate C,
et al. Aberrant intrinsic functional connectivity within
and between corticostriatal and temporal–parietal networks in
adults and youth with bipolar disorder. Psychol Med. 2016;
46:1509–1522.
123. Goya-Maldonado R, Brodmann K, Keil M, Trost S, Dechent P,
Gruber O. Differentiating unipolar and bipolar depression by
alterations in large-scale brain networks. Hum Brain Mapp.
2016;37:808–818.

A. Perry et al.
124. Öngür D, Lundy M, Greenhouse I, Shinn AK, Menon V, Cohen
BM, et al. Default mode network abnormalities in bipolar disorder and schizophrenia. Psychiatry Res Neuroimaging.
2010;183:59–68.
125. Calhoun VD, Maciejewski PK, Pearlson GD, Kiehl KA. Temporal lobe and “default” hemodynamic brain modes discriminate
between schizophrenia and bipolar disorder. Hum Brain Mapp.
2008;29:1265–1275.
126. Calhoun VD, Sui J, Kiehl K, Turner JA, Allen EA, Pearlson G.
Exploring the psychosis functional connectome: aberrant intrinsic networks in schizophrenia and bipolar disorder. Front Psychiatry. 2012;2:75.
127. Greicius MD, Krasnow B, Reiss AL, Menon V. Functional
connectivity in the resting brain: a network analysis of the default
mode hypothesis. Proc Natl Acad Sci. 2003;100:253–258.
128. Wang Y, Wang J, Jia Y, Zhong S, Zhong M, Sun Y, et al.
Topologically convergent and divergent functional connectivity
patterns in unmedicated unipolar depression and bipolar disorder.
Transl Psychiatry. 2017;7:e1165.
129. Doucet GE, Bassett DS, Yao N, Glahn DC, Frangou S. The role
of intrinsic brain functional connectivity in vulnerability and
resilience to bipolar disorder. Am J Psychiatry. 2017.
17010095appi.ajp.
130. Benedetti F, Yeh P-H, Bellani M, Radaelli D, Nicoletti MA,
Poletti S, et al. Disruption of white matter integrity in bipolar
depression as a possible structural marker of illness. Biol Psychiatry. 2011;69:309–317.
131. Roberts G, Wen W, Frankland A, Perich T, Holmes-Preston E,
Levy F et al. Interhemispheric white matter integrity in young
people with bipolar disorder and at high genetic risk. Psychol.
Med. 2016; FirstView: 1–12.
132. O’Donoghue S, Holleran L, Cannon DM, McDonald C. Anatomical dysconnectivity in bipolar disorder compared with schizophrenia: A selective review of structural network analyses
using diffusion MRI. J Affect Disord. 2017;209:217–228.
133. Nortje G, Stein DJ, Radua J, Mataix-Cols D, Horn N. Systematic
review and voxel-based meta-analysis of diffusion tensor
imaging studies in bipolar disorder. J Affect Disord. 2013;
150:192–200.
134. Wise T, Radua J, Nortje G, Cleare AJ, Young AH, Arnone D.
Voxel-based meta-analytical evidence of structural disconnectivity in major depression and bipolar disorder. Biol
Psychiatry. 2016;79:293–302.
135. McIntosh AM, Maniega SM, Lymer GKS, McKirdy J, Hall J,
Sussmann JE, et al. White matter tractography in bipolar disorder
and schizophrenia. Biol Psychiatry. 2008;64:1088–1092.
136. Versace A, Almeida JR, Hassel S, Walsh ND, Novelli M, Klein
CR, et al. Elevated left and reduced right orbitomedial prefrontal
fractional anisotropy in adults with bipolar disorder revealed by
tract-based spatial statistics. Arch Gen Psychiatry. 2008;65:
1041–1052.
137. Jones DK, Knösche TR, Turner R. White matter integrity, ﬁber
count, and other fallacies: the do’s and don’ts of diffusion MRI.
Neuroimage. 2013;73:239–254.
138. Emsell L, Van Hecke W, Tournier J-D. Introduction to Diffusion
Tensor Imaging. In: Van Hecke W, Emsell L, Sunaert S (eds).
Diffusion Tensor Imaging: A Practical Handbook. Springer New
York: New York, NY, 2016, pp 7–19.
139. Pasternak O, Westin C-F, Bouix S, Seidman LJ, Goldstein JM,
Woo T-UW, et al. Excessive extracellular volume reveals a
neurodegenerative pattern in schizophrenia onset. J Neurosci.
2012;32:17365–17372.
140. Farquharson S, Tournier J-D, Calamante F, Fabinyi G,
Schneider-Kolsky M, Jackson G, et al. White matter ﬁber tractography: why we need to move beyond DTI. J Neurosurg.
2013;118:1367–1377.

Connectomics of bipolar disorder: a critical review, and evidence for dynamic instabilities within. . .
141. Roberts G, Perry A, Lord A, Frankland A, Leung V, HolmesPreston E et al. Structural dysconnectivity of key cognitive and
emotional hubs in young people at high genetic risk for bipolar
disorder. Mol Psychiatry. 2016.
142. Forde NJ, O’Donoghue S, Scanlon C, Emsell L, Chaddock C,
Leemans A, et al. Structural brain network analysis in families
multiply affected with bipolar I disorder. Psychiatry Res Neuroimag. 2015;234:44–51.
143. O’Donoghue S, Kilmartin L, O’Hora D, Emsell L, Langan C,
McInerney S, et al. Anatomical integration and rich-club connectivity in euthymic bipolar disorder. Psychol Med.
2017;47:1609–1623.
144. Sotiropoulos SN, Zalesky A. Building connectomes using
diffusion MRI: why, how and but. NMR Biomed. 2017:e3752.
(in press).
145. Wang Y, Deng F, Jia Y, Wang J, Zhong S, Huang H et al.
Disrupted rich club organization and structural brain connectome
in unmedicated bipolar disorder. Psychol Med. 2018: 1–9.
https://doi.org/10.1017/S0033291718001150. (in press).
146. Vöhringer PA, Barroilhet S, Amerio A, Reale ML, Vergne D,
Alvear KP, et al. Cognitive impairment in bipolar disorder
and schizophrenia: a systematic review. Front Psychiatry.
2013;4:87.
147. Poldrack RA. Can cognitive processes be inferred from neuroimaging data? Trends Cogn Sci. 2006;10:59–63.
148. Poldrack RA. Inferring mental states from neuroimaging data:
from reverse inference to large-scale decoding. Neuron.
2011;72:692–697.
149. Friston KJ, Harrison L, Penny W. Dynamic causal modelling.
Neuroimage. 2003;19:1273–1302.
150. Stephan KE, Penny WD, Daunizeau J, Moran RJ, Friston KJ.
Bayesian model selection for group studies. Neuroimage.
2009;46:1004–1017.
151. Radaelli D, Sferrazza Papa G, Vai B, Poletti S, Smeraldi E,
Colombo C, et al. Fronto-limbic disconnection in bipolar disorder. Eur Psychiatry. 2015;30:82–88.
152. Almeida JR, Versace A, Mechelli A, Hassel S, Quevedo K,
Kupfer DJ, et al. Abnormal amygdala-prefrontal effective connectivity to happy faces differentiates bipolar from major
depression. Biol Psychiatry. 2009;66:451–459.
153. Dima D, Jogia J, Collier D, Vassos E, Burdick KE, Frangou S.
Independent modulation of engagement and connectivity of
the facial network during affect processing by cacna1c and ank3
risk genes for bipolar disorder. JAMA Psychiatry. 2013;
70:1303–1311.
154. Benedetta V, Sara P, Daniele R, Sara D, Chiara B, Clara L, et al.
Successful antidepressant chronotherapeutics enhance frontolimbic neural responses and connectivity in bipolar depression.
Psychiatry Res Neuroimaging. 2015;233:243–253.
155. Mortensen P, Pedersen CB, Melbye MM, Mors OO, Ewald HH.
Individual and familial risk factors for bipolar affective disorders
in denmark. Arch Gen Psychiatry. 2003;60:1209–1215.
156. McGufﬁn P, Rijsdijk F, Andrew M, Sham P, Katz R, Cardno A.
The heritability of bipolar affective disorder and the genetic
relationship to unipolar depression. Arch Gen Psychiatry.
2003;60:497–502.
157. Consortium IS. Common polygenic variation contributes to risk
of schizophrenia and bipolar disorder. Nature. 2009;460:748.
158. Whalley HC, Sussmann JE, Chakirova G, Mukerjee P, Peel A,
McKirdy J, et al. The neural basis of familial risk and temperamental variation in individuals at high risk of bipolar disorder. Biol Psychiatry. 2011;70:343–349.
159. Purcell SM, Wray NR, Stone JL, Visscher PM, O’Donovan MC,
Sullivan PF, et al. Common polygenic variation contributes to
risk of schizophrenia and bipolar disorder. Nature. 2009;
460:748–752.

1315

160. Casey BJ, Jones RM, Levita L, Libby V, Pattwell S, Ruberry E,
et al. The storm and stress of adolescence: insights from
human imaging and mouse genetics. Dev Psychobiol. 2010;
52:225–235.
161. Paus T, Keshavan M, Giedd JN. Why do many psychiatric disorders emerge during adolescence? Nat Rev Neurosci. 2008;
9:947–957.
162. Fair DA, Cohen AL, Power JD, Dosenbach NU, Church JA,
Miezin FM, et al. Functional brain networks develop from a
“local to distributed” organization. PLoS Comput Biol. 2009;5:
e1000381.
163. Fusar-Poli P, Howes O, Bechdolf A, Borgwardt S. Mapping
vulnerability to bipolar disorder: a systematic review and metaanalysis of neuroimaging studies. J Psychiatry Neurosci JPN.
2012;37:170.
164. Smith RE, Tournier JD, Calamante F, Connelly A. SIFT2:
enabling dense quantitative assessment of brain white matter
connectivity using streamlines tractography. Neuroimage. 2015;
119:338–351.
165. Zhang H, Schneider T, Wheeler-Kingshott CA, Alexander DC.
NODDI: practical in vivo neurite orientation dispersion and
density imaging of the human brain. Neuroimage. 2012;61:
1000–1016.
166. Ofer P, Nir S, Yaniv G, Nathan I, Yaniv A. Free water elimination and mapping from diffusion MRI. Magn Reson Med.
2009;62:717–730.
167. Friston K, Buechel C, Fink G, Morris J, Rolls E, Dolan R.
Psychophysiological and modulatory interactions in neuroimaging. Neuroimage. 1997;6:218–229.
168. Breakspear M, Roberts G, Green MJ, Nguyen VT, Frankland A,
Levy F et al. Network dysfunction of emotional and cognitive
processes in those at genetic risk of bipolar disorder. Brain.
2015;138:3427–3439.
169. Dima D, Roberts RE, Frangou S. Connectomic markers of disease expression, genetic risk and resilience in bipolar disorder.
Transl Psychiatry. 2016;6:e706.
170. Wilcox HC, Fullerton JM, Glowinski AL, Benke K, Kamali M,
Hulvershorn LA, et al. Traumatic stress interacts with bipolar
disorder genetic risk to increase risk for suicide attempts. J Am
Acad Child Adolesc Psychiatry. 2017;56:1073–1080.
171. Davey CG, Breakspear M, Pujol J, Harrison BJ. A brain model
of disturbed self-appraisal in depression. Am J Psychiatry.
2017;174:895–903.
172. Morgan SE, White SR, Bullmore ET, Vértes PE. A network
neuroscience approach to typical and atypical brain development.
Biol Psychiatr Cogn Neurosci Neuroimag. 2018.
173. Váša F, Seidlitz J, Romero-Garcia R, Whitaker KJ, Rosenthal G,
Vértes PE, et al. Adolescent tuning of association cortex
in human structural brain networks. Cereb Cortex. 2017;
28:281–294.
174. Perlman SB, Almeida JR, Kronhaus DM, Versace A, Labarbara
EJ, Klein CR, et al. Amygdala activity and prefrontal cortexamygdala effective connectivity to emerging emotional faces
distinguish remitted and depressed mood states in bipolar disorder. Bipolar Disord. 2012;14:162–174.
175. Versace A, Thompson WK, Zhou D, Almeida JRC, Hassel S,
Klein CR, et al. Abnormal left and right amygdala-orbitofrontal
cortical functional connectivity to emotional faces: state versus
trait vulnerability markers of depression in bipolar disorder. Biol
Psychiatry. 2010;67:422–431.
176. Wang Y, Zhong S, Jia Y, Zhou Z, Wang B, Pan J, et al. Interhemispheric resting state functional connectivity abnormalities in
unipolar depression and bipolar depression. Bipolar Disord.
2015;17:486–495.
177. Whalley HC, Sussmann JE, Romaniuk L, Stewart T, Papmeyer
M, Sprooten E, et al. Prediction of depression in individuals at

1316

178.

179.

180.

181.

182.

183.

184.

185.

186.

187.

188.

189.

190.
191.

192.

193.

A. Perry et al.
high familial risk of mood disorders using functional magnetic
resonance imaging. PLoS ONE. 2013;8:e57357.
Whalley HC, Sussmann JE, Romaniuk L, Stewart T, Kielty S,
Lawrie SM, et al. Dysfunction of emotional brain systems
in individuals at high risk of mood disorder with depression
and predictive features prior to illness. Psychol Med. 2015;
45:1207–1218.
Chan SW, Sussmann JE, Romaniuk L, Stewart T, Lawrie SM,
Hall J, et al. Deactivation in anterior cingulate cortex during
facial processing in young individuals with high familial risk and
early development of depression: fMRI ﬁndings from the Scottish Bipolar Family Study. J Child Psychol Psychiatry. 2016;
57:1277–1286.
Fournier JC, Chase HW, Almeida J, Phillips ML. Within- and
between-session changes in neural activity during emotion processing in unipolar and bipolar depression. Biol Psychiatry Cogn
Neurosci Neuroimag. 2016;1:518–527.
Nickson T, Chan SW, Papmeyer M, Romaniuk L, Macdonald A,
Stewart T, et al. Prospective longitudinal voxel-based morphometry study of major depressive disorder in young individuals at
high familial risk. Psychol Med. 2016;46:2351–2361.
Papmeyer M, Giles S, Sussmann JE, Kielty S, Stewart T, Lawrie
SM, et al. Cortical thickness in individuals at high familial risk of
mood disorders as they develop major depressive disorder. Biol
Psychiatry. 2015;78:58–66.
Kozicky J-M, McGirr A, Bond DJ, Gonzalez M, Silveira LE,
Keramatian K, et al. Neuroprogression and episode recurrence in
bipolar I disorder: a study of gray matter volume changes in ﬁrstepisode mania and association with clinical outcome. Bipolar
Disord. 2016;18:511–519.
Ganzola R, Nickson T, Bastin ME, Giles S, Macdonald A,
Sussmann J, et al. Longitudinal differences in white matter
integrity in youth at high familial risk for bipolar disorder.
Bipolar Disord. 2017;19:158–167.
Crossley NA, Marques TR, Taylor H, Chaddock C, Dell’Acqua
F. Reinders AATS et al. Connectomic correlates of response to
treatment in ﬁrst-episode psychosis. Brain. 2017;140:487–496.
Dezhina Z, Ranlund S, Kyriakopoulos M, Williams SCR, Dima
D. A systematic review of associations between functional MRI
activity and polygenic risk for schizophrenia and bipolar disorder. Brain Imag Behav. 2018:s11682-018-9879-z. (in press).
Dima D, de Jong S, Breen G, Frangou S. The polygenic risk for
bipolar disorder inﬂuences brain regional function relating to
visual and default state processing of emotional information.
NeuroImage Clin. 2016;12:838–844.
Kelly S, Jahanshad N, Zalesky A, Kochunov P, Agartz I, Alloza
C, et al. Widespread white matter microstructural differences in
schizophrenia across 4322 individuals: results from the
ENIGMA Schizophrenia DTI Working Group. Mol Psychiatry.
2017;23:1261.
Moskvina V, Craddock N, Holmans P, Nikolov I, Pahwa JS,
Green E, et al. Gene-wide analyses of genome-wide association
data sets: evidence for multiple common risk alleles for schizophrenia and bipolar disorder and for overlap in genetic risk. Mol
Psychiatry. 2009;14:252–260.
Frangou S. A systems neuroscience perspective of schizophrenia
and bipolar disorder. Schizophr Bull. 2014;40:523–531.
de Almeida JRC, Phillips ML. Distinguishing between unipolar
depression and bipolar depression: current and future clinical
and neuroimaging perspectives. Biol Psychiatry. 2013;
73:111–118.
Nguyen VT, Breakspear M, Hu X, Guo CC. The integration of
the internal and external milieu in the insula during dynamic
emotional experiences. Neuroimage. 2016;124:455–463.
Guo CC, Nguyen VT, Hyett MP, Parker GB, Breakspear MJ.
Out-of-sync: disrupted neural activity in emotional circuitry

194.

195.

196.

197.

198.

199.

200.
201.

202.

203.

204.

205.

206.

207.

208.

209.

210.

during ﬁlm viewing in melancholic depression. Sci Rep.
2015;5:11605.
Hyett MP, Breakspear MJ, Friston KJ, Guo CC, Parker GB.
Disrupted effective connectivity of cortical systems supporting
attention and interoception in melancholia. JAMA Psychiatry.
2015;72:350–358.
Hyett MP, Parker GB, Guo CC, Zalesky A, Nguyen VT,
Yuen T, et al. Scene unseen: disrupted neuronal adaptation in
melancholia during emotional ﬁlm viewing. NeuroImage: Clin.
2015;9:660–667.
Nichols TE, Das S, Eickhoff SB, Evans AC, Glatard T, Hanke
M, et al. Best practices in data analysis and sharing in neuroimaging using MRI. Nat Neurosci. 2017;20:299–303.
Gelman A, Loken E. The garden of forking paths: why multiple
comparisons can be a problem, even when there is no “ﬁshing
expedition” or “p-hacking” and the research hypothesis was
posited ahead of time. Department of Statistics, Columbia University 2013.
Button KS, Ioannidis JP, Mokrysz C, Nosek BA, Flint J,
Robinson ES, et al. Power failure: why small sample size
undermines the reliability of neuroscience. Nat Rev Neurosci.
2013;14:365.
Gollo LL, Zalesky A, Hutchison RM, van den Heuvel M,
Breakspear M. Dwelling quietly in the rich club: brain network
determinants of slow cortical ﬂuctuations. Philos Trans R Soc B.
2015;370:20140165. (1668)
Honey CJ, Thivierge J-P, Sporns O. Can structure predict
function in the human brain? Neuroimage. 2010;52:766–776.
Mišić B, Betzel RF, de Reus MA, van den Heuvel MP,
Berman MG, McIntosh AR et al. Network-level structure–
function relationships in human neocortex. Cerebral
Cortex. 2016.
Liégeois R, Ziegler E, Phillips C, Geurts P, Gómez F, Bahri MA,
et al. Cerebral functional connectivity periodically (de)synchronizes with anatomical constraints. Brain Struct Funct. 2016;
221:2985–2997.
Honey CJ, Sporns O, Cammoun L, Gigandet X, Thiran JP, Meuli
R, et al. Predicting human resting-state functional connectivity
from structural connectivity. Proc Natl Acad Sci. 2009;
106:2035–2040.
Skudlarski P, Jagannathan K, Calhoun VD, Hampson M, Skudlarska BA, Pearlson G. Measuring brain connectivity: Diffusion
tensor imaging validates resting state temporal correlations.
Neuroimage. 2008;43:554–561.
Stephan KE, Tittgemeyer M, Knösche TR, Moran RJ, Friston
KJ. Tractography-based priors for dynamic causal models.
Neuroimage. 2009;47:1628–1638.
Calhoun VD, Sui J. Multimodal fusion of brain imaging data: a
key to ﬁnding the missing link(s) in complex mental illness. Biol
Psychiatry Cogn Neurosci neuroimag. 2016;1:230–244.
Ajilore O, Vizueta N, Walshaw P, Zhan L, Leow A, Altshuler
LL. Connectome signatures of neurocognitive abnormalities
in euthymic bipolar I disorder. J Psychiatr Res. 2015;
68:37–44.
He H, Sui J, Du Y, Yu Q, Lin D, Drevets WC et al. Co-altered
functional networks and brain structure in unmedicated patients
with bipolar and major depressive disorders. Brain Struct Funct.
2017.
Perry A, Wen W, Kochan NA, Thalamuthu A, Sachdev PS,
Breakspear M. The independent inﬂuences of age and education
on functional brain networks and cognition in healthy older
adults. Hum Brain Mapp. 2017;38:5094–5114.
Smith SM, Nichols TE, Vidaurre D, Winkler AM, Behrens TE,
Glasser MF, et al. A positive-negative mode of population
covariation links brain connectivity, demographics and behavior.
Nat Neurosci. 2015;18:1565–1567.

Connectomics of bipolar disorder: a critical review, and evidence for dynamic instabilities within. . .
211. Lin H-Y, Cocchi L, Zalesky A, Lv J, Perry A, Tseng W-YI et al.
Brain–behavior patterns deﬁne a dimensional biotype in
medication-naïve adults with attention-deﬁcit hyperactivity disorder. Psychol Med. 2018;48:1–10.
212. Vinogradov S. The golden age of computational psychiatry is
within sight. Nat Human Behav. 2017;1:0047.
213. Stephan Klaas E, Iglesias S, Heinzle J, Diaconescu Andreea O.
Translational perspectives for computational neuroimaging.
Neuron. 2015;87:716–732.
214. Stephan KE, Schlagenhauf F, Huys QJM, Raman S, Aponte EA,
Brodersen KH, et al. Computational neuroimaging strategies for
single patient predictions. Neuroimage. 2017;145:180–199. (Part B)
215. Powers AR, Mathys C, Corlett P. Pavlovian conditioninginduced hallucinations result from overweighting of perceptual
priors. Science. 2017;357:596–600.
216. Ashok AH, Marques TR, Jauhar S, Nour MM, Goodwin G,
Young AH, et al. The dopamine hypothesis of bipolar affective
disorder: the state of the art and implications for treatment. Mol
Psychiatry. 2017;22:666.
217. Eldar E, Niv Y. Interaction between emotional state and learning
underlies mood instability. Nat Commun. 2015;6:6149.
218. Deco G, Jirsa V, McIntosh AR, Sporns O, Kötter R. Key role of
coupling, delay, and noise in resting brain ﬂuctuations. Proc Natl
Acad Sci. 2009;106:10302–10307.
219. Deco G, Jirsa VK, McIntosh AR. Emerging concepts for the
dynamical organization of resting-state activity in the brain. Nat
Rev Neurosci. 2011;12:43.
220. Gollo LL, Roberts JA, Cocchi L. Mapping how local perturbations inﬂuence systems-level brain dynamics. Neuroimage.
2017;160:97–112.
221. Eldar E, Roth C, Dayan P, Dolan RJ. Decodability of reward
learning signals predicts mood ﬂuctuations. Curr Biol.
2018;28:1433–1439.e1437.
222. Gottschalk A, Bauer MS, Whybrow PC. Evidence of chaotic
mood variation in bipolar disorder. Arch Gen Psychiatry.
1995;52:947–959.
223. Breakspear M. The nonlinear theory of schizophrenia. Aust NZ J
Psychiatry. 2006;40:20–35.
224. Deco G, Ponce-Alvarez A, Mantini D, Romani GL, Hagmann P,
Corbetta M. Resting-state functional connectivity emerges from
structurally and dynamically shaped slow linear ﬂuctuations. J
Neurosci. 2013;33:11239–11252.
225. Ghosh A, Rho Y, McIntosh AR, Kötter R, Jirsa VK. Noise
during rest enables the exploration of the brain’s dynamic
repertoire. PLoS Comput Biol. 2008;4:e1000196.
226. Murray JD, Bernacchia A, Freedman DJ, Romo R, Wallis JD,
Cai X, et al. A hierarchy of intrinsic timescales across primate
cortex. Nat Neurosci. 2014;17:1661.
227. Cocchi L, Sale MV, Gollo LL, Bell PT, Nguyen VT, Zalesky A
et al. A hierarchy of timescales explains distinct effects of local
inhibition of primary visual cortex and frontal eye ﬁelds. Elife.
2016;5:e15252.
228. Pasqualetti F, Zampieri S, Bullo F. Controllability metrics, limitations and algorithms for complex networks. IEEE Trans
Control Netw Syst. 2014;1:40–52.
229. Liu Y-Y, Slotine J-J, Barabási A-L. Controllability of complex
networks. Nature. 2011;473:167.
230. Gu S, Pasqualetti F, Cieslak M, Telesford QK, Alfred BY, Kahn
AE, et al. Controllability of structural brain networks. Nat
Commun. 2015;6:8414.
231. Betzel RF, Gu S, Medaglia JD, Pasqualetti F, Bassett DS.
Optimally controlling the human connectome: the role of network topology. Sci Rep. 2016;6:30770.
232. Muldoon SF, Pasqualetti F, Gu S, Cieslak M, Grafton ST, Vettel
JM, et al. Stimulation-based control of dynamic brain networks.
PLoS Comput Biol. 2016;12:e1005076.

1317

233. Jeganathan J, Perry A, Bassett DS, Roberts G, Mitchell PB,
Breakspear M. Fronto-limbic dysconnectivity leads to impaired
brain network controllability in young people with bipolar
disorder and those at high genetic risk. NeuroImage Clin.
2017:19:71–81
234. Freyer F, Aquino K, Robinson PA, Ritter P, Breakspear M.
Bistability and non-Gaussian ﬂuctuations in spontaneous cortical
activity. J Neurosci. 2009;29:8512–8524.
235. Stephan KE, Manjaly ZM, Mathys CD, Weber LAE, Paliwal S,
Gard T, et al. Allostatic self-efﬁcacy: a metacognitive theory of
dyshomeostasis-induced fatigue and depression. Front Hum
Neurosci. 2016;10:550.
236. Clark JE, Watson S, Friston KJ What is mood? A computational
perspective. Psychol Med. 2018;48:1–8.
237. Craig AD. Interoception: the sense of the physiological condition
of the body. Curr Opin Neurobiol. 2003;13:500–505.
238. Critchley HD, Wiens S, Rotshtein P, Ohman A, Dolan RJ.
Neural systems supporting interoceptive awareness. Nat Neurosci. 2004;7:189–195.
239. Barrett LF, Quigley KS, Hamilton P. An active inference theory
of allostasis and interoception in depression. Philos Trans R Soc
Lond B Biol Sci. 2016;371:1708.
240. Dayan P, Hinton GE, Neal RM, Zemel RS. The helmholtz
machine. Neural Comput. 1995;7:889–904.
241. Friston K, Adams R, Perrinet L, Breakspear M. Perceptions as
hypotheses: saccades as experiments. Front Psychol. 2012;3:151.
242. Barrett LF, Simmons WK. Interoceptive predictions in the brain.
Nat Rev Neurosci. 2015;16:419.
243. Friston K. Hierarchical models in the brain. PLoS Comput Biol.
2008;4:e1000211.
244. Friston K, Kiebel S. Predictive coding under the freeenergy principle. Philos Trans R Soc Lond B Biol Sci. 2009;
364:1211–1221.
245. Sherman MT, Seth AK, Kanai R. Predictions shape conﬁdence in right inferior frontal gyrus. J Neurosci. 2016;36:
10323–10336.
246. Gu X, Hof PR, Friston KJ, Fan J. Anterior insular cortex and
emotional awareness. J Comp Neurol. 2013;521:3371–3388.
247. Craig AD. How do you feel--now? The anterior insula and
human awareness. Nat Rev Neurosci. 2009;10:59–70.
248. Bechara A, Damasio H, Damasio AR. Emotion, decision making
and the orbitofrontal cortex. Cereb Cortex. 2000;10:295–307.
249. Liakakis G, Nickel J, Seitz RJ. Diversity of the inferior frontal
gyrus—a meta-analysis of neuroimaging studies. Behav Brain
Res. 2011;225:341–347.
250. Adams RA, Stephan KE, Brown HR, Frith CD, Friston KJ. The
computational anatomy of psychosis. Front Psychiatry. 2013;4:47.
251. Fletcher PC, Frith CD. Perceiving is believing: a Bayesian
approach to explaining the positive symptoms of schizophrenia.
Nat Rev Neurosci. 2008;10:48.
252. Khalsa SS, Adolphs R, Cameron OG, Critchley HD, Davenport
PW, Feinstein JS et al. Interoception and mental health: a
roadmap. Biol Psychiatr Cogn Neurosci Neuroimag. 2017;3:
501–513.
253. Eldar E, Rutledge RB, Dolan RJ, Niv Y. Mood as representation
of momentum. Trends Cogn Sci. 2016;20:15–24.
254. Green MJ, Cahill CM, Malhi GS. The cognitive and neurophysiological basis of emotion dysregulation in bipolar disorder. J
Affect Disord. 2007;103:29–42.
255. Jones L, Scott JAN, Haque S, Gordon-Smith K, Heron J, Caesar
S, et al. Cognitive style in bipolar disorder. Br J Psychiatry.
2005;187:431.
256. O’Donnell LA, Deldin PJ, Pester B, McInnis MG, Langenecker
SA, Ryan KA. Cognitive ﬂexibility: a trait of bipolar disorder
that worsens with length of illness. J Clin Exp Neuropsychol.
2017;39:1–9.

1318
257. Petzschner FH, Weber LAE, Gard T, Stephan KE. Computational psychosomatics and computational psychiatry: toward a
joint framework for differential diagnosis. Biol Psychiatry.
2017;82:421–430.
258. Yeo BT, Krienen FM, Sepulcre J, Sabuncu MR, Lashkari D,
Hollinshead M, et al. The organization of the human cerebral
cortex estimated by intrinsic functional connectivity. J Neurophysiol. 2011;106:1125–1165.
259. Zalesky A, Fornito A, Harding IH, Cocchi L, Yücel M, Pantelis
C, et al. Whole-brain anatomical networks: does the choice of
nodes matter? Neuroimage. 2010;50:970–983.

A. Perry et al.
260. Tzourio-Mazoyer N, Landeau B, Papathanassiou D, Crivello F,
Etard O, Delcroix N, et al. Automated anatomical labeling of
activations in SPM using a macroscopic anatomical parcellation of the MNI MRI single-subject brain. Neuroimage.
2002;15:273–289.
261. Jbabdi S, Sotiropoulos SN, Haber SN, Van Essen DC, Behrens
TE. Measuring macroscopic brain connections in vivo. Nat
Neurosci. 2015;18:1546–1555.
262. Friston K, Moran R, Seth AK. Analysing connectivity with
Granger causality and dynamic causal modelling. Curr Opin
Neurobiol. 2013;23:172–178.

