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Editorial on the Research Topic

Dynamic Functioning of Resting State Networks in Physiological and Pathological Conditions

INTRODUCTION

Modern neuroimaging techniques, such as Magnetic Resonance Imaging (MRI), allow for study of
the brain from structural and functional perspectives. Particularly, resting state networks’ (RSNs)
connectivity explores the integration of activity across distant brain areas. In recent years a growing
number of studies have shown that the resting state may provide a sensitive and valuable tool able
to study cerebral functioning in normal and pathological conditions.

Cerebral activity recorded during cognitive tasks shows a baseline low frequency fluctuation at
0.01-0.1 Hz (Cordes et al.,, 2001). During rest, this baseline fluctuation organizes in a network of
coordinated cerebral activity named the Default Network (DN), spanning the medial prefrontal,
posterior cingulate, inferior parietal, and hippocampal cortices (Raichle et al.,, 2001; Andrews-
Hanna et al., 2014). In recent decades, this network has received great attention because it contains
several regions that support cognitive functions and undergo critical changes upon aging, cognitive
decline, and neuropsychiatric disorders. The DN has been associated with reflective activity and
self-referential mental processes and has been extensively characterized in neurological, psychiatric,
and psychotherapeutic contexts (Cieri and Esposito, 2018, 2019). To date, in addition to the DN,
at least 10 resting state networks have been identified. Among these, the Dorsal Attention Network
(DAN) comprises regions commonly activated in attention demanding tasks. The DN and DAN
show a pattern of anticorrelated activity in both task and resting state studies, suggesting that they
are intrinsically organized into anticorrelated networks (Esposito et al., 2017).

The overall goal of this Research Topic was to provide a comprehensive coverage of the latest
advances in dynamic functioning of RSNs both in physiological and neuropsychiatric conditions.
The studies have used different neuroimaging techniques to probe functional connectivity (FC)
in the brain, including resting-state functional MRI (rs-fMRI), Electroencephalography (EEG),
Magnetoencephalography (MEG), and Positron Emission Tomography (PET).
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NEURODEGENERATIVE DISEASES

Nine articles submitted to this Research Topic investigate FC
changes occurring in physiological and pathological aging, with
particular attention given to functional plasticity mechanisms
and functional markers of prodromal dementia syndromes
or conversion to dementia. The articles also highlight how
the integration of multimodal functional imaging data (e.g.,
simultaneous EEG-fMRI recordings) and the analyses of
dynamic functional connectivity (dFC) features, as well as
subject-level molecular connectivity networks, may contribute to
broadening our understanding of neurodegenerative disorders.

Aging, Mild Cognitive Impairment, and
Alzheimer’s Disease

Alzheimer’s Disease (AD) is the most common form of dementia,
and is becoming increasingly common in our increasingly older
societies. AD is characterized by several brain changes including
p-amyloid and tau proteins accumulation, synaptic dysfunctions,
and brain atrophy, especially in the medial temporal lobe. In
addition to these modifications, a loss of cognitive functions
(mostly in the memory domain) and of independence in daily
activities are observed. The transition from healthy aging to AD
is usually not immediate and passes through different phases,
such as Significant Memory Concerns (SMC) and Mild Cognitive
Impairment (MCI). Functional imaging may play a crucial role in
identifying early mechanisms predictive of dementia onset.

Hojjati et al. integrate rs-fMRI FC and structural MRI
features to predict the conversion of MCI patients to AD.
By investigating MCI converter patients, MCI non-converter
patients, AD patients, and healthy controls (HCs), the authors
show the power of integrating multi-modal MRI data for the
identification of early-stage AD.

Cera et al. compare FC patterns of the cingulate cortex
between a sample of MCI patients and HCs with comparable
levels of education. The authors explore RSN activities, mapping
the FC patterns of different subregions of the cingulate cortex.
The cognitive decline observed in MCI patients relates to the
global FC of the cingulate cortex, suggesting that the analysis
of the cingulate cortex FC could be a helpful tool to better
understand the brain mechanisms underlying MCI.

Dimitriadis et al. introduce a novel approach to identify MCI
through MEG resting-state data, estimating a dFC graph using
the imaginary part of phase lag value for both intra-frequency and
cross-frequency couplings. This work shows how the adaptation
of neuroinformatic tools combining advanced signal processing
and network neuroscience elements can properly highlight the
non-stationarity of time-resolved FC patterns, revealing a robust
biomarker for MCI.

Bubbico et al. explore cerebral plasticity induced by learning
a new language in elders, investigating how cognition together
with functional brain organization can be improved late in life.
This study analyzes the functional effects of a 4-month second
language learning program in a group of HCs. After the program,
in the intervention group, there are significant improvements in
global cognition together with increased FC in the right frontal
gyrus and left superior parietal lobule.

Caldwell et al. investigate how gender moderates typical
biomarkers of AD. The authors employed group independent
component analysis (ICA) to analyze rs-fMRI data from the
Alzheimer’s Disease Neuroimaging Initiative dataset. Results
suggest that stronger anterior/posterior DN connectivity may
support verbal learning in women at risk for AD dementia.

Feng et al. investigate the correlation between hippocampal
FC and MRI radiomic features in AD. The AD group showed
abnormalities of FC levels in the bilateral hippocampal functional
network relating to hippocampal radiomic features.

Parkinson’s Disease

Evangelisti et al. explore the effects of L-dopa administration
in early-stage Parkinson’s Disease (PD) patients on FC patterns
revealed by simultaneous recording of fMRI and EEG data.
This pilot study provides a first insight into the potentiality of
simultaneous EEG-fMRI acquisitions in PD patients, showing for
both techniques the analogous direction of increased FC after
L-dopa intake, mainly involving motor, dorsal attention, and
the DN.

Neuroimaging of Neurodegenerative
Diseases: Positron Emission Tomography
and Magnetic Resonance Imaging

Two interesting reviews were submitted about neurogenerative
diseases providing an exhaustive overview of literature on rs-
fMRI and PET imaging.

Sala and Perani summarize available evidence in the field of
PET molecular connectivity, offering an overview of how this
approach may broaden our understanding of the pathogenesis
of neurodegenerative diseases, over and above “traditional”
structural/functional connectivity studies. The review gives focus
to the available strategies to investigate molecular connectivity at
the single-subject level, of potential relevance for both research
and diagnostic purposes.

Filippi et al. summarize the main currently available
approaches for dFC analysis and report the recent application
of these methods for the assessment of the most common
neurodegenerative conditions, including AD, PD, dementia with
Lewy bodies, and frontotemporal dementia. The authors point
out the key role of dFC analyses, highlighting both technical and
clinical aspects.

EMOTIONAL DISTURBANCES AND
PSYCHIATRIC DISEASES

One of the targets of neuroscience, and particularly of advanced
neuroimaging techniques, is to identify specific biomarkers
associated with neurological disorders. These biomarkers have
induced a great progression in modern cognitive neuroscience
but remain elusive in psychiatric disorders due to their clinical
heterogeneity and comorbidities. A collection of thirteen studies
of this Research Topic highlights the different functional changes
occurring in a variety of psychiatric, emotional, learning, eating,
and sleep disorders, possibly contributing to the identification
of disease-specific biomarkers. Moreover, some of these studies
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show how new neuroimaging measures quantifying functional
connectivity dynamics, rest-task transitions, or network
information flow may provide a finer-grain characterization of
brain functioning in psychiatric conditions. Finally, particular
attention is given to the identification of brain functional
features reflecting specific behavioral/cognitive/emotional
traits (e.g., reading abilities) or clinical symptoms (e.g., verbal
auditory hallucinations or depressive symptoms), tackling
clinical heterogeneity and inter-individual variations in
psychiatric conditions.

Depression

Damborskd et al. explore whether resting-state EEG microstate
temporal features can capture large-scale brain network
dynamics relevant to depressive symptoms in patients with
moderate to severe depression in bipolar affective disorder,
depressive episode, and recurrent depressive disorder compared
to HCs. Results suggest that the interindividual differences in
resting-state microstate parameters could reflect altered large-
scale brain dynamics relevant to depressive symptomatology
during depressive episodes.

Wolff et al. conduct a combined rest and task EEG
study in acute depressed major depression disorder (MDD)
patients, compared to HCs. Results show that resting-state
dynamics are atypical in MDD and strongly shape subsequent
stimulus-induced activity. The authors conclude that MDD is
characterized by alterations of the rest-stimulus interaction.

Schizophrenia

Salman et al. employ a new information theoretic framework
named dynamic functional domain connectivity (DFDC) to
analyze resting-state dFC and the amount of information
shared among functional domains in schizophrenia patients
(SZ) and HCs. Functional domains are defined as subsets of
functional networks, and their properties and interactions are
quantified with entropy and mutual information measures. The
authors show that the DFDC pairs tend to function in a more
independent manner in SZ patients compared to HCs, suggesting
higher uncertainty and randomness in SZ brain function.

Liu et al. explore hippocampal dysconnectivity in SZ patients
and its correlation with auditory verbal hallucinations. This study
suggests that locations in the hippocampus mediate the neural
mechanism behind auditory verbal hallucinations in SZ.

Li et al. review functional network changes occurring in SZ
and epilepsy to highlight possible similarities and differences. In
light of the reviewed literature, the authors question whether
electroconvulsive therapy (ECT), one of the oldest therapeutic
modalities in psychiatric clinical practice, relies on antagonistic
and/or affinitive mechanisms between these two disorders.
The authors highlight how the study of RSNs, such as the
default, salience, and dorsal attention networks, has provided
a new perspective to understand the relationship between
schizophrenia and epilepsy and has shown how ECT modifies the
dynamics of these brain networks.

Borderline Personality Disorder

Emerging evidence supports the hypothesis that emotional
dysregulation results from aberrant connectivity within the
fronto-limbic neural networks in patients with borderline
personality disorder (BPD). Despite its important role in
emotional regulation, the anterior cingulate cortex (ACC) has not
yet been fully explored in BPD patients. Using seed-based resting-
state FC and probabilistic fiber tracking, Lei et al. explore the
alterations of functional and structural connectivity of the ACC
in young non-medicated BPD patients compared to HCs. The
authors show that ACC structural and functional connectivity
alteration underlie the deficient emotional regulation circuitry of
BPD patients. Such alterations may be important biomarkers of
BPD and point to potential BPD treatment targets.

Phobia, Somatization Disorder,

Psychogenic Erectile Dysfunction

Indovina et al. test the hypotheses that individuals with
agoraphobic symptoms have visual-vestibular network
alterations similar to those of patients with persistent postural
perceptual dizziness, and that these alterations are influenced
by neuroticism and introversion. They find that the FC of two
brain networks is lower in subjects with subclinical agoraphobia
as compared to HCs. These networks integrate visual vestibular
and emotional responses to guide movement in space.

Ou et al. investigate the seed-based nucleus accumbens
(NAc) FC in first-episode, drug-naive patients with somatization
disorder. This study reveals that patients have increased NAc
connectivity within the frontal regions of the reward circuit.
Increased left NAc-right gyrus rectus connectivity can be used
as a potential marker to discriminate patients with somatization
disorder from HCs.

Previous studies have illustrated neural changes in patients
with psychogenic erectile dysfunction, while only a few works
have focused on the neural underpinning of the psychosocial
status in patients with this dysfunction. Yin et al. investigate
associations among altered cerebral activity patterns, impaired
erectile function, and disrupted psychosocial status in patients
and HCs, pointing out the key role of psychosocial disorders
with respect to the neural changes observed in psychogenic
erectile dysfunction.

Eating Disorders: Anorexia Nervosa
Anorexia nervosa (AN) 1is a severe psychopathology
characterized by intense fear of gaining weight, relentless
pursuit of thinness, deep concerns about food, and a pervasive
disturbance of body image. Nowadays, eating disorders are more
widespread and characterized by diagnostic fluidity with other
eating disorders, carry a high psychiatric comorbidity burden,
and are associated with elevated suicide risk (Welch et al.,
2016). FMRI studies try to shed light on the neurobiological
underpinnings of these disorders (Esposito et al., 2018).
Collantoni et al. use a graph-theory approach to explore
FC differences between AN patients and HCs, focusing on the
effect of serotonin transporter (5-HTTLPR) genotype on regional
and global network characteristics. AN patients display lower
network clustering and altered hub distribution compared to
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HCs. Moreover, carriers of the short allele are characterized by
lower small-world and modularity indexes in the patient group,
while an opposite trend is present in HCs.

Sleep Disorders: Primary Insomnia

Wu et al. compare the network properties of the structural
and functional connectomes derived from diffusion MRI and
rs-fMRI data of primary insomnia patients and HCs. They
investigate the relationship between abnormal network metrics
and clinical characteristics, including disease duration, sleep
quality, and anxiety and depression indexes. Patients show
small-world architecture with lower global and local efficiencies
compared to HCs and present five disrupted subnetworks in the
limbic cortico-basal-ganglia circuit and left DN. These results
suggest that abnormalities of brain network architecture may be
closely linked to the clinical characteristics of primary insomnia.

Post-traumatic Stress Disorder

Major adverse events trigger different kinds of emotional
dysfunctions or psychiatric disorders in the exposed subjects.
Recent literature shows that exposure to natural disasters such
as earthquakes can generate difficulties in identifying and
describing feelings (alexitimia), correlated to the intensity
of post-traumatic symptoms (Di Giacinto et al, 2015).
Neuroimaging data show that trauma exposure is related to
derangement of resting-state FC. Pistoia et al. investigate the
neurofunctional changes related to the recognition of emotional
faces in UAquila earthquake witnesses. The results show that,
in earthquake-exposed subjects, there is a significant reduction
in the correlation between the accuracy in recognizing facial
expressions and the FC of the visual network and DN.

Learning Disorder: Dyslexia

Nachshon et al. compare functional and cognitive features
of children with reading difficulties and age-matched typical
readers. A negative correlation between reading, emotional, and
executive abilities is found in both groups. Children with reading
difficulties show significantly decreased emotional and executive
abilities, altered network efficiency within the emotional network,
and lower FC between the amygdala and frontal pole regions.
Stronger FC between the amygdala, pre-central, and post-central
gyri related to worse reading, emotional, and executive abilities
in both typical readers and children with reading difficulties.

OTHER CLINICAL CONDITIONS
Multiple Sclerosis

In their review, Valsasina et al. describe the methods currently
used to assess dFC from rs-fMRI data and summarize the main
dFC findings in multiple sclerosis. An overview of the main
results obtained in neurodegenerative and psychiatric conditions
is also provided. The analysis of dynamic (or time-varying)
FC contributes to providing significant information on intrinsic
brain functional organization, both in healthy and diseased
conditions, which complements data produced by static FC
approaches. Time-varying FC seems to be an intrinsic property

of the brain with a neural origin, although some open questions
still remain about its correct interpretation.

Chronic Inflammatory Bowel Disease:

Crohn’s Disease

Kornelsen et al. investigate differences in brain structure and
function in patients with Crohn’s disease compared to HCs.
Voxel-based morphometry analysis is performed to contrast
Crohn’s disease and HCs’ structural images. ROI analyses are run
to assess FC for RSN nodes. ICA identifies whole brain differences
in FC associated with RSNs. In patients, changes of FC associated
with sex are observed in both ROI and ICA analyses and suggest
an influence of Crohn’s disease on brain function.

Eye Diseases: Glaucoma

Minosse et al. explore a putative reorganization of functional
brain networks in Glaucomatous patients and evaluate the
potential of functional network measures as biomarkers of
disease severity in terms of their relationship to clinical variables
and select retinal layer thicknesses. The authors compare resting-
state FC of glaucoma patients and HCs using disruption indices
that measure the degree of overall reorganization of specific
properties in the whole brain network. In Glaucoma, group-wise
disruption indices are negative for all graph theoretical metrics.
The disruption index of the clustering coefficient yielded the
best discriminative power for differentiating patients from HCs.
These results support a possible relationship between FC and
disease severity in Glaucoma.

Stroke

Kalinosky et al. describe brain connectivity associated with
multisensory integration during wrist control in stroke survivors,
age-matched HCs, and healthy young adults. They use a
novel fMRI task paradigm involving wrist movement developed
to gain insight into the effects of multimodal (visual and
auditory) sensory feedback on brain function in stroke
participants. Results show that stroke participants have greater
contralesional activation than HCs during the visual feedback
condition and less ipsilesional activity than HCs during the
auditory feedback condition. Connectivity analyses between the
lesioned sensorimotor cortex and the contralesional cerebellum
demonstrate decreased FC in stroke participants, positively
correlated to manual dexterity. These results suggest that task-
based FC provides details on brain network reorganization in
stroke survivors.

Neonatal Pathology: Preterm Neonates
Tortora et al. evaluate FC changes in preterm neonates that
underwent invasive procedures during the postnatal period and
correlate them with the neurodevelopmental outcome at 24
months. The authors investigate two groups of preterm neonates:
subjected and non-subjected to painful invasive procedures
during neonatal intensive care. The results show that early
exposure to pain is associated with abnormal FC of developing
networks involved in the modulation of noxious stimuli in
preterm neonates, contributing to the neurodevelopmental
consequence of preterm birth.
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Neuropathic Pain: Post-herpetic Neuralgia
Huang et al. compare patients with herpes zoster, individuals
with post-herpetic neuralgia, and HCs, using fMRI to explore
the effects of these diseases on brain activity and to detect the
neural mechanisms of cognitive impairment in neuropathic pain
patients. The results show that spontaneous brain activity is
reduced in both patient groups compared to HCs. In particular,
patients have decreased ALFF in the precuneus, posterior
cingulate cortex, and middle temporal gyrus. The authors
conclude that ALFF values in pain-related regions can be used as
an fMRI-based biomarker for the classification of subjects with
different pain conditions.

BRAIN PHISIOLOGY AND
METHODOLOGICAL APPROACHES

Five articles of this Research Topics tackle more general aspects
of FC assessment, such as the influence on FC measures of data
processing and analysis steps (e.g., spatial leakage correction
and sliding window approaches), of the uncertainty of oxygen
consumption quantification, and of additional factors specific to
the investigated species (human or non-human primates).

Della Penna et al. evaluate the impact of the geometric
correction scheme (GCS) on MEG functional topology at rest.
Source-projected MEG signals are affected by spatial leakage,
leading to the estimation of spurious, blurred connections
that may affect the topological properties of brain networks.
To reduce leakage effects, several correction schemes have
been proposed, including the GCS. The authors explore
the impact of GCS correction on classical graph measures
used to describe the architecture brain functional networks
by comparing such measures between GCS-corrected and
uncorrected MEG connectomes. The use of GCS considerably
reorganizes the topology of connectivity, reducing within-
hemisphere interactions mainly in the beta and gamma bands
and increasing cross-hemisphere interactions mainly in the alpha
and beta bands. Overall, the GCS leakage correction removes
spurious local connections, but confirms the role of dynamic hub
regions (specifically, the anterior and posterior cingulate cortices)
in integrating information in the brain at rest.

Liuzzi et al. propose another interesting MEG study on FC,
using multivariate autoregressive and neural mass models with
a priori defined ground truths to systematically analyze the
sensitivity of conventional metrics in combination with different
window lengths to detect genuine fluctuations in connectivity for
various underlying state durations. The authors show that fixed
sliding window connectivity approaches can detect modulations
of connectivity, but mostly if the underlying dynamics operate on
moderate to slow timescales. In practice, this can be a drawback,
as state durations can vary significantly in empirical data.

In their mini review Watabe and Hatazawa discuss the
value of PET imaging to evaluate FC. Previous studies have
assessed RSNs mainly based on spontaneous fluctuations in
blood-oxygen-level-dependent (BOLD) fMRI signals. However,
separation between regional increases in cerebral blood flow and
oxygen consumption is theoretically difficult using BOLD-fMRI.

Such a separation can be achieved using quantitative 150-gas and
water PET. In addition, 18F-FDG PET can be used to investigate
FC based on changes in glucose metabolism, which reflects local
brain activity. Previous studies have highlighted the feasibility
and clinical usefulness of 18F-FDG-PET for the analysis of
RSNs, and recent studies have utilized simultaneous PET/fMRI
recordings for such analyses. PET and fMRI provide different
types of information and integrating these modalities may help
elucidate the pathological mechanisms underlying certain brain
diseases and in characterizing individual patients.

Jovellar and Doudet discuss anatomical and functional
differences between human brains and non-human primate
brains that can affect pre-processing and analysis of fMRI
data, anesthetic effects on BOLD signal and FC, and factors
that can affect dynamic causal modeling application in fMRI.
There are established preprocessing methods that prepare human
fMRI data for subsequent analyses, such as dynamic causal
modeling to infer effective connectivity; however, these are not
optimized for non-human primate fMRI image analysis. The
majority of fMRI imaging in non-human primates is done
under anesthesia, which can decrease BOLD signal-to-noise ratio
and spontaneous fluctuations. While dynamic causal modeling
is a tool that can reliably ascertain directed causal influence
(effective connectivity) and address enduring questions on fMRI
hemodynamic responses, many uncertainties remain.

Complementarily, van Den Brink et al. review recent works
investigating how neuromodulatory systems shape correlations
of large-scale cortical activity fluctuations. They discuss
functional studies in the human, monkey, and rodent brain
and provide a structured but selective overview of these works,
distilling a number of emerging principles. The authors underline
that efforts to chart the effect of specific neuromodulators and,
in particular, of specific receptors, on intrinsic correlations may
help in identifying shared or antagonistic principles between
different neuromodulatory systems. Such principles can inform
models of healthy brain function and may provide an important
reference for understanding cortical dynamic alterations
observed in neurological and psychiatric disorders, potentially
paving the way for mechanistically inspired biomarkers and
individualized treatments.

Two studies explore new methodological approaches to
characterize brain network centrality dynamics and dynamic
effective connectivity.

Wink explores the use of centrality dynamics extracted from
eigenvector centrality mapping of fMRI data for measuring
group-differences in imaging studies. The analyses on the
OpenNeuro dataset show that centrality dynamics can be used
to identify age and gender between-group differences, and that
age and gender distributions need to be considered in functional
imaging studies.

Deshpande and Jia employ a dynamic multivariate
autoregressive model to estimate dynamic effective connectivity
(DEC), a method first validated on simulated data and then
applied to real rs-fMRI data. The authors perform a dynamic
clustering (adaptive evolutionary clustering) of DEC matrices
across multiple levels -spatial locations, time, and subjects-
which highlights a small number of directional brain network
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configurations akin to brain microstates, alternating over
time in a quasi-stable manner. The dominant DEC networks
involved spatially distributed brain regions mainly pertaining
to memory, emotion, and executive and language functions.
Finally, the authors use a larger cohort of rs-fMRI and
behavioral data from the Human Connectome Project to show
that metrics derived from DEC analysis can explain larger
variance in 70 behavioral scores compared to static effective
connectivity measures.

One study illustrates how FC analyses can be used to
assess in real time the impact of external interventions on
brain function. Tang et al. conducted a multi-session analysis
combing transcranial magnetic stimulation (TMS) and fMRI
experiments to explore the spatiotemporal effects of TMS within
the fronto-hippocampal network. Ten healthy volunteers are
modulated by intermittent theta-burst stimulation at a precise
site within the left dorsolateral prefrontal cortex, navigated
by individual structural MRI images. The findings suggest
that the intermittent theta-burst stimulation effect dynamically
changed over time, from local neural activations at the
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Finally, in his hypothesis and theory contribution Northoff
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change in our methodological strategy to approach the brain,
from a pre-Copernican vantage point from within brain to a post-
Copernican vantage point from beyond brain. This change would
allow neuroscience to take into view what happens beyond the
brain itself, e.g., the world, and how that shapes the brain and
its neural activity, e.g., world-brain relation. This view converges
with the free energy principle proposed by Karl Friston.
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Purpose: Primary insomnia (Pl) is the second most common mental disorder. However,
the topologic alterations in structural brain connectome in patients with Pl remain largely
unknown.

Methods: A total of 44 PI patients and 46 age-, gender-, and education level
matched healthy control (HC) participants were recruited in this study. Diffusion
tensor imaging (DTl) and resting state MRI were used to construct structural
connectome for each participant, and the network parameters were employed by non-
parametric permutations to evaluate the significant differences between the two groups.
Relationships between abnormal network metrics and clinical characteristics, including
the disease duration, the Pittsburgh Sleep Quality Index (PSQI), the Insomnia Severity
Index (ISI), the Self-Rating Anxiety Scale (SAS), and the Self-Rating Depression Scale
(SDS), were investigated with Spearman’s correlation analysis in Pl patients.

Results: Pl patients demonstrated small-world architecture with lower global
(P = 0.005) and local (P = 0.035) efficiencies compared with the HC group. The unique
hub nodal properties in Pl patients were mainly in the right limbic cortico-basal-ganglia
circuit. Five disrupted subnetworks in Pl patients were observed in the limbic cortico-
basal-ganglia circuit and left default-mode networks (DMN) (P < 0.05, NBS corrected).
Moreover, most unique hub nodal properties in the right limbic cortico-basal-ganglia
circuit were significantly correlated with disease duration, and clinical characteristics
(SAS, SDS, ISI scores) in Pl processing.

Conclusion: These findings suggested the abnormal anatomical network architecture
may be closely linked to clinical characteristics in Pl. The study provided novel insights
into the neural substrates underlying symptoms and neurophysiologic mechanisms
of PI.

Keywords: primary insomnia, diffusion tensor imaging, human connectome, fMRI, limbic system

Abbreviations: DTI, diffusion tensor imaging; FA, fractional anisotropy; FN, streamline number; HC, healthy control; HCs,
healthy control subjects; PI, primary insomnia; PIs, primary insomnia patients; WM, white matter.
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Abnormal Structural Network in Primary Insomnia

INTRODUCTION

Primary insomnia is the second most common mental disorder
(Wittchen et al,, 2011). PI is characterized by difficulty in
initiating and maintaining sleep and early morning awakening
for at least 3 months (American Psychiatric Association,
2013). Insomnia profoundly affects health and aging (Musiek
and Holtzman, 2016) and is a significant risk factor for
the development of other medical or psychiatric diseases.
Although previous studies (Riemann et al., 2009, 2010, 2015;
Levenson et al., 2015) have reported that heritability, polygenic
vulnerability, specific cellular mechanisms and hyperarousal are
involved in the pathophysiology of insomnia, the underlying
neural substrate symptoms and pathological mechanisms of PI
are not fully elucidated (Levenson et al., 2015; Morin et al., 2015).

Rapid development of neuroimaging technologies has
provided diverse tools to non-invasively assess abnormal
brain activity and anomalous structure for exploring the
pathophysiology of insomnia. Two positron emission
tomography studies (Nofzinger et al., 2004, 2006) have
demonstrated that compared with healthy control participants
(HCs), 18-fluorodeoxyglucose metabolism was lower in the
prefrontal cortex while awake, and higher in the thalamus
(THA), anterior cingulate gyrus, temporal region and pontine
tegmentum during non-rapid eye movement sleep in PI patients
(PIs). Wang T. et al. (2016) found that regional homogeneity
values were higher in the left insula (INS.L), right anterior
cingulate gyrus (ACG.R), left insula, bilateral precentral gyrus
and left cuneus (CUN.L) in PIs than in HCs. They further used
seed-based functional connectivity (FC) analysis and reported
that the increased FC between left insular connectivity with
many brain regions was related to emotional scores in PIs,
primarily in the bilateral anterior cingulate cortex, bilateral
thalamus, right fusiform, and middle temporal gyrus (Wang
etal, 2017). A surface-based approach reported (Joo et al., 2014)
that hippocampal volume decreased in PIs compared with that
in HCs. However, a voxel-based morphometric (VBM) study
(Li M. et al, 2018) found that gray matter volumes increased
in the hippocampus (HIP) and decreased in the dorsolateral
prefrontal and middle cingulate cortices compared with the
HC group. These results were inconsistent and were mainly
focused on single or few seed regions. Recently, many researchers
have supported the presence of complex and advanced neural
networks in different human brain regions. Brain hub regions
particularly play important roles in information integration and
are susceptible to attack during disease progression (Crossley
etal., 2014). Thus, we speculated that brain network analysis may
be more suitable to elucidate the pathophysiological mechanisms
of PL.

Diffusion tensor imaging tractography can identify changes
in the WM microstructure, cerebral anatomical connections and
neural circuits in vivo. Using DTI, Spiegelhalder et al. (2014)
demonstrated reduced integrity of WM tracts in the anterior
internal capsule, indicating that disturbed frontosubcortical
connectivity is a cause or consequence of PI. Similarly, Li et al.
(2016) found that the integrity of the right lateralized WM
was disrupted in PIs on DTI and tract-based spatial statistics,

which involved the right internal capsule, right corona radiate,
right superior longitudinal fasciculus, corpus callosum body and
right thalamus (THA.R). These two studies demonstrated that
DTI could detect changes and provide objective evidence to
enhance our understanding of the underlying neurobiological
mechanisms of PI. However, these studies focused on the reduced
integrity of WM tracts, especially with regard to the internal
capsule, and the results revealed no interconnections between
abnormal WM tracts and cortical regions. Currently, anatomical
networks constructed using DTI tractography successfully
identify neuropathological changes in diverse diseases, such as
Alzheimer’s disease (AD) (Shu et al., 2018), schizophrenia (van
den Heuvel et al., 2013), post-traumatic stress disorder (Suo
et al., 2017), and other such diseases. Lu et al. (2017a) already
demonstrated disrupted structural connectivity in healthy
adults with insomnia. However, topological alterations in the
anatomical network, including the hub regions, remain largely
unknown in Pls.

Considering these findings, we hypothesized that the PI-
related brain WM network exhibits some abnormal network
properties, especially in the hub regions, which are more closely
related to the severity of insomnia or emotional disorders. We
thus aimed to investigate the anatomical brain networks in PI
patients, using DTT and graph theory analysis.

MATERIALS AND METHODS

Subjects
At the beginning, this prospective study recruited 100 right-
handed individuals between April 2010 and April 2016. Adequate
images of subjects could not be obtained because of severely
head movement or brain lesions as detected by MRI. In the final
analyses, the study included 44 PI patients and 46 age-, gender-,
and education level matched subjects. This study was approved
by the Ethics Committee of the Guangdong Second Provincial
General Hospital. All participants signed informed consent forms
to participate in this study.

The diagnosis of PI was performed by two neurologists with
15 years of experience. PI patients were enrolled in this study
according to the following criteria: (a) patients were diagnosed
and confirmed as PI based on the criteria of Diagnostic and
Statistical Manual of Mental Disorders, version 5 (DSM-V)
(American Psychiatric Association, 2013); (b) patients with a self-
complaint of difficulty falling asleep, maintaining sleep or early
awakening for at least 3 months; (c) patients with no other sleep
disorders, such as hypersomnia, parasomnia, obstructive sleep
apnea, or sleep-related movement disorder; (d) patients with no
serious organic diseases or no severe mental diseases, such as
brain stroke, depression (SDS < 70), and anxiety (SAS < 70);
(e) all participants were right-handed according to the Edinburgh
handedness inventory; (f) all subjects were aged 18-60 years. And
HC subjects have good sleep quality and the Insomnia Severity
Index (ISI) score < 7 or the Pittsburgh Sleep Quality Index
(PSQI) score < 7, who were enrolled from the local community.

All participants were excluded according to the following
criteria: (a) pregnant, nursing or menstruating females; (b)
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subjects who had an abnormal signal as verified by conventional
T1- or T2-weighted fluid-attenuated inversion recovery MR
imaging; (c) patients who had severe brain lesions as detected

TABLE 1 | All cortical and subcortical regions with abbreviations and full name in
the AAL-90 templates defined in our study.

Index Regions abbreviations  Brain regions (full name)

1 PreCG Precentral gyrus

2 SFGdor Superior frontal gyrus, dorsolateral

3 ORBsup Superior frontal gyrus, orbital part

4 MFG Middle frontal gyrus

5 ORBmid Middle frontal gyrus, orbital part

6 IFGoperc Inferior frontal gyrus, opercular part

7 IFGtriang Inferior frontal gyrus, triangular part

8 ORBInf Inferior frontal gyrus, orbital part

9 ROL Rolandic operculum

10 SMA Supplementary motor area

11 OLF Olfactory cortex

12 SFGmed Superior frontal gyrus, medial

13 ORBsupmed Superior frontal gyrus, medial orbital

14 REC Gyrus rectus

15 INS Insula

16 ACG Anterior cingulate and paracingulate gyrus

17 DCG Median cingulate and paracingulate gyrus

18 PCG Posterior cingulate gyrus

19 HIP Hippocampus

20 PHG Parahippocampal gyrus

21 AMYG Amygdala

22 CAL Calcarine fissure and surrounding cortex

23 CUN Cuneus

24 LING Lingual gyrus

25 SOG Superior occipital gyrus

26 MOG Middle occipital gyrus

27 100G Inferior occipital gyrus

28 FFG Fusiform gyrus

29 PoCG Postcentral gyrus

30 SPG Superior parietal gyrus

31 IPL Inferior parietal, but supramarginal and
angular gyrus

32 SMG Supramarginal gyrus

33 ANG Angular gyrus

34 PCUN Precuneus

35 PCL Paracentral lobule

36 CAU Caudate nucleus

37 PUT Lenticular nucleus, putamen

38 PAL Lenticular nucleus, pallidum

39 THA Thalamus

40 HES Heschl gyrus

41 STG Superior temporal gyrus

42 TPOsup Temporal pole: superior temporal gyrus

43 MTG Middle temporal gyrus

44 TPOmMId Temporal pole: middle temporal gyrus

45 TG Inferior temporal gyrus

Due to space limitations, the detailed descriptions (including L, left; R, right) could
be found at http://neuro.imm.dtu.dk/wiki/Automated_Anatomical_Labeling.

by MR; and (d) the subjects who had head motion of more than
1.5 mm or 1.5° during MR imaging.

Assessment of Sleep Situation and

Mental Status

Each participant was asked to complete the PSQI, ISI, SAS, and
SDS to determine the scores for estimating sleep quality and
mental status prior to MRL

MR Data Acquisition

MR images of all PIs and healthy control participants (HCs) were
obtained on a Philips 1.5T MRI system (Achieva Nova-Dual; Best,
Netherlands) at the Department of Medical Imaging, Guangdong
Second Provincial General Hospital. Each participant was placed
in the supine position with eyes closed and the head snugly
restricted by a belt and foam pads. TIWI were acquired with the
following parameters: TR, 25 ms; TE, 4 ms; matrix, 256 x 256;
FOV of 230 mm x 230 mm; a flip angle of 30°; section thickness,
1 mm; 160 transverse sections without gap covering the whole
brain. DTT images were collected using an echo planar imaging
sequence with the following parameters: TR, 10,700 ms; TE,

TABLE 2 | The definitions of global and nodal topological properties in the study.

Global network properties

Small-world coefficient (sigma, o)  Sigma = lambda/gamma, a real network would
be considered small world if y > 1 and » ~ 1,
ore=ny>1.

Clustering coefficient (Cp) Cp is the average clustering coefficient over all
nodes, which measures by calculating the
fraction of the node’s neighbors that are also

neighbors of each other.

Characteristic path length (Lp) Lp is the average distance of the shortest path
between every pair of nodes in all nodes, which
indicates the efficiency of information

transferred on a network.

Normalized Cp (gamma, y) Y = Cpreal/Cprand: Cprand is the mean clustering

coefficient of 1,000 matched random networks.

Normalized Lp (lambda,\) = Lpreal/Lprand, Lprand is the mean shortest

path length of 1,000 matched random networks

Global efficiency (Eg) Eg is defined as the mean value of shortest
path length between all pairs of nodes in the
network. It is a measure of functional

integration.
Local efficiency (Eloc) Eloc is defined as the inverse of the average
shortest path connecting all neighbors of a
node. It is a measure of functional segregation.
Nodal network properties
Ne is defined as the efficient between a node
and all other nodes in the network, which
evaluate the capacity of a given node for
information communication.

Nodal efficiency (Ne)

Betweenness centrality (Bc) Bc is defined as the fraction of shortest paths
passing through a node, which evaluate the
contribution of a node on the communication

for other nodes.

Degree centrality (Dc) Dc is defined as the number of edges that a
node shares with other nodes in the network,
which is a measure of node importance in the

network.
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TABLE 3 | Demographics and clinical characteristics of all participants.

Characteristic Pl participants (n = 44) HC participants (n =46) P-value
Age (years) 40.59 + 11.51 39.29 + 9.25 0.458
Sex 20/24 17/29 0.233
(male/female)

Duration of 8.12 + 3.36 7.45 +5.21 0.372
education

(yeas)

PSQl 16.49 + 3.66 2.28 +2.46 <0.001
IS 20.84 + 3.67 2.35 +£2.63 <0.001
SAS 47.43 +9.52 528 £10.43 <0.001
SDS 52.08 £ 9.77 6.25 + 11.50 <0.001

—Unless otherwise noted, data are expressed as mean + SD. PSQI, Pittsburgh
Sleep Quality Index; ISI, Insomnia Severity Index; SAS, Self-Rating Anxiety Scale;
SDS = Self-Rating Depression Scale; Pl, primary insomnia; HC, healthy control.

80 ms; FOV of 256 mm x 256 mm; matrix size of 128 x 128; a
flip angle of 90°; section thickness, 2 mm; b-value, 1000 s/mm?
together with an acquisition without diffusion weighting (b-
value = 0); 75 transverse sections without gap covering the
whole cerebellum. All images were reviewed and verified by two
radiologists with more than 10 years of experience.

Data Preprocessing and DTI Network

Construction

According to Cui et al. (2013), we preprocessed and analyzed
all raw DTI and T1 data with the Diffusion Toolkit 0.6.4 in
PANDA software (Cui et al., 2013). Because images of the
cerebellum were incomplete, a WM deterministic fiber tracking
approach using by PANDA software was used to construct a
weighted network including 90 nodes without the cerebellum for
each subject, which were defined by the Automated Anatomic
Labeling (AAL90) template (Tzourio-Mazoyer et al., 2002). The
abbreviations and full names of the AAL90 template are listed in

Table 1. It was terminated if the WM deterministic fiber tracking
with a turned angle greater than 45° or a voxel with a FA less
than 0.2 by Continuous Tracking (FACT) algorithm (Chen et al.,
2013). In lined with several previous brain DTT network studies
(Lo et al, 2010; Wang X. N. et al., 2016; Lu et al., 2017a), we
defined the weight of each effective edge between two nodes
(i and j) of the WM structure as the product of FA and the
fiber number (FN) along the fiber bundles, and normalized by
the average volume of the two connecting regions (wi j = FN*
FA/volume). As previous studies (Chen et al., 2013; Wang X. N.
et al,, 2016), the threshold value for the FN between two regions
was defined as 3. Therefore, a weighted matrix of 90 x 90
WM structural network was constructed for each subject. After
PANDA generated registration images for quality inspection,
these images of each subject were carefully checked to ensure
registration and segmentation quality by a radiologist with 15
years of experience.

Network Analysis

Small-World Properties

Network analyses were performed with the GRETNA toolbox
2.0.0 release (GRETNA') (Wang et al, 2015). All global and
nodal metrics were defined by Rubinov and Sporns (2010),
which including following: small-world coefficient (o), clustering
coefficient (Cp), characteristic path length (Lp), normalized Cp
(v), normalized Lp (\), global efficiency (Eg), local efficiency
(Eloc), nodal efficiency (Ne), betweenness centrality (Bc), and
degree centrality (Dc) (the definitions of all network metrics
are listed in Table 2). We used the sparsity threshold range of
0.05-0.23 with an interval of 0.01 to discriminate the between-
group difference with 1,000 matched random networks. The
sparsity threshold was selected based on the minimum threshold
as determined by the average degree of all network nodes at each

'http://www.nitrc.org/projects/gretna
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threshold which should be larger than log (N) (N = 90, N means
the total number of nodes), and the max threshold as determined
by the sigma of all individual networks must be larger than 1.1 to
ensure compliance with the small world structure and was in line
with previous studies (Tzourio-Mazoyer et al., 2002; Shu et al.,
2018).

Hub Distribution

Hub nodes were defined with nodal properties (Ne, Dc, Bc)
at least one standard deviation (SD) above the mean nodal
properties across all regions in each group. Meanwhile, we
further compared between-hemisphere differences in three nodal
properties (FDR corrected, P < 0.05) in the PI and HC groups.

Pl-Related Subnetwork Analysis

According to the detailed descriptions in (Zalesky et al,
2010) study, network-based statistic (NBS) connectomes were
employed to determinate Pl-related subnetwork by the NBS
toolkit (version 1.2) (NBS?). 10,000 non-parametric permutation
tests and NBS corrected (P < 0.01) were performed to estimate
the significance of each component in identifying the connected
subnetworks.

Zhttps://www.nitrc.org/projects/nbs

Statistical Analysis

SPSS 16.0 software (SPSS Inc., Chicago, IL, United States) was
used to compare demographic and clinical characteristics. We
used the Shapiro-Wilk test to test the normality of all data.
We evaluated the differences of education time, age, PSQI,
ISI, SAS, and SDS scores in PIs and HCs by the Mann-
Whitney U test. A x? test was used to compare the qualitative
variables of gender. In MATLAB software, 10,000 non-parametric
permutation tests (Nichols and Holmes, 2002) were employed to
assess between-group differences in global and regional network
metrics after adjusted age, gender, and education levels as
covariates. Briefly, all differences were randomly divided into two
groups, and the same primary threshold (P < 0.05) was set to
compare by recalculating the mean differences between the two
randomized groups (10,000 permutations). For comparisons of
global and nodal metrics, Benjamin-Hochberg false discovery
rate (FDR) correction (Benjamini and Hochberg, 1995) was
performed to address the multiple comparisons at a significance
level of 0.05 (p < 0.05). After between-group differences of
network metrics were identified in the topological properties and
nodal metrics, Spearman’s correlation was performed by SPSS
16.0 software to assess the associations of these nodal metrics
with clinical scores (SAS, SDS, ISI, PSQI scores and disease
duration) in PI patients, removing age, gender, and education
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FIGURE 3 | Cortical regions with hemispheric asymmetry in node properties. (A) Bars and error bars represent the significant asymmetric effect of Ne (6 right nodes
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levels as covariates. All differences of network properties were ~ Global Topological Organization of
statistically analyzed by SPSS 16.0 software, MATLAB 2016  Structural Connectome

software (Matlab, MathWorks, United States), and GRETNA
2.0.0 release software (Gretna, Beijing Normal University,
China).

Both PIs and HCs showed characteristic small-world topology
in the brain structural connectome across all selected thresholds
(y>1,x~1,and 0 > 1) compared with 1,000 matched random
networks. Compared with HCs, PIs exhibited significantly lower
o (P <0.001),y (P < 0.001), Eg (P =0.005), and Eloc (P = 0.035),
higher \ (P =0.027) and Lp (P = 0.004) (Figure 1).

Reproducibility Analysis
To evaluate the reliability and reproducibility of the research
results, we repeated network analysis with different thresholds

(FN > 1, 2, 3, 5, and 10) in AAL-90 templates and a - - -
threshold (FN = 1) in AAL-1024 as previous studies (Bai Different Hub Reglons of Reglonal

et al., 2012; Chen et al,, 2013). This finding can be replicated Topological O_rganlzatlon of Structural

with different thresholds and parcellation schemes over the Connectome in Two Groups

sparisity threshold range of 0.05-0.23 with an interval of The PI patients and HCs had similar hub regions as shown in
0.01. Figure 2 by cyan color. In nodal efficiency (Ne), PI patients
presented twenty regions acting as hubs, while HCs presented
nineteen regions (Figure 2, cyan point). Five unique regions

RESULTS of nodal properties (Ne, D¢, and Bc) in PIs were located in

. L. ORBsupmed.R, HIP.R, bilateral THA and CAU.R compared
Demographlc and Clinical with HCs (Figure 2). PAL.L was the only unique Ne region
Characteristics in HC group. More specifically, three different regions were

No significant differences were found in age, gender, and located in the right orbital part of the medial superior frontal
education between the PI and HC groups (P > 0.05; Table 3). gyrus (ORBsupmed.R), HIP.R and right thalamus (THA.R) in
The 44 PI patients (20 males, mean age: 42.4 £ 12.65 PI patients (Figure 2A, red point). The left lenticular nucleus
years and 24 females, mean age: 39.83 =+ 11.04 years) and and pallidum (PAL.L) was the only unique Ne region in HC
46 HCs (17 males, mean age: 38.88 £ 7.26 years and 29 group (Figure 2A, red point). In the degree centrality (Dc),
females, mean age: 39.41 £ 9.81 years) showed significant fifteen hub regions were commonly identified in each group.
differences in PSQI, ISI, SAS, and SDS scores (P < 0.05, Two unique regions in PI patients were found, locating in the
Table 3). ORBsupmed.R and THA.L (Figure 2B, red point). Meanwhile, PI
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increased (P < 0.001, NBS corrected). For the abbreviations of the brain nodes, see Table 1; L, left; R, right.

(3)
C a positive subnetwork

patients presented three different brain nodes in the betweenness
centrality (Bc) compared with HCs, including right caudate
nucleus (THA.R), HIP.R and caudate nucleus (CAU.R) (left
of Figure 2C, red point). These common hub regions shared
by both patients and HCs were often bilateral brain regions,
including orbital part of superior frontal gyrus (ORBsup), CAU,
olfactory cortex (OLF), rectus gyrus (REC), posterior cingulate
gyrus (PCG), and lenticular nucleus and putamen (PUT), which
were found in more than two types of hub regions. Above
all, five different hub regions were identified between the two
groups with four regions in the right brain structural connectome
except THA.L. There was a interesting asymmetric effect of the
nodal properties (Ne, D¢, and Bc) between the PI and HC
groups (P < 0.05, 10,000 non-parametric permutation tests)
(Figure 3).

Different Nodal Properties of Both

Hemispheres in Structural Connectome

Our study further suggested that the nodal properties showed
significant hemispheric effect (Ne, D¢, and Bc) between the PI
and HC groups (P < 0.05, 10,000 non-parametric permutation
tests). All patients with Ne showed lower Ne in PI patients
compared with HC group, including all unique hub nodes in PI
patients. In comparison with the HC group, Ne in PI patients

showed a significant asymmetric effect (6 right nodes and 22
left nodes) in both the hemispheres in structural connectome
(P < 0.05, Benjamin-Hochberg FDR correction, FDR for short).
Specifically, REC.L, INS.L, and PUT.L showed lower Ne in the PI
left hemisphere (P < 0.001, FDR corrected, Figure 3). Similarly,
the Dc of all right brain regions showed significant differences
between the two groups (P < 0.05, no FDR corrected, Figure 3),
including all right unique hub nodes in PI patients. But the Dc
of left hemisphere and the Bc of both hemispheres showed no
significant differences when compared between PI patients and
the HCs. For the abbreviations of the brain nodes, these can see
Table 1 of the main manuscript.

Pl-Related Subnetwork Connectivity

For the PI group, five subnetworks were revealed in the WM
connectome (details listed in Figure 4 and Table 4) that were
related to the limbic cortico-basal-ganglia circuit and default-
mode networks (prefrontal cortex, CUN.L, left superior occipital
gyrus, left middle occipital gyrus and left precuneus). Four
decreased structural subnetworks were separated and mainly
distributed in the bilateral prefrontal cortex, left occipital and
temporal cortex, and many middle line regions of the brain
(P < 0.01, NBS corrected; Figure 4). Most regions of the uniquely
increased subnetworks were located in the left hemisphere,
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TABLE 4 | Regions of four insomnia-related subnetworks.

Index Region 1 abbreviations Region 2 abbreviations

Regions of decrease insomnia-related subnetwork 1

(12,30) IFGoperc.R INS.R
(14,30) IFGtriang.R INS.R
(16,30) ORBInf.R INS.R
(18,30) ROL.R INS.R
4,74) SFGdor.R PUTR
(30,74) INS.R PUT.R
(74,76) PUT.R PAL.R
Regions of decrease insomnia-related subnetwork 2
(21,27) OLFL REC.L
(21,31) OLF.L ACG.L
(22,32) OLFR ACG.R
(24,32) SFGmed.R ACG.R
(26,32) ORBsupmed.R ACG.R
(31,32 ACG.L ACG.R
(32,34) ACG.R DCG.R
(34,68) DCG.R PCUN.R
Regions of decrease insomnia-related subnetwork 3
(11,13) IFGoperc.L IFGtriang.L
(11,29) IFGoperc.L INS.L
(13,29) IFGtriang.L INS.L
(15,29) ORBInf.L INS.L
(17,29) ROL.L INS.L
Regions of decrease insomnia-related subnetwork 4
(33,35) DCG.L PCG.L
(43,45) CAL.L CUN.L
(89,47) PHG.L LING.L
(43,47) CAL.L LING.L
(39,55) PHG.L FFG.L
(47,55) LING.L FFG.L
(53,55) I0G.L FFG.L
(35,67) PCG.L PCUN.L
(45,67) CUN.L PCUN.L
Regions of increase insomnia-related subnetwork 5

(13,45) IFGtriang.L CUN.L
(37,45) HIP.L CUN.L
(13,49) IFGtriang.L SOG.L
(45,51) CUN.L MOG.L
(13,67) IFGtriang.L PCUN.L
(38,67) HIPR PCUN.L
(49,73) SOG.L PUT.L
(5,77) ORBsup.L THA.L
(45,77) CUN.L THA.L
(49,77) SOG.L THA.L
(73,89) PUT.L ITG.L

but with right hippocampus (HIP.R, P < 0.01, NBS corrected;
Figure 4C). Moreover, our study showed the frontal cortex had
lower the connection strength with the bilateral INS, ACG,
PUT.R and increased the connection strength with THA.L,
CUNL.L, left precuneus (PCUN.L), and left superior occipital
gyrus (SOG.L).

Relationship Between Unique Nodal
Properties of Hub Regions and Clinical

Characteristics in Pl Patients

We further assessed the associations of hub nodal properties (Ne,
Dc, and Bc) with clinical characteristics in PI patients (Figure 5
and Table 5). There were significant positive correlations between
SAS scores with unique hub nodal properties in PI patients (Ne
of THAL, r = 0.495, P = 0.001; Ne of ORBsupmed.R, r = 0.332,
P = 0.028; Ne of HIP.R, r = 0.332, P = 0.028; Bc of CAU.R,
r=0.319, P = 0.035). Meanwhile, significant positive correlations
between SDS scores and Ne of THA.L (r = 0.438, P = 0.003) were
observed. In addition, a significant negative correlation between
Dc of ORBsupmed.R with ISI scores (r = —0.336, P = 0.026)
was observed. Moreover, significant positive correlations between
disease duration and unique hub nodal properties of PI patients
(Dc of ORBsupmed.R, r = 0.308, P = 0.042; Dc of HIP.R, r = 0.350,
P = 0.020; Bc of HIP.R, r = 0.328, P = 0.030) were observed.
However, no significant correlation between unique hub nodal
values and PSQI scores was found in PI patients.

DISCUSSION

We found that PIs had small-world architectures with lower
global and local efficiencies than HCs. Asymmetric changes in
unique hub nodes and five disrupted subnetworks of the PI
WM network suggested that topological alterations were mostly
involved in the limbic cortico-basal-ganglia circuit (Haynes et al.,
2018) and default-mode networks (DMN) (Van Calster et al.,
2017). Additionally, there were significant correlations between
clinical characteristics (SAS, SDS, ISI scores and disease duration)
and unique hub nodal properties in Pls.

In our study, anatomical topology analysis revealed that the
two study groups had characteristic small-world organization,
which was consistent with the finding of previous studies (Lu
etal, 2017b; Ma et al., 2018). Eg and Eloc were used as measures
of functional integration and segregation, respectively (Rubinov
and Sporns, 2010). Our finding implied neuroinformation
transfer disruption in PI. A previous study (Crossley et al.,
2014) suggested hub nodes may serve as important centers of
information integration and segregation and may be targets of
priority attack in diseases. Therefore, we speculated that these
unique hub nodes may be affected in PI.

Here, abnormal unique hub nodes were indeed observed,
including the prefrontal cortex, right HIP, right caudate nucleus
(CAU.R) and THA.R in PIs compared with those in HCs.
These hub nodes all are part of the limbic cortico-basal-ganglia
circuit. Abnormal prefrontal cortexes in PIs have been reported
by many previous studies; for example, Li S. et al. (2018)
demonstrated that functional connections decreased in the right
fronto-parietal network regions, including the superior frontal
gyrus, which are linked to working memory and attention.
Using EEG, Muzur et al. (2002) demonstrated that prefrontal
cortex influences executive functions in PIs. Furthermore, whole-
brain VBM studies demonstrated that orbitofrontal gray matter
volume (Altena et al., 2010) and density (Stoffers et al., 2012)
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FIGURE 5 | Scatterplots show the relationships between hub nodal properties and clinical characteristics in participants with PI. The fitted values indicate the
residuals of PSQY, ISI, SAS, and SDS scores after removing the effects of age, sex, and years of education. P, primary insomnia; HC, healthy control; SAS, the
Self-Rating Anxiety Scale; SDS, Self-Rating Depression Scale; PSQI, Pittsburgh Sleep Quality Index; IS, Insomnia Severity Index.

were associated with PI complaints. de Vivo et al. (2016) used
an adolescent mouse model to investigate the ultrastructure
of the frontal cortex that can predict and identify the effects
of sleep and sleep loss. We found a negative correlation
between the Dc of ORBsupmed.R and ISI scores in structural

TABLE 5 | Relationship between unique nodal properties of hub regions and
clinical characteristics in Pl patients.

Brain hub region Nodal properties Clinical characteristics r P-value
ORBsupmed.R Ne SAS scores 0.332 0.028
Dc ISI scores —0.336 0.026
Dc Disease duration 0.308 0.042
HIPR Ne SAS scores 0.332 0.028
Dc Disease duration 0.350 0.020
Bc Disease duration 0.328 0.030
THA.L Ne SAS scores 0.495 0.001
Ne SDS scores 0.438 0.003
CAU.R Bc SAS scores 0.319 0.085

PIQS, Pittsburgh Sleep Quality Index; ISI, Insomnia Severity Index; SAS, Self-Rating
Anxiety Scale; SDS, Self-Rating Depression Scale; Pl, primary insomnia.

networks among PIs. Our study, as well as these previous
studies, suggested that the prefrontal cortex may be associated
with abnormal function or structure in PI. HIP is associated
with information consolidation and working memory in sleep-
related emotional processing (Murkar and De Koninck, 2018).
Despite the inconsistent HP volume results of previous studies
(Joo et al, 2014; Li M. et al., 2018), recent animal model
studies (Lopez-Virgen et al., 2015; de Vivo et al., 2016; Wadhwa
et al, 2017) provided compelling evidence that changes in
neuronal ultrastructure in HIP are associated with sleep loss
or deprivation. We speculated that these inconsistencies in
neuroimaging findings with regard to PI are associated with
clinical heterogeneity and use of various techniques and designs
for the assessment of substructures in HIP. Our results provide
further evidence to support the relation between HIP and PI
severity, because PIs were susceptible to negative emotions and
had consistent consolidation of negative or dreadful information.
CAU is associated with executive dysfunction and control of
the sleep-wake behavior, which promotes frequent sleep-wake
transitions (Qiu et al., 2010; Stoffers et al., 2014). THA can
regulate autonomic and endocrine activation and is associated
with a hyperarousal state in PI (Lugaresi, 1992). We speculated
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that abnormalities in the hub nodes of THA and CAU may be
associated with these difficulties in maintaining sleep and early
morning awakening owing to frequent sleep-wake transitions
in PI processing. Meanwhile, in the disrupted subnetworks,
we found decreased connections of the frontal cortex with
the bilateral INS, ACG, and PUT.R and increased connections
of the frontal cortex with THA.L, CUN.L, PCUN.L and left
superior occipital gyrus (SOG.L). Our results further showed
the presence of complex and neuroinformation interaction in
these hub regions. PIs often have a high comorbidity incidence
associated with PI and anxiety/depression. Poor PI quality and
cognitive emotional hyperarousal predisposition might trigger
and maintain a negative cascade (Watling et al., 2017). Therefore,
we speculated that these hub nodes may be associated with
abnormal emotional reactivity, such as depression and anxiety
in PI, which was supported by significant correlations of
emotional scores (SAS and SDS) with the nodal properties of
the ORBsupmed.R, CAU.R and THA.R in PIs. Our findings
demonstrate that changes in the hub topological properties
of the limbic cortico-basal-ganglia circuit may be related to
the underlying symptoms of PI, especially in sleep-dependent
emotional processing.

Meanwhile, some hub regions and PI-related subnetworks
were related to DMN. A DMN is an essential network in
the human brain and plays important roles in memory,
dreaming, auditory/visual processing, self-awareness and self-
processing operations (Domhoff and Fox, 2015; Zuo et al,
2016). Malfunctioning of the DMN may lead to sustained sleep
difficulties and sleep architecture disturbances in PIs, particularly,
decrease in connectivity between the DMN and HIP can increase
sleep depth (Regen et al., 2016). Our NBS results revealed that PIs
exhibited increased connectivity in the left hemisphere between
many regions in the DMN with right hippocampus, which further
demonstrated that the DMN plays an important role in PI
processing.

Additionally, we interestingly found asymmetric distribution
of these abnormal hub nodes in PIs, which may be due to
have several reasons. First, the result might be associated with
anatomical and functional lateralization in the two hemispheres.
The left hemisphere of right-handed individuals plays a leading
role in language, auditory and visual processing (Li et al,
2014; Shu et al, 2015), while the right hemisphere plays an
important role in spatial attention, emotion and memory (Li
et al., 2014). Over the last 3 years, however, studies have
shown that the abnormal asymmetric topological properties
of both hemispheres are associated with neurophysiological
mechanisms in some diseases, such as AD (Yang et al,
2017), schizophrenia (Sun et al,, 2017), and autism spectrum
disorder (Sun et al., 2017). PIs often have high reactivity with
regard to the functions of emotion and memory, which are
closely related to the right hemisphere. Our findings showed
that most abnormal hub nodes were located in the right
limbic cortico-basal -ganglia circuit and were related to patient
symptoms (clinical scores and disease duration). PIs also have
heightened sensitivity, dreaminess and self-awareness (Domhoff
and Fox, 2015; Zuo et al.,, 2016), and this is closely associated
with the left hemisphere. This study also showed increased

connections of DMN in the left hemisphere on NBS analysis.
Therefore, we speculated that the asymmetric topology in
structural networks provides novel insights into the neural
substrates underlying patient symptoms, which requires further
investigation. Second, asymmetric changes in nodal properties
and disrupted subnetworks in both hemispheres might lead to the
asymmetric distribution of these unique hub nodes. The observed
rightward asymmetric hub nodes were attributed to changes
in the complex topological properties of the left hemisphere
in PIs, which is consistent with the findings in a previous
AD study (Yang et al, 2017). Third, the definition approach
for the WM network had a great effect on the constructed
networks and results. Li S. et al. (2018) performed DTI and
suggested disruption in the integrity of the right lateralized WM
in Pls.

Limitations

The present study has some limitations. First, cognitive
functions were not evaluated in this study, which limited
the evaluation of the potential impact of cognitive function
in PIs. Second, the sample size of PIs was relatively small.
Third, the study was limited by the hardware used. We
constructed WM networks according to DTI data using
the deterministic fiber-tracking algorithm, which has
been often used for DTI data with ‘not-so-good’ quality.
However, deterministic tractography has some deficiencies in
estimating the crossing fibers. Further investigations involving
probabilistic fiber-tracking algorithms and 3T MR scanners are
required.

CONCLUSION

Using DTI and graph theory analysis, we demonstrated
abnormal hub nodal properties and subnetworks involving
the limbic cortico-basal-ganglia circuit and DMN in Pls.
Moreover, the altered network architecture may be related to
the neural substrates underlying patient symptoms and the
neurophysiologic mechanisms involved in PI.
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Background: Hippocampal dysconnectivity has been detected in schizophrenia
patients with auditory verbal hallucinations (AVHSs). Neuroanatomical evidence has
indicated distinct sub-regions in the hippocampus, but which sub-regions within the
hippocampus may emerge dysfunction in the brain network, and the relationship
between connection strength and the severity of this debilitating disorder have yet to
be revealed. Masked independent component analysis (mICA), i.e., ICA restricted to a
defined region of interest, can provide insight into observing local functional connectivity
in a particular brain region. We aim to map out the sub-regions in the hippocampus with
dysconnectivity linked to AVHSs in schizophrenia.

Methods: In this functional magnetic resonance imaging study of schizophrenia patients
with (n = 57) and without (n = 83) AVHs, and 71 healthy controls, we first examined
hippocampal connectivity using mICA, and then the correlation between connection
metric and clinical severity was generated.

Results: As compared with patients without AVHs, mICA showed a group of
hyper-connections for the left middle part, as well as another group of hypo-connections
for the bilateral antero-lateral and right antero-medial parts in patients with
AVHs. Connectivity was linked to the clinical symptoms scores in the sample of
patients with AVHSs.

Conclusion: These findings demonstrate that the left middle part is more densely
connected, but the bilateral antero-lateral and right antero-medial parts are more
sparsely connected in schizophrenia patients with AVHs. The findings in the present
study show proof of precious location in the hippocampus mediating the neural
mechanism behind AVHSs in schizophrenia.

Keywords: auditory verbal hallucinations, schizophrenia, masked ICA, hippocampus, sub-regions, functional
connectivity
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INTRODUCTION

Hippocampal abnormalities have been implicated in the
pathophysiology of hallucinations in schizophrenia (Behrendt,
2010, 2016). Converging lines of evidence point to an association
between the hippocampus and auditory verbal hallucinations
(AVHs) in schizophrenia (Jardri et al, 2011; Alderson-Day
et al., 2016). Structural findings include a positive correlation
between AVHs severity and hippocampal volume principally
affecting the right side (Modinos et al., 2009) and a reduction
in the total gray matter volume in schizophrenia with AVHs
(Maller et al., 2012). Functional abnormalities have been
reported in a variety of studies. There is evidence of reduced
connectivity between the left hippocampus and superior
temporal gyrus and increased connectivity between the left
hippocampus/fusiform gyrus and thalamus in patients with
AVHs (Sommer et al., 2012; Clos et al, 2014). Disrupted
directed thalamic-auditory cortical-hippocampal connectivity
has been found to be involved in AVHs in schizophrenia
(Li et al, 2017). Studies comparing auditory and visual
hallucinations continue to elucidate the contribution of
hippocampal connectivity to schizophrenia. In patients
with auditory and visual hallucinations, the hippocampus is
hyperconnected to the medial prefrontal cortex and caudate,
and there is higher white matter connectivity between the
hippocampus and visual cortex (Amad et al, 2014), although
no difference was detected in hippocampal connectivity between
auditory hallucinations and auditory and visual hallucinations
(Ford et al, 2015). Moreover, left hippocampal amplitudes
of low-frequency fluctuations (ALFF) across all of the cases
were related to reported hallucination severity in both auditory
and visual domains (Hare et al., 2017). Patients who were
experiencing hallucinations (24 out 25 patients had auditory
hallucinations) were linked to effective connectivity from
the hippocampus to the salience network (Lefebvre et al,
2016). Particularly, integrating ALFF and functional network
connectivity, hippocampal ALFF was positively associated with
functional network connectivity between the primary auditory
cortex and the salience network in patients reporting auditory
hallucinations (Hare et al., 2018). From the neuroanatomical
perspective, the hippocampus consists of the dentate gyrus,
hippocampus proper, and subiculum (Fogwe and Mesfin, 2018).
However, it remains unclear which part in the hippocampus
with dysconnectivity is linked to this core psychopathology
of schizophrenia.

On structural MRI, the hippocampus is segmented into six
sub-regions (Dalton et al., 2017). Despite a harmonized protocol
for manual segmentation of hippocampal and parahippocampal
sub-regions developed by the Hippocampal Subfields Group
(Wisse et al., 2017), hippocampal sub-region segmentation is
evolving and plays a limited role in fMRI research. To this
end, masked independent component analysis (mICA), i.e., ICA
restricted to a defined region of interest, is a high-resolution
functional parcellation technique and provides insight into
observing local functional connectivity in a particular brain
region (Blessing et al., 2016; Moher Alsady et al., 2016). Using
mICA, subdivisions of the caudate showing reduced cortical

functional connectivity have been established in patients with
traumatic brain injury (De Simoni et al., 2018).

Given such a background, we aimed to map out the
sub-regions with dysconnectivity in the hippocampus
associated with AVHs in schizophrenia. We hypothesized
that dysconnectivity can be harnessed via mICA to aid in
identifying symptom-specific pathophysiology of schizophrenia.

MATERIALS AND METHODS

The workflow of this research is presented in Figure 1.

Participants

Two independent datasets were recruited in this study (Cui
et al., 2017¢, 2018). Dataset 1 included 74 patients (33 with
AVHs, 43 without AVHs) with schizophrenia and 35 healthy
controls, which were collected from May 2011 to September
2013 (Cui et al., 2017¢). The structural clinical interview for
Diagnostic and Statistical Manual of Mental Disorders, Fourth
Edition, Text Revision (DSM-IV-TR) was used, and consensus
diagnoses were made using all of the available information.
Each patient was assessed by using the Positive and Negative
Syndrome Scale (PANSS) at the time of imaging. Dataset 2
included 64 patients (24 with AVHs, 40 without AVHs) with
schizophrenia and 36 healthy controls, a partial sample of the
dataset investigated in Cui et al. (2018). Patients were diagnosed
according to DSM, Fifth Edition (DSM-5) from April 2015 to
December 2017, with no more than two weeks of cumulative
exposure to antipsychotics. We have previously described the
criteria for AVHs and Non-AVHs (Chang et al.,, 2015; Cui et al,,
2016, 2017a,b, 2018). This study was approved by the local ethics
committee. All participants (or their parents for those under age
of 18 years) gave written informed consent after a full description
of the aims and design of the study. Table 1 provides further
details of the two patient populations.

Image Acquisition

High-resolution structural imaging and resting-state functional
data were acquired on a Siemens 3.0 T scanner for dataset
1 and a GE 3.0 T scanner for dataset 2 using protocols
published previously (Cui et al, 2019). More details are
shown in Supplementary Table 1. Those participants whose
head motion exceeded more than 2.5 mm or 3.0° during
resting-state functional MRI were detected and removed using
our own Matlab scripts.

Data Preprocessing

Functional imaging data were processed using tools from CONN
toolbox and FSL 5.0.11 (Oxford Centre for Functional MRI
of the Brain, Oxford, United Kingdom'), mICA* and scripts
written in Matlab (MathWorks, Natick, MA, United States).
Anatomical images were segmented using FEAT of FSL into
gray matter, white matter and cerebrospinal fluid (CSF) using

Uhttp://www.fmrib.ox.ac.uk/fsl/
Zhttps://www.nitrc.org/projects/mica
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FIGURE 1 | The workflow of this research.
TABLE 1 | Clinical and demographical data.
Dataset 1 Dataset 2
Characteristic AVHs Non-AVHs P values HCs AVHs Non-AVHs P values HCs
(n=33) (n = 43) (n = 35) (n=24) (n = 40) (n = 36)

Age () 247 +6.6 255+ 5.6 0.53 271473 216+55 237473 0.49 29.3+ 9.1
Gender (M/F) 17/16 26/17 0.24 22/13 12/12 27/13 0.08 14/22
Education level (y) 13.0+2.0 13.3+18 0.41 136 + 3.5 124429 12.3+29 0.92 15.0 + 4.1
Duration of illness (mon) 23.0 £ 26.7 20.4 +£29.2 0.80 NA 8.2+ 13.5 156.4 £ 20.6 0.12 NA
PANSS score
Total score 100.2 + 18.5 91.1 £+ 15.1 0.06 NA 85.2 + 16.7 85.0 & 15.1 0.52 NA
Positive score 275478 212+53 0.33 NA 235+53 208+5.8 0.80 NA
Negative score 255+ 7.1 212478 0.15 NA 171+ 7.0 209477 0.44 NA
General psychopathology score 472 +£9.5 48.7 + 8.6 0.65 NA 43.6 + 8.8 43.3 +8.3 0.51 NA

HCs, healthy controls; PANSS, Positive and Negative Syndrome Scale.

FEAT. Preprocessed functional data consisted of 240 time points,
and due to a decrease in the magnetic field effect the first
10 volumes were removed. Preprocessing included realignment
of echo-planar images to remove the effects of motion (using
Motion Correction FMRIB’s linear image registration tool,
MCEFLIRT), brain extraction (using Brain Extraction Tool, BET),
spatial smoothing with a 6 mm full width at half maximum
Gaussian kernel, and high-pass temporal filtering by using a
cutoft frequency of 150 sec (~0.007 Hz). The Motion Correction
FMRIB’s non-linear image registration tool (FNIRT) was used to
register functional MR imaging volumes into standard montreal
neurological institute (MNI) space templates (stepl: individual
functional space to individual structural space; step2: individual
structural space to MNI standard space), and post-registration

images were re-sampled to 2 mm for further analysis (Cui
et al., 2017b, 2018). Furthermore, the factors of sex and age of
all subjects were regressed using the FSL toolbox. In order to
avoid the impact of the two different datasets in imaging, we
compared the data preprocessing from the two datasets and did
not find any significant differences (Supplementary Figure 1 and
Supplementary Table 2).

mICA: Based on Hippocampus

Further analysis after preprocessing was implemented in mICA
tools (see footnote 2) for both patients and healthy controls.
Based on Blessing et al’s (2016) research, left and right
hippocampi in the Harvard-Oxford subcortical structural atlas
were selected as the seed ROIs, and dimensionality of 10 was
selected as the number of components (Figure 2; Blessing et al.,
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2016; Moher Alsady et al., 2016). In order to verify the stability
of the ingredients, the 10 independent components (ICs) were
identified in all subjects of two data sets separately (GE data set
and Siemens data set) as suggested by Blessing et al. (2016) and
then we compared the spatial correlation of each of the 10 ICs
(Supplementary Figure 1 and Supplementary Table 2). The 10
hippocampus components generated by the combined data set
were selected as the ICs for further analysis.

Functional Connectivity Analyses Based

on 10 Hippocampus Components

Multivariate functional connectivity between 10 components
and the whole brain was assessed via a modified dual
regression approach. Data analysis was implemented in FSL tools
(see footnote 1) according to the method of Filippini et al. (2009).

Briefly, in the first step of dual regression, the concatenated
multiple functional MR imaging data sets were decomposed
by using ICA, in which 10 hippocampus components were
applied to detect large-scale patterns of functional connectivity
in subjects. Second, the dual-regression approach was used
to identify subject-specific temporal dynamics and associated
spatial maps within each subject’s functional MR imaging data
set. This involved using the spatial maps of the group ICA
in a linear model fit (spatial regression) against the separate
functional MR imaging data sets, resulting in matrices that
describe the temporal dynamics of each component and subject.
Then, subject-specific spatial maps were estimated by using these
time-course matrices in a linear model fit (temporal regression)
against the associated functional MR imaging data sets. Third,
the different component maps were collected across subjects

X=33  Y=-30 Z=-12

X=26

Y=-13 2Z=-21

figure.

FIGURE 2 | Ten components produced by independent component analysis (ICA) restricted within the hippocampus (A-J). The z-scores > 3 are colored in the

Y=-15 2Z=-19
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into single four-dimensional files (one per original ICA map,
with the fourth dimension being subject identification) and
them tested voxel-wise for statistically significant differences
between groups by using non-parametric permutation testing
(5000 permutations). The maps were thresholded by using
an alternative hypothesis test based on a mixed Gaussian
and gamma distribution model in previous work and by
controlling the local false discovery rate at P less than 0.05
(Cui et al., 2017b).

ROI-Based Functional Connectivity of

the Hippocampus

After preprocessing, ROI-based correlational analyses were
performed using the Functional Connectivity (CONN) toolbox’
between the hippocampus and whole brain ROIs. Briefly, (1)
after preprocessing, the confounding effects of white matter, CSE
realignment and scrubbing were removed using linear regression.
Then, (2) linear detrending. (3) first-level analysis, left- and
right- hippocampi were selected as the seed ROIs to analyze
the functional connectivity between the seed ROIs and all brain
ROIs. (4) second-level analysis. Any differences between seed

*http://web.mit.edu/swg/software.htm

ROIs and all brain ROIs for the group comparison among
AVHs, N-AVHs, and HCs using a general linear model (GLM)
and differences between AVHs and Non-AVHs were calculated
(Cui et al., 2018).

Statistical Analysis

The difference scores (removed the value > |Mean =+ 3SD|)
of significant different regions (difference scores, dscore =
zlfz:l > SLR‘, R, the difference regions of each hippocampus
component; k, the number of regions; S, the scores of difference
regions; and i, the number of voxels of each significant different
region) were calculated for AVHs and Non-AVHs patients. The
correlation between PANSS scores and difference scores was
calculated for patients.

RESULTS

Clinical Characteristics

Table 1 shows the full description of demographic and clinical
characteristics of patients and healthy controls. No significant
difference was found in age, gender, education, and handedness
among the patient groups.

FIGURE 3 | Significant differences of hippocampus components between AVHs and Non-AVHs using dual regression (A-H). Correction via Bonferroni and the areas

where P < 0.05 are shown in the figure. The color bar indicates the P-value.
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mICA Findings-Based Connectivity

Figure 3, Table 2, and Supplementary Table 3 summarize
the regions where hippocampal components-seeded connections
were altered between AVHs and Non-AVHs. Supplementary
Figure 2 and Table 3 show the mean connection strength in each
group. In contrast to patients without AVHs, patients with AVHs
had increased connection strength in the left middle part and
decreased connection strength in the bilateral antero-lateral and
right antero-medial parts.

ROI-Based Connectivity

The bilateral hippocampi were utilized as seeds for the ROI-based
connectivity analysis. A few regions had altered functional
connectivity with the seed areas (Figure 4 and Supplementary
Table 4). Altered connectivity was seen between the right
hippocampus and bilateral superior temporal gyrus among the
three groups. No significant difference was found between
patients with and without AVHs.

Clinical Correlates

Positive correlation was found between difference scores of
functional connectivity and PANSS total scores in patients with
AVHs (r=0.67, P < 0.001), suggesting a significant effect of AVHs
on clinical severity (Figure 5). There was no clear association
between connectivity metrics and PANSS total scores in patients
without AVHs (r = 0.18, P = 0.08). We also added supplementary

TABLE 2 | The differences areas of mICA.

analysis to calculate the correlation between PANSS positive,
negative, general psychopathology, and supplemental scores and
neuroimaging measures (Supplementary Table 5).

DISCUSSION

Identifying the disrupted hippocampal structure and
function in schizophrenia at a sub-large-scale level has
a critical role in fundamental research. In this study,
combining neuroimaging and mICA analysis, we reported
and presented a full view of hippocampal regional
connectivity pattern for AVHs in schizophrenia, including
bilateral anterior, antero-medial, antero-lateral, middle, and
posterior parts.

The present study extends the previous findings (Sommer
et al., 2012; Clos et al., 2014; Li et al, 2017) by providing a
hippocampal sub-region-level pattern of AVHs-specific disrupted
connectivity in schizophrenia via mICA. The unique advantage
of mICA is separating the hippocampus into several sub-
regions for the connectivity analysis. We explored the sub-
regional aspects of hippocampal connectivity in schizophrenia
patients with AVHs, which allows and ensures displaying
dysfunctional brain regions involving AVHs in schizophrenia.
We found patients with AVHs with increased connection
strength in the left middle part and decreased connection
strength in the bilateral antero-lateral and right antero-medial
parts compared with patients without AVHs, indicating disrupted
sensory representation or memory underlying hallucinations
in this disorder.

Position Number of Peak MNI coordinate _ Peak In our study, another result is that patients in this cohort
voxels ensty  showed right hippocampus-seeded dysconnectivity with bilateral
X v z superior temporal gyri, which is in line with a previous report
Anterior.L 6578 —26  —54 28 0.99 (Sommer et al, 2012). With the exception of the superior
Anterior.R 362 52 —14  -32 0.966 temporal gyrus, which proved to be a reasonable AVHs-related
Antero-medial.L_ 5751 0 18 50 0.976 brain area (Orlov et al., 2018; Spray et al., 2018), we uncovered a
Antero-medial.R 8944 40  -18 18 0.986 much more complicated network for AVHs in schizophrenia by
Antero-lateral.L 593 4 -58 24 0.966 means of mICA. This finding is suggestive of aberrant patterns
Antero-lateral.R 32601 —-40 32 -20 0.992 of multiple brain areas in schizophrenia patients suffering from
Middle.L 2743 -16  —26 26 0.984 AVHs, and has made an unexpected discovery of AVH proneness.
Middle.R 3512 2 —56 24 0.974 ROI-based connectivity analysis of the whole hippocampus could
TABLE 3 | Mean connection strength for each group.
AVHs NAVHs HCs AVHs vs. AVHs vs. NAVHSs vs.
HCs NAVHs HCs
mean Std mean std mean std
Antero-lateral.LL 4.64 1.57 5.75 1.68 4.44 1.39 p=0.55 *p =0.04 *p =0.03
Antero-medial.L 3.76 1.79 4.23 1.83 3.29 1.64 *p =0.03 p =032 *p =0.04
Posterior.L. 4.54 1.67 4.89 1.81 4.30 1.49 *p=0.04 p=0.57 *p =0.04
Middle.L 11.81 2.09 6.60 2.00 5.73 1.71 **p =0.00 **p =0.00 p=0.73
Middle.R 2.53 1.61 2.06 1.40 3.73 1.80 **p =0.01 p=0.95 **p =0.01
Antero-lateral.R 6.19 1.98 7.47 2.03 5.86 1.61 p=0.48 *pn =0.02 *p =0.01
Posterior.R 5.30 1.90 5.81 1.94 4.99 1.64 p=0.85 p =043 *o =0.03
Antero-medial.R 3.84 1.50 4.99 1.79 3.64 1.29 *p =0.03 *p =0.02 *p =0.01
*p < 0.05; **p < 0.01.
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FIGURE 4 | Different functional connectivity between whole hippocampus and ROls of the brain mask. F-tests were calculated and the functional connectivity with a
significant difference after FDR correction is shown. The color of the ball indicated the relationship between mask ROI (Hippocampus) and the other ROIs (Gray ball:
the mask ROI, the warm color indicated that the connection increased).
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FIGURE 5 | Scatter plot showing the correlation between difference scores (dscores) and PANSS total scores (PANSS_scores) in patients.

be an impediment to detecting some subtle alterations for Affected memory to some extent is known to exist in
functional neuroimaging. On the contrary, mICA might be an  cognitive symptoms of schizophrenia (Ricarte et al, 2017).
alternative approach to explore much more changes missed by The implications of hallucinatory experience as aberrant event
ROI-based analysis. memory formation for the pathophysiology of schizophrenia
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have been established (Behrendt, 2016). A sizable number
of studies have implicated hippocampal association with
AVHs in schizophrenia. A recently proposed model for
AVHs in schizophrenia is that “the aberrant neuromodulation
within RSNs involving sensory information filtering, auditory
processing/language processing, and memory retrieving
might implicate a contribution to this distressing symptom”
[see Figure 5 in Cui et al. (2017b) for review]. While it
remains to be determined, neural mechanisms underlying
disrupted connectivity of hippocampal sub-regions, the evidence
from this study could support such a model involving
memory retrieval.

Several aspects of the current study deserve further comments.
With the mICA Toolbox, ICA dimensionality was set to a
value of 10 for the hippocampus in our study, but this value
was 12 in a previous study (Moher Alsady et al, 2016). The
number of components varies from data to data in the ICA
decomposition. In addition to 10 hippocampal components, we
performed 8, 12, and 15 components, revealing consistent results
(for details see Supplementary Materials). The neurobiological
underpinnings behind findings of this study are currently
not known. Schizophrenia-patient-derivedCA3 neurons from
human pluripotent stem cells have been efficiently generated
and enable modeling of deficit hippocampal connectivity in vitro
(Sarkar et al., 2018). What should be done in the future
includes linking the network of hippocampal sub-regions
in relation to AVHs in schizophrenia using fMRI and
cell physiology.

In summary, our study shows that schizophrenia patients
with AVHs exhibit disrupted connectivity of hippocampal
sub-regions, which represents a core symptom-specific
pathophysiology of schizophrenia. Mapping out the sub-regions
with dysconnectivity in the hippocampus associated with AVHs
in schizophrenia may help elucidate neurobiological substrates
of this disorder.

ETHICS STATEMENT

This study was carried out in accordance with the
recommendations of the Institutional Ethics Committee, First
Hospital of the Fourth Military Medical University with
written informed consent from all subjects. All subjects gave
written informed consent in accordance with the Declaration
of Helsinki. The protocol was approved by the Institutional

REFERENCES

Alderson-Day, B., Diederen, K., Fernyhough, C., Ford, J. M., Horga, G., Margulies,
D. S, et al. (2016). Auditory hallucinations and the brain’s resting-state
networks: findings and methodological observations. Schizophr. Bull. 42,
1110-1123. doi: 10.1093/schbul/sbw078

Amad, A., Cachia, A., Gorwood, P., Pins, D., Delmaire, C., Rolland, B., et al. (2014).
The multimodal connectivity of the hippocampal complex in auditory and
visual hallucinations. Mol. Psychiatry 19, 184-191. doi: 10.1038/mp.2012.181

Behrendt, R. P. (2010). Contribution of hippocampal region CA3 to consciousness
and schizophrenic hallucinations. Neurosci. Biobehav. Rev. 34, 1121-1136.
doi: 10.1016/j.neubiorev.2009.12.009

Ethics Committee, First Hospital of the Fourth Military
Medical University.

AUTHOR CONTRIBUTIONS

Y-BX, HY, and WQ were responsible for the entire study. All
authors contributed to the study concepts and study design,
data acquisition, data analysis and interpretation, manuscript
drafting, manuscript revision for important intellectual content,
approval of the final version of the manuscript, and agreed to
ensure that any questions related to the work are appropriately
resolved. L-BC, X-RW, Y-BX, and HY contributed to the
literature research. LL, L-BC, X-RW, H-NW, and HY performed
the clinical studies. L-BC, Y-BX, X-RW, and HY performed
the experimental studies. LL, L-BC, Y-CL, Z-LX, HY, and WQ
contributed to the statistical analysis. LL, L-BC, HY, and WQ
were responsible for the manuscript revision.

FUNDING

This study was supported by the NSFC under Grant 81671651
and Key Research and Development Program of Shaanxi
Province Grant 2017ZDXM-SF-048 to HY, the NSFC grant
81801675 and Wisdom in Creation to L-BC, the National
Basic Research Program of China Grants 2014CB543203 and
2015CB856403, the Science and Technology Projects of Xi’an,
China under Grant 201809170CX11JC12, and the NSFC under
Grants 81771918, 81471811, and 81471738 to WQ.

ACKNOWLEDGMENTS

The authors acknowledge their patients and patients’ family,
and thank Prof. Florian Beissner from Somatosensory and
Autonomic Therapy Research, Institute for Neuroradiology,
Hannover Medical School, Germany and Dr. Karen M. von
Deneen from Xidian University for their kind help.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fnins.
2019.00424/full#supplementary-material

Behrendt, R. P. (2016). Hallucinatory experience as aberrant event memory
formation: implications for the pathophysiology of schizophrenia. Prog.
Neuropsychopharmacol. Biol. Psychiatry 71, 203-209. doi: 10.1016/j.pnpbp.
2016.07.009

Blessing, E. M., Beissner, F., Schumann, A., Brunner, F., and Bar, K. J. (2016). A
data-driven approach to mapping cortical and subcortical intrinsic functional
connectivity along the longitudinal hippocampal axis. Hum. Brain Mapp. 37,
462-476. doi: 10.1002/hbm.23042

Chang, X,, Xi, Y. B, Cui, L. B, Wang, H. N, Sun, J. B,, Zhu, Y. Q,, et al.
(2015). Distinct inter-hemispheric dysconnectivity in schizophrenia patients
with and without auditory verbal hallucinations. Sci. Rep. 5:11218. doi: 10.1038/
srepl11218

Frontiers in Neuroscience | www.frontiersin.org

May 2019 | Volume 13 | Article 424


https://www.frontiersin.org/articles/10.3389/fnins.2019.00424/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fnins.2019.00424/full#supplementary-material
https://doi.org/10.1093/schbul/sbw078
https://doi.org/10.1038/mp.2012.181
https://doi.org/10.1016/j.neubiorev.2009.12.009
https://doi.org/10.1016/j.pnpbp.2016.07.009
https://doi.org/10.1016/j.pnpbp.2016.07.009
https://doi.org/10.1002/hbm.23042
https://doi.org/10.1038/srep11218
https://doi.org/10.1038/srep11218
https://www.frontiersin.org/journals/neuroscience/
https://www.frontiersin.org/
https://www.frontiersin.org/journals/neuroscience#articles

Liu et al.

Hippocampal Sub-Regions and Hallucinations in Schizophrenia

Clos, M., Diederen, K. M., Meijering, A. L., Sommer, I. E,, and Eickhoff, S. B.
(2014). Aberrant connectivity of areas for decoding degraded speech in
patients with auditory verbal hallucinations. Brain Struct. Funct. 219, 581-594.
doi: 10.1007/s00429-013-0519-5

Cui, L. B, Cai, M., Wang, X. R,, Zhu, Y. Q., Wang, L. X,, Xi, Y. B,, et al. (2019).
Prediction of early response to overall treatment for schizophrenia: a functional
magnetic resonance imaging study. Brain Behav. 9:e01211. doi: 10.1002/brb3.
1211

Cui, L. B,, Chen, G., Xu, Z. L., Liu, L., Wang, H. N, Guo, L., et al. (2017a). Cerebral
blood flow and its connectivity features of auditory verbal hallucinations in
schizophrenia: a perfusion study. Psychiatry Res. 260, 53-61. doi: 10.1016/j.
pscychresns.2016.12.006

Cui, L. B, Liu, L., Guo, F., Chen, Y. C., Chen, G., Xi, M., et al. (2017b).
Disturbed brain activity in resting-state networks of patients with first-
episode schizophrenia with auditory verbal hallucinations: a cross-sectional
functional mr imaging study. Radiology 283, 810-819. doi: 10.1148/radiol.20161
60938

Cui, L. B, Wang, L X, Tian, P, Wang, H. N, Cai, M, Guo, F,
et al. (2017c). Aberrant perfusion and its connectivity within default
mode network of first-episode drug-naive schizophrenia patients and their
unaffected first-degree relatives. Sci. Rep. 7:16201. doi: 10.1038/s41598-017-14
343-7

Cui, L. B, Liu, K,, Li, C., Wang, L. X,, Guo, F., Tian, P., et al. (2016). Putamen-
related regional and network functional deficits in first-episode schizophrenia
with auditory verbal hallucinations. Schizophr. Res. 173, 13-22. doi: 10.1016/].
schres.2016.02.039

Cui, L. B,, Liu, L., Wang, H. N., Wang, L. X,, Guo, F, Xi, Y. B,, et al. (2018).
Disease definition for schizophrenia by functional connectivity using radiomics
strategy. Schizophr. Bull. 44, 1053-1059. doi: 10.1093/schbul/sby007

Dalton, M. A., Zeidman, P., Barry, D. N.,, Williams, E., and Maguire, E. A.
(2017). Segmenting subregions of the human hippocampus on structural
magnetic resonance image scans: an illustrated tutorial. Brain Neurosci. Adv.
1:2398212817701448. doi: 10.1177/2398212817701448

De Simoni, S., Jenkins, P. O., Bourke, N. J., Fleminger, J. J., Hellyer, P. J., Jolly,
A. E, et al. (2018). Altered caudate connectivity is associated with executive
dysfunction after traumatic brain injury. Brain 141, 148-164. doi: 10.1093/
brain/awx309

Filippini, N., MacIntosh, B. J., Hough, M. G., Goodwin, G. M., Frisoni, G. B.,
Smith, S. M., et al. (2009). Distinct patterns of brain activity in young carriers
of the APOE-epsilon4 allele. Proc. Natl. Acad. Sci U.S.A. 106, 7209-7214.
doi: 10.1073/pnas.0811879106

Fogwe, L. A., and Mesfin, F. B. (2018). Neuroanatomy, Hippocampus. Treasure
Island, FL: StatPearls Publishing.

Ford, J. M., Palzes, V. A., Roach, B. J., Potkin, S. G., van Erp, T. G., Turner,
J. A., et al. (2015). Visual hallucinations are associated with hyperconnectivity
between the amygdala and visual cortex in people with a diagnosis of
schizophrenia. Schizophr. Bull. 41, 223-232. doi: 10.1093/schbul/sbu031

Hare, S. M., Ford, J. M., Ahmadi, A., Damaraju, E., Belger, A., Bustillo, .,
et al. (2017). Modality-dependent impact of hallucinations on low-frequency
fluctuations in schizophrenia. Schizophr. Bull. 43, 389-396. doi: 10.1093/schbul/
sbw093

Hare, S. M., Law, A. S., Ford, ]J. M., Mathalon, D. H., Ahmadi, A., Damaraju,
E., et al. (2018). Disrupted network cross talk, hippocampal dysfunction and
hallucinations in schizophrenia. Schizophr. Res. 199, 226-234. doi: 10.1016/j.
schres.2018.03.004

Jardri, R., Pouchet, A., Pins, D., and Thomas, P. (2011). Cortical activations during
auditory verbal hallucinations in schizophrenia: a coordinate-based meta-
analysis. Am. J. Psychiatry 168, 73-81. doi: 10.1176/appi.ajp.2010.09101522

Lefebvre, S., Demeulemeester, M., Leroy, A., Delmaire, C., Lopes, R., Pins, D.,
et al. (2016). Network dynamics during the different stages of hallucinations
in schizophrenia. Hum. Brain Mapp. 37, 2571-2586. doi: 10.1002/hbm.23197

Li, B, Cui, L. B, Xi, Y. B, Friston, K. J., Guo, F., Wang, H. N,, et al. (2017).
Abnormal effective connectivity in the brain is involved in auditory verbal
hallucinations in schizophrenia. Neurosci. Bull. 33, 281-291. doi: 10.1007/
s12264-017-0101-x

Maller, J. J., Daskalakis, Z. J., Thomson, R. H., Daigle, M., Barr, M. S., and
Fitzgerald, P. B. (2012). Hippocampal volumetrics in treatment-resistant
depression and schizophrenia: the devil’s in de-tail. Hippocampus 22, 9-16.
doi: 10.1002/hipo.20873

Modinos, G., Vercammen, A., Mechelli, A., Knegtering, H., McGuire, P. K.,
and Aleman, A. (2009). Structural covariance in the hallucinating brain: a
voxel-based morphometry study. J. Psychiatry Neurosci. 34, 465-469.

Moher Alsady, T., Blessing, E. M., and Beissner, F. (2016). MICA-A toolbox for
masked independent component analysis of fMRI data. Hum. Brain Mapp. 37,
3544-3556. doi: 10.1002/hbm.23258

Orlov, N. D., Giampietro, V., O’Daly, O., Lam, S. L., Barker, G. J., Rubia, K., et al.
(2018). Real-time fMRI neurofeedback to down-regulate superior temporal
gyrus activity in patients with schizophrenia and auditory hallucinations:
a proof-of-concept study. Transl. Psychiatry 8:46. doi: 10.1038/s41398-017-
0067-5

Ricarte, J. J., Ros, L., Latorre, J. M., and Watkins, E. (2017). Mapping
autobiographical memory in schizophrenia: clinical implications. Clin. Psychol.
Rev. 51, 96-108. doi: 10.1016/j.cpr.2016.11.004

Sarkar, A., Mei, A., Paquola, A. C. M., Stern, S., Bardy, C., Klug, J. R, et al. (2018).
Efficient generation of CA3 neurons from human pluripotent stem cells enables
modeling of hippocampal connectivity in vitro. Cell Stem Cell 22, 684-697.€9.
doi: 10.1016/j.stem.2018.04.009

Sommer, I. E., Clos, M., Meijering, A. L., Diederen, K. M., and Eickhoff, S. B. (2012).
Resting state functional connectivity in patients with chronic hallucinations.
PLoS One 7:¢43516. doi: 10.1371/journal.pone.0043516

Spray, A., Beer, A. L, Bentall, R. P, Sluming, V., and Meyer, G. (2018).
Microstructure of the superior temporal gyrus and hallucination proneness - a
multi-compartment diffusion imaging study. Neuroimage Clin. 20, 1-6. doi:
10.1016/§.nicl.2018.06.027

Wisse, L. E. M., Daugherty, A. M., Olsen, R. K., Berron, D., Carr, V. A,, Stark,
C. E. L, et al. (2017). A harmonized segmentation protocol for hippocampal
and parahippocampal subregions: why do we need one and what are the key
goals? Hippocampus 27, 3-11. doi: 10.1002/hipo.22671

Conflict of Interest Statement: The authors declare that the research was
conducted in the absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Copyright © 2019 Liu, Cui, Xi, Wang, Liu, Xu, Wang, Yin and Qin. This is an
open-access article distributed under the terms of the Creative Commons Attribution
License (CC BY). The use, distribution or reproduction in other forums is permitted,
provided the original author(s) and the copyright owner(s) are credited and that the
original publication in this journal is cited, in accordance with accepted academic
practice. No use, distribution or reproduction is permitted which does not comply
with these terms.

Frontiers in Neuroscience | www.frontiersin.org

May 2019 | Volume 13 | Article 424


https://doi.org/10.1007/s00429-013-0519-5
https://doi.org/10.1002/brb3.1211
https://doi.org/10.1002/brb3.1211
https://doi.org/10.1016/j.pscychresns.2016.12.006
https://doi.org/10.1016/j.pscychresns.2016.12.006
https://doi.org/10.1148/radiol.2016160938
https://doi.org/10.1148/radiol.2016160938
https://doi.org/10.1038/s41598-017-14343-7
https://doi.org/10.1038/s41598-017-14343-7
https://doi.org/10.1016/j.schres.2016.02.039
https://doi.org/10.1016/j.schres.2016.02.039
https://doi.org/10.1093/schbul/sby007
https://doi.org/10.1177/2398212817701448
https://doi.org/10.1093/brain/awx309
https://doi.org/10.1093/brain/awx309
https://doi.org/10.1073/pnas.0811879106
https://doi.org/10.1093/schbul/sbu031
https://doi.org/10.1093/schbul/sbw093
https://doi.org/10.1093/schbul/sbw093
https://doi.org/10.1016/j.schres.2018.03.004
https://doi.org/10.1016/j.schres.2018.03.004
https://doi.org/10.1176/appi.ajp.2010.09101522
https://doi.org/10.1002/hbm.23197
https://doi.org/10.1007/s12264-017-0101-x
https://doi.org/10.1007/s12264-017-0101-x
https://doi.org/10.1002/hipo.20873
https://doi.org/10.1002/hbm.23258
https://doi.org/10.1038/s41398-017-0067-5
https://doi.org/10.1038/s41398-017-0067-5
https://doi.org/10.1016/j.cpr.2016.11.004
https://doi.org/10.1016/j.stem.2018.04.009
https://doi.org/10.1371/journal.pone.0043516
https://doi.org/10.1016/j.nicl.2018.06.027
https://doi.org/10.1016/j.nicl.2018.06.027
https://doi.org/10.1002/hipo.22671
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/neuroscience/
https://www.frontiersin.org/
https://www.frontiersin.org/journals/neuroscience#articles

',\' frontiers

in Neuroscience

ORIGINAL RESEARCH
published: 07 May 2019
doi: 10.3389/fnins.2019.00435

OPEN ACCESS

Edited by:

Filippo Cieri,

Cleveland Clinic, United States
Reviewed by:

Roser Sala-Llonch,

University of Barcelona, Spain
Paola Valsasina,

San Raffaele Scientific Institute
(IRCCS), Italy

*Correspondence:
Zhongxiang Ding
hangzhoudzx73@126.com

Specialty section:

This article was submitted to
Brain Imaging Methods,

a section of the journal
Frontiers in Neuroscience

Received: 29 January 2019
Accepted: 15 April 2019
Published: 07 May 2019

Citation:

Feng Q, Wang M, Song Q, Wu Z,
Jiang H, Pang R, Liao Z, Yu E and
Ding Z (2019) Correlation Between
Hippocampus MRI Radiomic Features
and Resting-State Intrahippocampal
Functional Connectivity in Alzheimer’s
Disease. Front. Neurosci. 13:435.
doi: 10.3389/fnins.2019.00435

Check for
updates

Correlation Between Hippocampus
MRI Radiomic Features and
Resting-State Intrahippocampal
Functional Connectivity in
Alzheimer’s Disease

Qi Feng’, Mei Wang', Qiaowei Song?, Zhengwang Wu3, Hongyang Jiang?, Peipei Pang?*,
Zhengluan Liao®, Enyan Yu® and Zhongxiang Ding™*

" Department of Radiology, Affiliated Hangzhou First People’s Hospital, Zhejiang University School of Medicine, Hangzhou,
China, ? Department of Radiology, Zhejiang Provincial People’s Hospital, Hangzhou Medical College, Hangzhou, China,

3 Department of Radiology and BRIC, The University of North Carolina at Chapel Hill, Chapel Hill, NC, United States,

4 GE Healthcare Life Sciences, Hangzhou, China, ° Department of Psychiatry, Zhejiang Provincial People’s Hospital,
Hangzhou Medical College, Hangzhou, China

Alzheimer’s disease (AD) is a neurodegenerative disease with main symptoms of chronic
primary memory loss and cognitive impairment. The study aim was to investigate the
correlation between intrahippocampal functional connectivity (FC) and MRI radiomic
features in AD. A total of 67 AD patients and 44 normal controls (NCs) were enrolled
in this study. Using the seed-based method of resting-state functional MRI (rs-fMRI),
the whole-brain FC with bilateral hippocampus as seed was performed, and the FC
values were extracted from the bilateral hippocampus. We observed that AD patients
demonstrated disruptive FC in some brain regions in the left hippocampal functional
network, including right gyrus rectus, right anterior cingulate and paracingulate gyri,
bilateral precuneus, bilateral angular gyrus, and bilateral middle occipital gyrus. In
addition, decreased FC was detected in some brain regions in the right hippocampal
functional network, including bilateral anterior cingulate and paracingulate gyri, right
dorsolateral superior frontal gyrus, and right precentral gyrus. Bilateral hippocampal
radiomics features were calculated and selected using the A.K. software. Finally,
Pearson’s correlation analyses were conducted between these selected features and
the bilateral hippocampal FC values. The results suggested that two gray level run-
length matrix (RLM) radiomic features and one gray level co-occurrence matrix (GLCM)
radiomic feature weakly associated with FC values in the left hippocampus. However,
there were no significant correlations between radiomic features and FC values in the
right hippocampus. These findings present that the AD group showed abnormalities in
the bilateral hippocampal functional network. This is a prospective study that revealed
the weak correlation between the MRI radiomic features and the intrahippocampal FC
in AD patients.

Keywords: Alzheimer’s disease, resting-state functional magnetic resonance imaging, functional connectivity,
hippocampus, radiomics
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INTRODUCTION

Alzheimer’s disease (AD) is a neurodegenerative disease with
main symptoms of chronic primary memory loss and cognitive
impairment. AD has become a public health problem due to
its hidden onset, high incidence, and lack of effective drug
treatment. The exact cause of AD is still unclear. It is believed
some may be related to heredity, neurotransmitter changes,
virus infection, immune dysfunction, and free radical damage.
Nowadays, the clinical diagnosis of AD is based on cognitive
measures and one or more biomarkers including structural MRI,
PET, and cerebrospinal fluid analysis of amyloid B or tau proteins
(Bruno et al., 2007). Researchers are investigating non-invasive
neuroimaging biomarkers for the early diagnosis of AD (Claudia
etal., 2010; Yong et al., 2014).

Cell degeneration in the hippocampus plays an important role
in the onset of AD. It proved to be the cause of AD that amyloid-f
plaques and Tau proteins are selectively deposited in the special
cortex of the hippocampus in AD patients (Ball, 1997; Guzman
et al., 2013). These special cortexes are the main pathways that
connect the hippocampus to the other cortexes of the brain.
A large number of magnetic resonance imaging (MRI) studies
have revealed atrophy and some other changes in microstructure
in the hippocampus in AD dementia (De et al, 2015;
Mak et al., 2017).

MRI is an important technique for radiomics. MR images
can acquire numerous sequences and do not receive a radiation
dose. MRI shows both the structural change and the functional
dynamic change. Several MRI techniques have been applied
in AD research, including voxel-based morphometry (Whitwell
et al, 2007), diffusion tensor imaging (DTI) (Denise et al,
2004), resting-state functional MRI (rs-fMRI; Wang et al., 2011),
as well as radiomics analysis (Qi et al., 2018). Radiomics is
a new frontier subject based on quantitative imaging, feature
calculation, feature selection, and model construction. It uses
a large number of automated feature extraction algorithms to
transform the original image data into first-order or higher-
order data, and then analyzes the deep relationship between the
data to further improve the accuracy of clinical diagnosis and
prognostic value. Radiomics has strong power for radiotherapy,
chemotherapy, and immunotherapy evaluation (Horvat et al,,
2018; Sun et al., 2018; Wang et al., 2018), cancer patients survival
prediction (Kickingereder et al., 2016), molecular subtyping of
tumor (Lu et al., 2018), and cancer recurrence prediction (Li H.
et al.,, 2017). Nowadays, radiomics is also applied to non-tumor
diseases, such as attention deficit hyperactivity disorder (Port,
2018) and autism spectrum disorder (Chaddad et al., 2017a).
In this context, we select the high-resolution T1-weighted MR
images for hippocampal microstructural radiomics analysis.

Rs-fMRI is a functional MRI technique that based on blood
oxygen level dependent (BOLD), and has emerged as one of the
most important techniques for analysis of human brain function.
Functional connectivity (FC) is the indirect reflection of synaptic
connections. Rs-fMRI FC analysis is increasingly used to detect
brain network changes in AD. There are two main methods used
in rs-fMRI FC analysis. One is the “seed-based” approach, and the
other is independent component analysis (ICA). In seed-based

analysis, first, you need to set up a region of interest (ROI), then
select BOLD signal fluctuations from the ROI, and associate them
with BOLD signal fluctuations for all other voxels in the brain
(Sheline and Raichle, 2013). The default mode network (DMN) is
most commonly shown to be active when a person is not focused
on the outside world and the brain is at wakeful rest, such as
during daydreaming and mind-wandering. It is highly correlated
with cognitive function (Menon, 2011). FC altered in DMN
becomes a potential non-invasive biomarker in diagnosis of AD
and amnestic mild cognitive impairment (aMCI) (Damoiseaux
et al., 2012; Toussaint et al., 2014; Yu et al., 2016; Alderson
et al., 2017). Functional activity in the hippocampus is the hot
topic of AD research. One study found decreased synchrony
of low-frequency fluctuations within the hippocampus in AD
patients (Shi-Jiang et al., 2002). An ICA study of fMRI showed
that the hippocampal activity diminished in AD (Wu et al,
2011). Intrinsic connectivity altered in hippocampal functional
networks has been observed in aMCI patients (De et al., 2017).
However, most of the rs-fMRI studies were focused on the
DMN and some local brain regions; little is known regarding the
hippocampus functional network.

Many studies investigated the altered structure or function in
the hippocampus in AD patients. Nevertheless, little is known
regarding the relationship between hippocampal microstructure
and FC in AD. The hypothesis of the present study is that the local
structural change in hippocampus is correlated to the functional
changes of the brain in AD patients. The aim of the study was to
investigate the correlation between hippocampal MRI radiomic
features and intrahippocampal FC in AD, and to explore non-
invasive imaging biomarkers for early diagnosis of AD.

MATERIALS AND METHODS

Study Cohort

There were 82 AD patients and 50 normal controls (NCs)
recruited initially. AD patients were enrolled prospectively in
the study at the Zhejiang Provincial People’s Hospital from
September 2016 to June 2018. The NCs were volunteers collected
from the health promotion center of the hospital. All subjects
were right-handed and provided written informed consent.

TABLE 1 | Demographics and cognitive characteristics of the participants.

AD patients NC group Statistic P-value
Sample size 67 44 NA NA
Age (years, 68.75 + 11.69 65.48 + 9.69 1.54 0.13
mean £ SD)
Gender 29:38 20:24 0.05* 0.82*
(male/female)
Education 6.10 £ 3.78 711+ 3.36 —1.44 0.15
(years,
mean £ SD)
MMSE 17.16 £ 5.54 29.09 £ 0.77 —14.17 <0.01

SD, standard deviation; MMSE, Mini-Mental State Examination. AD, Alzheimer’s
disease; NC, normal control. Statistics were calculated with t-tests, unless
otherwise indicated. *x°-test was used.
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FIGURE 1 | The left hippocampus seed-based functional connectivity (FC) maps in the Alzheimer’s disease (AD) patients compared with normal control

(NC) subjects.

This study was approved by the Ethics Committee of Zhejiang
Provincial People’s Hospital (No. 2012KY002) and had been
carried out in accordance with the Declaration of Helsinki.

All subjects underwent medical history collection, laboratory
examination, neuropsychological test, physical examination, and
conventional brain MRI scans. The neuropsychological tests
included the Mini-Mental State Examination (MMSE) and
Montreal Cognitive Scale (MoCA). AD patients were diagnosed
in terms of the revised NINCDS-ADRDA (National Institute of
Neurological and Communicative Disorders and Stroke and the
Alzheimer’s Disease and Related Disorders Association) criteria
(Amp, 2011) with MMSE score < 24 and MoCA score < 26.
The inclusion criteria for NC subjects were as follows: (1) no

neurological deficits, such as hearing or vision loss; (2) no
neurological or mental diseases, such as stroke, epilepsy, or
depression; (3) no evidence of infarction, hemorrhage, or tumor
on routine MRI; and (4) MMSE score > 28. For both AD and
NC groups, the exclusion criteria were (1) stroke; (2) brain
trauma; (3) brain tumors, Parkinson’s disease, epilepsy, and other
neurological diseases that cause memory disorders; (4) serious
anemia, hypertension, diabetes, and other systemic diseases; (5)
history of mental illness; and (6) signal abnormalities in the
medial temporal lobe caused by infectious or vascular factors on
MRI FLAIR or T2 images (Dubois et al., 2007). There were 73 AD
patients and 45 NC subjects who completed all the required MR
sequences successfully.

TABLE 2 | Regions showing altered FC for AD patients and NC subjects with the left hippocampus as seed.

Anatomical region BA MNI coordinates (x, y, 2) Cluster size (voxels) T-value
REC.R, ACG.R, ORBmid.R, CAU.R 11/10/32/25 -6, 39, -15 344 —3.458
PCUN.L, PCUN.R, DCG.L 31/7 —15, —48, 33 264 —-3.762
ANG.R, MOG.R 39/19/7 39, —66, 39 280 —3.600
ANG.L, MOG.L, IPL.L 39/40/19 —33, —60, 33 337 —3.492

BA, Brodmann'’s area; X, y, z, coordinates of peak locations; T-value, t statistical values of peak locations; L, left; R, right; REC, gyrus rectus; ACG, anterior cingulate and
paracingulate gyri; ORBmid, middle frontal gyrus, orbital part;, CAU, caudate nucleus; PCUN, precuneus; DCG, median cingulate and paracingulate gyri; ANG, angular
gyrus; MOG, middle occipital gyrus; IPL, inferior parietal but supramarginal and angular gyri.
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FIGURE 2 | The right hippocampus seed-based FC maps in the AD patients compared with NC subjects.

MRI Acquisition

Each subject underwent both structural and fMRI examinations
on a 3.0-T MR scanner (Discovery MR750; GE Healthcare,
Waukesha, WI, United States). The structural MRIs were
acquired using a high-resolution three-dimensional T1-weighted
magnetization-prepared rapid gradient echo (MPRAGE)
sagittal sequence with scanning parameters of repetition time
(TR) = 6.7 ms, echo time (TE) = 2.9 ms, inversion time
(TT) = 450 ms, slice thickness/gap = 1/0 mm, FOV = 256 x 256
mm?, flip angle = 12°, matrix = 256 x 256; there were 192
sagittal slices collected from each subject. The rs-fMRI images
were acquired using an echo-planar imaging (EPI) sequence
with scanning parameters of TR = 2,000 ms, TE = 30 ms, slice
thickness/gap = 3.2/0 mm, FOV = 220 x 220 mm?2, and flip
angle = 90°. Each rs-fMRI sequence contained 210 time points
and each time point contained 44 slices. During rs-fMRI, all

subjects were instructed to keep still and keep their eyes closed,
but to not fall asleep.

Preprocessing of Resting-State
Functional MRI

The image analysis of rs-fMRI after acquisition consists of
preprocessing and FC analysis. The preprocessing was performed
using the Data Processing Assistant for rs-fMRI (DPARSF'). The
preprocessing steps were as follows:

(1) removing the first 10 time points (considering the time
when the magnetic field of the machine was stable and the
time when the subject adapted to the environment);

(2) slice timing correction and head motion correction;

Thttp://rfmri.org/DPARSF

TABLE 3 | Regions showing altered FC for AD patients and NC subjects with the right hippocampus as seed.

Anatomical region BA MNI coordinates (x, y, 2) Cluster size (voxels) T-value
ACG.L, ACG.R, DCG.R 24/32/23 -9, -21,27 429 —4.703
SFGdor.R, PreCG.R, MFG.R 6/8 18, 6, 51 276 —-3.793

BA, Brodmann’s area; x, y, z, coordinates of peak locations; T-value, t statistical values of peak locations; L, left; R, right; ACG, anterior cingulate and paracingulate gyri;
DCG, median cingulate and paracingulate gyri; SFGdor, superior frontal gyrus, dorsolateral; PreCG, precentral gyrus;, MFG, middle frontal gyrus.
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(3) normalization to the Montreal Neurological Institute
(MNI) space and resampling (with voxels of 3 x 3 x 3 mm);

(4) spatial smoothing using a 4-mm isotropic Gaussian kernel;
removing the linear trend; bandpass filtering (0.01-
0.08 Hz); and

(5) regression of covariates, including the six head motion
parameters, the white matter, and cerebrospinal fluid signal.

Segmentation of Hippocampus

The 3D TI1-weighted MPRAGE images were used in the
hippocampus segmentation using an efficient learning-based
deformable model (Wu et al., 2017). A joint classification and
regression model was established to predict the location of the
hippocampus. In the training stage, the extracted features were
used to train the structured random forest classifier, and in the
testing stage, the extracted features were input into the classifier
in order to predict the segmentation of each hippocampus, and
the prediction segmentation is iteratively improved through the
training model. Finally, the hippocampal shape model gradually
deformed to the target image to adapt the target hippocampus.
We used this method to segment the right and left hippocampus,
respectively. The segmentation results had been checked by a
senior neuroradiologist, and the data with poor segmentation
quality were resegmented.

Resting-State Functional Connectivity
Analysis

The FC analysis of the bilateral hippocampus network was
performed using REST plus V1.2>. We took the averaged
time courses of all voxels in ROI (above segmented left and
right hippocampus as defined) as the reference sequence.
And Pearson’s correlation was conducted between the BOLD
time course within the ROI and each voxel in the brain.
Then, ROI-wise whole-brain FC maps were obtained. Fisher’s

Zhttp://restfmri.net/forum/RESTplusV1.2

r-to-z transformation was used to convert FC maps into
normalized zFC maps for subsequent statistical analyses. One-
sample t-test was conducted in the AD and NC groups to
make a mask using Gaussian random field (GFR) correction.
Two-sample t-test was then performed using the above mask
between the AD and NC groups. Then, GFR correction was
performed (voxel-level P < 0.05, cluster-level P < 0.05, two-
tailed). Finally, the brain areas of significant differences were
obtained. Furthermore, in order to quantify the FC values
of the bilateral hippocampus in the brain network for next
correlation analysis, the mean Z-value within the bilateral
hippocampus was calculated using the above segmented left
and right hippocampus images as ROI definition. The mean
Z-value represents the average FC value within the hippocampus.
These steps were performed in the left and right hippocampus
data, respectively.

MRI Radiomic Analysis
Artificial Intelligence Kit (AK) is a commercially
available software developed by GE Healthcare Institute
of Precision Medicine. It performs data loading,
segmentation, feature calculation, feature selection, and
model establishment of radiomics.

First, we loaded the original 3D T1-weighted images and
ROI images into the A.K. software. Then, image features
were calculated including Formfactor, Histogram, Haralick,
gray level co-occurrence matrix (GLCM), and gray level run-
length matrix (RLM). Formfactor features use mathematical
methods to characterize the shape of the lesion, and describe
the shape and compactness of the lesion. Histogram features
calculate the gray intensity information of the lesion and
describe the overall distribution of gray level information.
GLCM obtains the co-occurrence matrix by counting the
probability of the occurrence of pixel pairs in different directions
and displacement vectors. It describes the complexity of
the lesion, the level variation, and the degree of texture
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thickness (Seongjin et al, 2011). Haralick also based on
the co-occurrence matrix to extract the corresponding
features, but it has directional invariance. RLM obtains the
length matrix by calculating the probability of the pixels
appearing repeatedly in succession with different directions
and displacement vectors. It also describes the complexity
of the lesion, the level variation and the degree of texture
thickness (Galloway, 1975). We chose “1, 4, and 7” for
displacement vectors.

After feature calculation, we added labels “0” and “1” for
each subject data representing NC and AD. The preprocessing
for feature selection included replaced the abnormal value
with the mean; set the training set proportion and testing set
proportion to 0.7 and 0.3, respectively, and eliminate the unit
restriction for each feature column through normalization.
The feature selection steps were as follows. Step 1: T-test
and rank sum test were used to identify the features with
significant differences between the two groups (P < 0.05). Step
2: The correlation analysis was used to reduce the dimension.
The filter threshold was set to 0.9, and the Spearman rank
correlation coeflicient was selected. Correlation analysis
was performed between any two feature columns; one of
the two highly correlated features was removed when the
correlation coefficient was greater than 0.9. Step 3: The
least absolute shrinkage and selection operator (LASSO)
regression model was applied to reduce the dimension
using 10-fold cross-validation. This method is applicable
to the regression analysis of high-dimensional data. We
performed feature selection on the left and right hippocampus
data, respectively.

Statistical Analysis

Demographic, neuropsychological comparison, RS FC
comparison of the two groups, and correlation analysis
between the bilateral hippocampus radiomic features and FC
were performed using SPSS version 22.0. All statistical methods
about radiomic analysis were performed using the A.K. software.

RESULTS

Comparison of Demographic and
Neuropsychological Performance

Among the remaining 73 AD patients and 45 NC
subjects, 67 AD patients and 44 NC subjects were
finally collected for analysis, who had head motion
<3.0 mm translation and 3.0° rotation in any direction
during preprocessing of rs-fMRI. Table 1 showed
the statistical analysis results of demographics and

neuropsychological performance. There was no significant
difference between AD and NC subjects in demographics
(P > 0.05). However, there were statistically significant
differences in MMSE performance between the two
groups (P < 0.05).

Functional Connectivity Analysis

After two-sample t-tests, RS FC had no significant difference
between AD and NC within the left hippocampal mask
(t = 034, P > 0.05) and the right hippocampal mask
(t = —1.01, P > 0.05). In addition, we observed that FC
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in some brain regions was disrupted in the left hippocampal
functional network in the AD patient group; these regions are
right gyrus rectus, right anterior cingulate and paracingulate
gyri, right orbital part of middle frontal gyrus, right caudate
nucleus, left and right precuneus, left median cingulate
and paracingulate gyri, left and right angular gyrus, left
and right middle occipital gyrus, and inferior parietal but
supramarginal and angular gyri (Figure 1 and Table 2). We
also observed some brain regions with decreased FC in the
right hippocampal functional network, including left and right
anterior cingulate and paracingulate gyri, right median cingulate
and paracingulate gyri, right dorsolateral superior frontal
gyrus, right precentral gyrus, and right middle frontal gyrus
(Figure 2 and Table 3).

Radiomic Analysis

There were 385 features extracted in the bilateral
hippocampus after feature calculation. For left and right
hippocampus, after T-test and rank sum test, the remaining
feature numbers 196 and 215. After correlation
analysis, the remaining feature numbers were reduced
to 70 and 81 (Figures 3A,B). Finally, using the LASSO
regression model, five and four features were selected
(Figures 4A-C, 5A-C).

were

Correlations Between Radiomic Features

and Functional Connectivity
Pearson’s correlation analysis suggested that there were three
radiomic features (RunLengthNonuniformity_angle45_offsetl,

TABLE 4 | Correlation between the left hippocampal radiomic features and
functional connectivity values.

Type of r, AD patients
parameters (n=67)
RunLengthNonuniformity_angle45_offset1 RLM —0.261*
LowGreylLevelRunEmphasis_AllDirection_offset1 RLM 0.222
LowGreylLevelRunEmphasis_AllDirection_offset7_SD RLM —0.008
Correlation_angle135_offset1 GLCM —0.260*
GreylLevelNonuniformity_AllDirection_offset1 RLM —0.282*

Pearson correlation analyses were conducted to calculate the correlations between
these selected features and the left hippocampal FC values. *P < 0.05. RLM, run-
length matrix; GLCM, gray level co-occurrence matrix.

TABLE 5 | Correlation between the right hippocampal radiomic features and
functional connectivity values.

Type of r, AD patients
parameters (n=67)
ShortRunEmphasis_angle90_offset7 RLM 0.203
GLCMEntropy_AlIDirection_offset1_SD GLCM 0.104
SurfaceVolumeRatio Formfactor 0.174
GreylLevelNonuniformity_AllDirection_offset1 RLM —0.044

Pearson correlation analyses were conducted to calculate the correlations between
these selected features and the right hippocampal FC values.

Correlation_angle135_offsetl, GreyLevelNonuniformity_AllDire-
ction_offset1) associated with FC values in the left hippocampus
(P < 0.05); the correlation coefficient values were —0.261,
—0.260, and —0.282, respectively (Figure 6 and Table 4).
However, there were no significant correlations between
selected radiomic features and FC values in the right
hippocampus (Table 5).

DISCUSSION

Our study indicated that the AD group showed abnormalities
in the left and right hippocampal functional network compared
with the NC group. Meanwhile, the present study selected the
closely related radiomic features of the bilateral hippocampus.
Pearson correlation analysis suggested weak relationship
between some radiomic features and FC values in the
left hippocampus. Its a prospective paper to study the
correlation between the hippocampal radiomic features and
fMRI characteristics in AD.

In addition to hippocampal structural studies, some rs-
fMRI studies suggest that hippocampal functional characteristics
changed in the AD or aMCI stage. For example, Sorg et al.
(2007) found that only selected brain areas such as the
hippocampus showed reduced activities in MCI patients. Some
AD and MCI studies indicated the destruction of functional
connections between the hippocampus and the PCC, medial
prefrontal cortex, inferior parietal lobule, and other brain
areas (Wang et al., 2006a; Dennis and Thompson, 2014;
Krajcovicova et al, 2014). One study showed alterations of
three hippocampal subfield functional networks in aMCI patients
(De et al,, 2017). Our results have demonstrated diminished
FC in the right gyrus rectus, right anterior cingulate and
paracingulate gyri, bilateral precuneus, bilateral angular gyrus,
and bilateral middle occipital gyrus of the left hippocampus
functional networks. We also observed some brain regions of
decreased FC in the right hippocampal functional network,
including bilateral anterior cingulate and paracingulate gyri,
right dorsolateral superior frontal gyrus, and right precentral
gyrus. Some of these brain regions are major components
of the DMN. Most seed-based and ICA studies have shown
that functional connections of DMN and other brain networks
are reduced in AD or MCI (Greicius et al., 2004; Christian
et al, 2007). We observed no increase or decrease of FC
in PCC; maybe there are both disruption and compensation
effects in the AD stage. However, many studies have reported
areas of aberrant increased connectivity in AD (Damoiseaux
et al, 2012; Simona et al., 2015; Li M. et al, 2017). An
ICA study by Damoiseaux et al. (2012) showed that the
FC of posterior DMN began to decrease in the early stage
of AD patients, while the connection increased within the
anterior and ventral DMN. As the disease progressed, all
Internet connections decreased. We observed most of the
regions of decreased FC in the bilateral hippocampal functional
networks, probably because patients with severe AD were in
the majority of our AD subjects. Moreover, the disruption
patterns of the left and right hippocampal networks are
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different in AD and aMCI patients (Wang et al, 2006b;
Xie et al, 2013). Our result was consistent with these
recent discoveries.

Radiomics analysis has been applied to some neuropsychiatric
diseases. A radiomics study about autism spectrum disorder
found significant differences in the texture features in the right
hippocampus, corpus callosum, cerebellar white matter, and left
choroid plexus between patients and controls (Chaddad et al.,
2017b). Some texture analysis studies have found that there
are texture differences in hippocampus, corpus callosum, and
thalamus between AD patients and NCs (Li et al., 2010; Oliveira
et al,, 2011). The nine radiomic features selected in this study
reflect the differences in image gray value distribution, texture
characteristics, spatial heterogeneity, and other microstructural
information in AD patients. Among the five selected features
of the left hippocampus, “RunLengthNonuniformity_angle45_
offsetl,” “LowGreyLevelRunEmphasis_AllDirection_offset1,”
“LowGreyLevel RunEmphasis_AllDirection_offset7_SD,” and
“GreyLevelNonuniformity AllDirection_offsetl” are RLM
parameters. The higher the value of “RunLengthNonuniformity”
or “GreyLevelNonuniformity” is, the more heterogeneous the
lesion is. “LowGreyLevelRunEmphasis” describes the overall
brightness of the lesion; the higher the value, the darker the lesion.
“Correlation_angle135_offsetl” is one of the GLCM parameters.
“Correlation” describes the similarity of the gray levels in
adjacent pixels and displays the correlation between a pixel and
its neighbors across the image. Among the four selected features
of the right hippocampus, “ShortRunEmphasis_angle90_offset7”
and “GreyLevelNonuniformity_AllDirection_offsetl” are RLM
parameters. “ShortRunEmphasis” describes the degree of
difference in gray value between adjacent pixels of the lesion;
the higher the value is, the more complex and heterogeneous
the lesion is. “GLCMEntropy_AllDirection_offsetl_SD” is a
GLCM parameter. “Entropy” describes the complexity of the
co-occurrence matrix; the larger the value is, the more complex
the co-occurrence matrix will be. “SurfaceVolumeRatio” is
a Formfactor parameter; it describes the three-dimensional
size and shape of the hippocampus. If the edge irregularity
of three-dimensional lesions is large, the ratio is also large,
indicating greater heterogeneity. These features extracted
from the hippocampus structure reflect high-order imaging
patterns and heterogeneity characteristics of microstructure in
hippocampus in AD patients.

Although there was no significant difference in hippocampal
FC between the two groups, there were significant differences
in hippocampal radiomic features. In addition, our study
showed weak and negative correlation between the
intrahippocampal FC and the radiomic features. It suggests
that the changes of hippocampal microstructure appeared
before the changes of hippocampal function in AD patients.
MR volumetry and DTI studies indicated the decreased
volumes and increased mean diffusivity of the hippocampus
in AD patients (Palesi et al, 2011; Brueggen et al,, 2015).
Structural MRI studies have shown that microstructural
abnormalities of the hippocampus can be the neuroimaging
biomarkers of early cognitive impairment. In future studies,
we will pay more attention to the study of hippocampal

microstructure to provide imaging basis for the early
diagnosis of AD. The occurrence and development of AD
is a complex process, and we can obtain more structural and
functional information by using a variety of MRI techniques
in future studies.

However, there were several limitations in our study.
Firstly, a complete 1:1 match in age and sex ratio had
not been achieved. Secondly, although patients with MCI
were excluded, the severity of the disease in AD patients
was not distinguished in the study, and these subjects were
not followed up. Mild, moderate, and severe AD patients
were all included in the AD group. Lastly, we did not
correct the between-group comparison of RS FC adjusting
for hippocampal volume. It may influence the results to
a certain degree.

In summary, this study observed that there are decreased
activity in hippocampus functional network in AD patients.
It also indicates that the closely related hippocampal radiomic
features can be neuroimaging biomarkers for the diagnosis of
AD. Moreover, we explored the correlations between the MRI
radiomic features and intrahippocampal FC in AD patients. It
provides a very important reference for further understanding the
pathogenesis of AD.
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Learning a new language requires the use of extensive neural networks and can
represent a powerful tool to reorganize brain neuroplasticity. In this study, we analyze
how a 4 months long second language learning program (16, 2 h sessions) can lead
to functional changes in the brain of healthy elderly individuals. A large number of
studies point out a decline of brain-skills with age; here it is analyzed how cognition
together with functional brain organization can be improved later in life. Twenty-
six older adults (59-79 years old) were enrolled in the present study. A complete
neuropsychological examination was administered before and after the intervention
to measure global cognition levels, short- and long-term memory, attention, language
access and executive functions. At the end of the program, in the intervention group, the
results showed a significant improvement in global cognition together with an increased
functional connectivity in the right inferior frontal gyrus (rIFG), right superior frontal gyrus
(rfSFG) and left superior parietal lobule (ISPL). These findings can be added to the
current neurobiological breakthroughs of reshaping brain networks with a short language
learning practice in healthy elderly subjects. Therefore, learning a foreign-language may
represent a potentially helpful cognitive intervention for promoting healthy aging.

Keywords: aging, brain second language learning, cognitive decline, resting state,

functional connectivity

plasticity,

INTRODUCTION

Economic and social implications of pathological aging are dramatically growing (Winblad et al.,
2016). Aging is the major risk factor for neurodegenerative diseases and dementia (Niccoli and
Partridge, 2012; Alzheimer’s Disease International, 2018). In our society, healthy aging is an
objective to be achieved in order to prevent dementia in epidemic proportions. Simple and
affordable solutions should be investigated for reducing risks linked to aging, both for the well-being
of the individual and caregivers (Lwi et al., 2017). In the course of lifetime, lifestyle factors, such as
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education, hypertension, diet and depression represent
modifiable variables which dramatically impact the risk of
pathological aging (Granzotto and Zatta, 2011, 2014; Isopi et al.,
2015; Martin Prince et al., 2015; Davies, 2017; Frankish and
Horton, 2017; Frisoni et al., 2017; Prince, 2017). It has been
shown that older adults can benefit from cognitive and physical
interventions (Greenwood and Parasuraman, 2003; Coffman
et al, 2014; Ferrucci and Priori, 2014; Luber and Lisanby,
2014; Strenziok et al., 2014). Cognitive and aerobic trainings
emerged as potent modulators of cognitive decline (Kivipelto
et al,, 2013; Ngandu et al., 2015; Firth et al., 2018). Clinical
aspects can be supervised and treated with lifestyle factors such
as physical exercise or cognitive stimulation. Social stimulation
and nutritional components, together with the learning of new
cognitive tasks, even late in life, can make the person more
autonomous in daily routines and less dependent on caregivers
(Granzotto and Zatta, 2011, 2014; Hughes et al., 2012; Isopi et al.,
2015; Tan et al., 2016).

Dementia has a multifactorial etiology (Igbal and Grundke-
Igbal, 2010; Alkadhi and Eriksen, 2011). Recent studies showed
how cognitive and brain reserve can prevent detrimental brain
aging. Cognitive activities in lifetime boost brain resilience
against aging and neurodegenerative disease, this process is
known as cognitive reserve (CR) (Schweizer et al., 2012).

In addition, evidence indicates that early bilingualism has
defensive effects on our aging brain (Igbal and Grundke-Igbal,
2010; Alkadhi and Eriksen, 2011; Boissy et al., 2011; Hughes
et al, 2012; Schweizer et al, 2012; Abutalebi and Weekes,
2014; Isopi et al., 2015; Perani and Abutalebi, 2015; Bialystok
et al, 2016; Perani et al., 2017). However, it is still debated
whether language learning in older monolingual individuals can
bring neuroplastic changes on the brain, since life-long bilingual
older adults show increased functional connectivity compared to
monolingual individuals (Grundy et al., 2017), the investigation
focused on the reorganization of distributed brain networks
after learning a second language. Few studies have examined
differences in language experiences in older adults, especially of
a language learning experience later in life (Grady et al., 2015).

Recent works of Grundy et al. (2017), Anderson et al. (2018),
DeLuca et al, 2019, and Rosselli et al. (2019) analyzed brain
and cognitive modifications effects of bilingualism in young and
old adults.

Learning a foreign language could improve cognitive plasticity
as this learning task requires the recruitment of extensive neural
networks and stimulates different cognitive abilities such as
working memory, inductive reasoning, sound discrimination,
speech segmentation, task switching, rule learning, and semantic
memory (Ware et al., 2017).

Therefore, tests showed that learning a second language
during adulthood may exert neuroprotective effects, promote
strengthening of brain networks, and improve cognitive reserve
(Stern, 2001). Since pharmacological tools with a long-
term efficacy to prevent or delay dementia are still missing
(Extance, 2010; Collis and Waterfield, 2015; Selkoe and Hardy,
2016), simple and affordable non-pharmacological solutions
should be improved in order to train our brain before
neurodegenerative condition.

Many studies have investigated the neuroprotective effects of
bilingualism in different settings (Gold et al., 2013; Green and
Abutalebi, 2013; Gold, 2015; Houtzager et al., 2017), however,
it is still largely unknown whether a late intervention is, similarly,
effective in monolingual elderly healthy individuals. In addition,
functional and structural changes occurring in the brain and
underpinning the protective effect of bilingualism have been only
partially investigated.

To fill the gap on the effects of late second language learning
on brain connectivity, tests concerned the effect of a 4 months
intervention focused on learning a second language.

The stimulation of language skills can indirectly stimulate
different cognitive abilities (Kowoll et al., 2016; Schroeder and
Marian, 2017) and indirectly, eventually counteract detrimental
brain aging boosting cognitive abilities. A controlled intervention
study, in which 14 healthy Italian-speaking adults were subjected
to a 4 months English course, was performed. The objectives
of the study were the effects on cognitive status, which were
assessed with a comprehensive neuropsychological battery and
brain functional connectivity, which was measured by resting-
state functional magnetic resonance imaging (rs-fMRI). Subjects
underwent rs-fMRI and neuropsychological assessment before
and after the language course; the results were compared with
those of a control group of monolingual Italian-speaking elderly
subjects who did not change their daily habits during the
period of the study.

MATERIALS AND METHODS
Study Description

The Ethic Committee of University “G. d’Annunzio” of Chieti
approved all procedures and all experiments were performed
in accordance with the relevant guidelines and regulations.
Thirty participants were recruited from the local community
and randomly assigned to one of two groups (1:1) after giving
informed written consent. One group was involved in a second
language learning course training program, in this case an English
course for beginners, which lasted 16 weeks with 120 min of
training per week. In the current intervention, each training week
consisted of a 1 h and a half classroom session, interspersed
with 15 min break and half an hour of homework exercises.
The intervention consisted of group lessons with a native
teacher. Throughout the intervention, the participants worked
on improving their English skills. They acquired basic vocabulary
and grammar skills, so they could start communicating in English
in everyday social situations. They also learned about British and
American English traditions, customs and culture. Participants
further developed their speaking and writing skills. They worked
on team projects, which provided ample opportunities to practice
oral and written communication in English. Participants focused
on developing their grammar and vocabulary in areas such as:
traveling, shopping and family. All participants were assessed
qualitatively by the native teacher at the beginning and at the
end of the course.

The control group also completed pre- and post-tests but did
not engage in training. In addition, all participants completed a
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neuropsychological battery prior to and following the training
period. Control participants received each month a telephone call
to make sure they did not change their lifestyle over the 4 months
of the study. According to prior cognitive training research, the
battery of tasks measured multiple cognitive abilities, including
measures of executive functions, working memory, episodic
memory and fluid intelligence. In addition to neuropsychological
examination, participants underwent an rs-fMRI acquisition
pre- and post-training; the same procedure was applied for
the control group.

Participants

Among the enrolled 30 participants, 26 finished the study (12 in
the control group and 14 in the intervention group). Two did
not accept to be re-tested at the post-training condition phase,
one did not attend enough lessons and another one did not meet
inclusion criteria for a re-test. The enrolled participants were
right-handed subjects of both genders, aged between 59 and 79
years old. Exclusion criteria were a suspected of cognitive decline
after the neuropsychological assessment as well as disorders
affecting safe engagement in the intervention (i.e., depression,
symptomatic cardiovascular disease, severe self-reported loss
of vision, hearing, or communicative ability and coincident
participation in another intervention trial, together with any
contraindication to MRI scanning, including metal implants and
claustrophobia). Smokers and drug abuse subjects were excluded.
Participants were asked to refrain from caffeine and alcohol
for 24 h prior to the fMRI experimental session to control
for external confounders. We randomly assigned participants
into the two groups (1:1). Mastery of English proficiency was
determined by the teacher during the first meeting through
informal conversation and questions concerning the participants’
previous experience with English. All participants were identified
as beginner. It is common that Italian elderly people did not
have English language lessons during their education. Table 1
describes participant characteristics.

Conditions

Participants in the intervention group (12 female, 2 male; average
age = 69.5) underwent a learning program located in the Abruzzo
region. Classes were held by a native English teacher. Participants
in the control group (7 female, 5 male; average age = 65.66) did
not change their daily routine during the 4 months. Subjects were
called monthly; an informal interview was used to ask for changes
in lifestyle. All participants completed the same pre- and post-
cognitive evaluation as well as the rs-fMRI acquisition (for study
design see Figure 1).

TABLE 1 | Participants demographics.

Control group Intervention group

(n=12) (n=14) ANOVA one-way
Age (mean, SD) 65.7 (3.7) 69.5 (5.3) F=4.42,p=0.04
Education 13(2.7) 9.6 (2.9 F =8.43, p =0.008
Sex SM/7F (Y. =41.7)  2M/12F (Y.=14.3) X2 fisher corrected

X2 =2.46,p=0.19

Behavioral Assessment

A comprehensive neuropsychological assessment to investigate
different cognitive abilities was performed at baseline and after
the 4 months intervention. All subjects included in the study,
of both control and intervention groups, completed the tests
for cognitive domains scores. The battery included measures of:
global cognition with a Mini Mental State Examination (MMSE)
test (Measso et al., 1993); attention, in the present case sustained
spatial attention evaluated by Trial Making Test (TMT) A;
divided spatial attention evaluated by with TMT B; cognitive
flexibility TMT AB (Giovagnoli et al., 1996); phonological lexicon
access with a Verbal Fluency Test (FAS), which is also a measure
of the executive functioning domain (Novelli et al., 1986; Bianchi
and Dai Pra, 2008); short and long term episodic memory with
Babcock Memory test (Carlesimo et al., 1996) and executive
functions with the Frontal Assessment Battery (FAB) test (Lezak
and Lezak, 2004; Appollonio et al., 2005). This procedure was
repeated at the post-test phase and these scores were analyzed
using Statistical 8 and Statistical Package for Social Sciences
(SPSS, Inc, Chicago), version 15.0.T.

Behavioral Analysis

Arithmetic mean and standard deviation, as well as median,
percentage and range were used to report the general
characteristics of the study population and controlled between
group using t-test or Chi-square statistic (Table 1). To compare
the intervention group and the control group at enrollment,
general linear model statistical test was performed. The analyzed
outcomes were the pre- and post-differences in performance.
To indicate statistical difference, two-tailed P-value of less than
0.05 was considered. The baseline cognition was included as a
covariate. The significance threshold was further adjusted for
multiple comparisons using Bonferroni’s correction. This data
analysis was carried out using the software Statistica 8.

Imaging Procedure

Images were acquired with a Philips Achieva 3 Tesla scanner
(Philips Medical Systems, Best, Netherlands) using a whole-
body radiofrequency coil for signal excitation and an 8-channel
phased-array head coil for signal reception. A high-resolution
structural volume was first acquired using a 3D fast field
echo T1-weighted sequence (sagittal, matrix 240 x 240,
FOV = 256 mm, slice thickness = 1 mm, no gap, in-plane
voxel size = 1 x 1 mm, flip angle = 8°, TR = 8.2 ms and
TE = 4 ms). Afterward, the data from Blood Oxygen Level
Dependent (BOLD) fMRI were obtained using a gradient-echo
T2*-weighted echo-planar (EPI) sequence with the following
parameters: matrix 64 x 64, voxel size 3.6 mm X 3.6 mm X 5 mm,
SENSE 1.8, TE = 30 ms, TR = 1.1 s. Three runs were
acquired, with 300 volumes per run. During fMRI, cardiac (ppu)
and respiratory (belt) data were also acquired. Physiological
signals were recorded using a pulse oximeter placed on a
finger of the left hand and a pneumatic belt strapped around
the upper abdomen. Cardiac and respiratory data were both
sampled at 100 Hz and stored by the scanner software in a
file for each run.
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FIGURE 1 | Study design. The pictogram illustrates the study design paradigm.
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fMRI Data Pre-processing

AFNI Software was used to perform the analysis of fMRI data'. To
allow T1 balancing equilibration of the MR signals, the first five
volumes of each functional run were discarded. First, despiking
(AFNT’s “3d Despike”) was performed to remove transient signal
spikes from the EPI time series, followed by RETROICOR (Glover
et al., 2000) to remove signal fluctuations related to cardiac
and respiratory cycles and slice scan time correction. Motion
correction was performed using rigid body registration of EPI
images to the sixth volume of the first run. To remove further
physiological and hardware related confounds, ANATICOR
(Jo et al,, 2010) was employed for additional pre-processing.
A global nuisance regressor was obtained extracting the EPI ave-
rage time course within the ventricle mask and local nuisance
regressors were obtained calculating for each gray matter voxel the
average signal time course for all white matter voxels withina 3 cm
radius (Jo et al., 2010). AFNI's @ANATICOR was used to remove
nuisance regressors and the six regressors derived from motion
parameters from the EPI timeseries of each run. Structural scans
segmentation done by FreeSurfer’ permitted to obtain individual
masks of large ventricles and white matter. Then we performed a
co-registration to EPI using an affine transformation.

Finally, preprocessed functional scans were normalized to
the MNI space, spatial smoothing (6 mm FWHM), and band-
pass filtering (0.01-0.1 Hz) were performed. The framewise
displacement (FD) and the root average square value of the
differentiated BOLD timeseries were calculated (DVARS) within

Yafninimh.nih.gov/afni
Zhttp://surfer.nmr.mgh.harvard.ed

a whole brain spatial mask. Quality control measures to
inspect between-groups differences of motion effects, which
could potentially not be calculated, were added in the special
registration and regression of motion parameters accounted
by spatial registration and regression of motion parameters
(Power et al., 2012, 2014).

Functional Connectivity Analysis

First of all, seed-based resting state connectivity maps were
created for individual subjects calculating the Pearson correlation
coefficient (r-value) between the Posterior Cingulate Cortex
(PCCQ) of the Default Mode Network (DMN) time series and the
time series at each voxel. The PCC time series was derived by
averaging the time courses of voxels inside a sphere with a 6 mm
radius (Table 2). Individual correlation maps were converted
using the z-Fisher transformation (z = atanh (r), where r is the
correlation coefficient) to approach a normal distribution before
calculating the random effect group analysis.

A one-sample ¢-test was performed on the z-Fisher maps to
obtain group statistical functional connectivity maps, separately
for the control and the intervention groups. These group
statistical maps were thresholded at p < 0.05 corrected for
multiple comparisons using False Discovery Rate (FDR) and
were utilized to visually inspect the level of connectivity for the
two groups. Then, to quantify statistically significant differences
across groups and time, a number of spherical nodes (6 mm of
radius) for each region, which is known to have a correlation,
were defined using independent coordinates from the literature
(see Table 2). The examined nodes have been chosen to be
correlated, that is they increase their activity simultaneously,
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TABLE 2 | Principal brain networks investigated in MNI coordinates.

Brain
X y z Seed Brain region network
0 —51 29 PCC Posterior cingulate cortex DMN
—-32 16 -8 LAIFO Anterior insula frontal operculum SLN
27 3 57 FEF Frontal eye field DAN
—56 —44 22 LTRJ Temporal parietal junction LAN
1 —87 -2 LG Lingual gyrus VIS
—51 —-18 7 L STG Superior temporal gyrus AUD
—-52 -9 31 PCGL  Pre-central gyrus MOT
—51 —54 37 LIFC Bilateral parietal cortex FPCN
—-13 —-14 4 IPG Inferior parietal gyrus CEN

or anti-correlated, i.e., they decrease their activity with the PCC
(Esposito et al., 2018).

This procedure was utilized in order to avoid circularity
problems in the analysis (Kriegeskorte et al., 2009). Individual
connectivity values were extracted from these regions of interest
(ROI) and compared across groups and conditions using a
repeated measure analysis based on multivariate modeling
(MVM) approach as implemented in R Software (Chen et al.,
2014). A multivariate, seed-based approach was employed to
assess functional connectivity in brain networks simultaneously
by including a seed for the DMN (the posterior cingulate cortex,
or PCC). This seed-approach is useful for distinguishing network
activity between groups of participants, and for distinguishing
connectivity patterns that differ across brain regions (Campbell
et al., 2013). Although there are conflicting opinions (Mineroft
et al, 2018 DeLuca et al, 2019), multifaceted cognitive
abilities (and language is one of those) depend on multiple
mental processes that engage different large-scale functional
networks including parietal, frontal and temporal cortical regions
of the brain. In particular, executive processes involved in
second language learning (including cognitive control, semantic
processing, and working memory) are supported by DMN,
executive control network (ECN) and language network (Varela
et al., 2001; Woolgar et al., 2017). Since the DMN has been
shown to be involved in age related changes, which are reflected
in both within and between network connectivity modifications
(Wu J.-T. et al,, 2011; Esposito et al., 2018), the PCC (which
is considered the main hub of the DMN) was chosen as a seed
region for our analysis.

In contrast, choosing a seed region of the language network
could have limited the investigation of potential plasticity effects
due to the present training in regions not strictly linked to
linguistic aspects.

Furthermore, semantic/conceptual processing engages regions
of both DMN and language network (Chen et al., 2006; Toro etal.,
2008; Uddin et al., 2009).

Data were analyzed with a linear mixed effects model in R3,
which estimates both parameters using Maximum Likelihood
Estimation and effects using specific contrast matrices. The fixed
factors were defined as the group (control versus intervention)
and time (TO versus T1), and the subject of either group

was entered as a random factor. By considering the nine
ROIs, the number of statistical tests which were performed
were 18 comparisons. To prevent Type I error, contrasts
were both assessed at p < 0.05 corrected for Bonferroni
multiple comparisons.

fMRI Data Analysis and Cognition

Pearson’s correlation analysis was performed in each group
separately to examine the association between cognition (MMSE
corrected score for age and education) and functional variables
(connectivity signal variation in regions showing between-group
effects). Sex and educational level were also included as a
co-variate. Statistical Package for Social Sciences (SPSS, Inc,
Chicago), version 15.0.T was used for the purpose. Statistical
significance for correlation analysis was set at p < 0.05, corrected
for multiple comparisons using Bonferroni correction.

RESULTS

Results of the study indicate that a 4 months second language
learning intervention improves global cognitive performances
and reorganizes functional connectivity.

Cognitive Performances

Control and intervention subjects were evaluated at the baseline
phase (T0) and at the end of the 4 months (T1) period for their
neuropsychological abilities. Four subjects were excluded, one
did not observe inclusion criteria [had periventricular nodular
heterotopia (PNH)], two did not accept to be retested at post-
training condition, and one did not attend a sufficient percentage
of lessons. We observed slight differences between group in terms
of age (Control group Mean: 65.7, SD 3.7; Intervention group:
Mean 69.5, SD 5.3; One-Way ANOVA F = 442, p = 0.046)
and education (Controls: Mean 13.0, SD 3.0; Intervention group
Mean 9.6 SD 2.9; One-Way ANOVA F = 8.43, p = 0.0008).
A detailed description of statistical analysis results can be seen
in Table 1. The normality of the distribution was controlled by
Kolmogorov-Smirnov test (Ksd d = 0.11, p > 0.20). Statistically
significant differences in MMSE score were found within and
between the two groups at both TO and T1 (p = 0.009). In
more details, the two groups significantly differ at TO0, with the
control group performing better than the intervention group
(29.35 versus 27.23, Duncan post hoc p = 0.001); on the contrary,
the between group difference disappeared at T1 (28.28 versus
27.81, Duncan post hoc p = 0.42). In fact, only the control group
significantly decreased its performances over time (29.35 versus
28.28 Duncan post hoc p = 0.017), whereas the intervention group
remained stable (27.23 versus 27.81) (see Table 3 and Figure 2).
Since language is a task that involves many cognitive abilities,
several cognitive domains were investigated for this purpose, but
all these domains were involved in the aging-related cognitive
decline. Therefore, the performance in prose memory was then
studied using the prose memory test (Babcock story version A)
(Horner et al, 2002), a test that investigates short-term and
long-term memory. The performance of both groups in their
attention skills was evaluated by using TMT (Giovagnoli et al.,
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TABLE 3 | MMSE values; Group O is referred to Control group while Group 1 is
referred to Intervention group.

MMSE score
Group 0 Group 1
Mean SD Mean SD

TO 29.35 1.18 27.23 1.72
™ 28.28 1.76 27.81 1.01

F DF P Duncan post hoc effect
Within effect (Time) 0.68 1.24 0.419 0.549 -
Between effect (Group) 6.88 1.24 0.015 0.015 Group 0 > Group 1
Quadratic interaction 7.98 1.24 0.009 0.017 Group O TO > Group O T1

(Group x Time)
017
0.001
0.422

Group 1 TO = Group 1 T1
Group 0 TO > Group 1 TO
Group O T1 =Group 1 T1

1996), a test that analyzes visual attention and task switching. The
results of different subsets, A and B (Test-A: sustained attention;
Test B: divided attention; and Test B-A: task coordination and
set-shifting) were also analyzed.

Moreover, Frontal Assessment Battery (FAB) (Dubois
et al, 2000; Cyarto et al, 2010) test and Verbal Fluency
(FAS) (Tombaugh et al, 1999; Costa et al., 2014) test were
performed: they are two tests that are employed to evaluate the
functioning of frontal lobes (FAB) as well as attention or lexical
production (FAS) (see Table 4).

Finally, the subject autonomy for daily and instrumental
activities (ADL, IADL) (Song et al, 2014) was
investigated. No statistically significant differences were
found within and between the groups for these tests
(see Supplementary Figure 1).

Brain Functional Connectivity
Performing MVM FMRI interaction analysis between baseline
(T0) and after 4 months (T1) in both groups (ANCOVA

interaction, p = 0.001, FDR corrected), significant connectivity
changes in specific areas of language network (LAN) and control
executive network (CEN) were found (Figure 3). All FMRI
data were controlled for age and education, entering these
variables as co-variates. Significant (p < 0.001) longitudinal
increases were found in the intervention group in the LAN
for the strength of functional connectivity in the right inferior
frontal gyrus (rIFG) (MNI 35.5, 27.5, —11.5) and in the
right superior frontal gyrus (rfSFG) (MNI 14.5, 54.5, 30.5)
regions (t-test between TO and T1, p = 0.001, ¢t = 3.703,
Figures 4, 5). Moreover, CEN network revealed a change in the
strength of functional connectivity in the trained group in the
superior parietal lobule (SPL), (MNI —24.5 —56.5 60.5), (SPL;
t-test between TO and T1 in the training group, p = 0.001;
t =3.703, Figure 6).

Analysis of the other Resting State Networks (RSNs, Table 2)
did not show significant modifications.

Finally, a Pearson Correlation analysis between significant
neuropsychological results and fMRI data was performed.

TABLE 4 | Neuropsychological performances.

Intervention TO Intervention T1 Controls TO Controls T1 p
Mean/SD Mean/SD Mean/SD Mean/SD

Global cognition
MMSE 27.23/1.66 27.81/0.97 29.35/1.13 28.28/1.68 0.009*
Speed attention
TMT A 33.78/27.74 26.90/16.40  62.91/42.11 49.91/23.18 0.61
T™MT B 58.35/68.16 55.85/60.99  83.25/38.39 72.66/28.80 0.62
TMT AB  18.60/31.69 25.95/54.41 20.83/61.50 29.08/11.67 0.96
Immediate and delayed verbal memory
IR 6.75/1.95 7.67/0.98 6.37/1.50 7.08/1.47 0.79
DR 6.73/1.50 7.64/1.08 6.36/1.43 6.83/1.34 0.55
Language
FAS 36.5/6.86 37.42/8.53 34.42/9.46  35.3/9.13 0.98
Executive functions
FAB 17.10/1.32 17.14/1.47 17.14/1.2 17.04/1.53  0.90

Means and standard deviation. *Indicates p < 0.05.
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FIGURE 2 | Second language learning positively affects global cognition performances. Histograms depict results of neuropsychological evaluation in control (A) and
intervention (B) groups at the beginning of the study (Pre) and after 4 months (Post). Graphs show results, expressed as means of MMSE and SEM. The trained
group shows, after 4 months (T1), a statistically significant improvement compared to control group.
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FIGURE 3 | Second language learning improves neuronal connectivity: effects in the Language Network (LAN) and in the Central Executive Network (CEN). The
graphics depict the connectivity values from rIFG (A), rSFG (B), and SPL (C) extrapolated from control and intervention group difference (T1-TO0). *Indicates p < 0.05
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(o < 0.05, FDR corrected).

FIGURE 4 | rIFG of LAN network connectivity, non-radiological system L = L. Results from the right inferior frontal gyrus (rIFG, MNI 35.5 27.5 —11.5) from
multivariate modeling (MVM) approach correlation analysis is displayed. BOLD connectivity showed a greater increase in the rlFG from pre- to post-training

(o < 0.05, FDR corrected).

FIGURE 5 | rSFG of LAN network connectivity, non-radiological system L = L. Results from the right superior frontal gyrus (rSFG MNI 14.5 54.5 30.5) from
multivariate modeling (MVM) approach correlation analysis is displayed. Connectivity values showed a greater increase in the rSFG from pre- to post-training

The relationships between longitudinal functional connecti-
vity changes and global cognition changes were assessed by
extracting connectivity values from the mean values of the
voxels in the cluster showing a group x time interaction effect
on connectivity.

For the trained group, a positive significant correlation
between the strength of functional connectivity in rSFG and the
global cognition abilities (Pearson r = 0.4255, p = 0.03) was found.

Changes in connectivity values correlated positively with
changes in MMSE score, and all this supported the hypothesis
that all the observed changes in the treated group were driven by

the language learning course exposure and not by the 4 months
time interval. A detailed description of correlation analysis is
shown in Figure 7.

To consider the possible confounding effect of differences in
MMSE between groups at baseline phase, the MMSE at TO was
entered as a co-variate in the general linear model analysis. Also
in this case, results remained significant in the rIFG [p = 0.02,
F(1,23) = 5.68] and in the rSFG [p = 0.04, F(1, 23) = 4.70] instead
SPL showed only a statistical trend [p = 0.08, F(1, 23) = 3.13].

Moreover, to verify if the MMSE differences were linked
to connectivity changes, GLM between A (T1 minus TO)
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FIGURE 6 | SPL of CEN network connectivity, non-radiological system L = L. Results from the superior parietal lobule (SPL MNI —24.5 —56.5 60.5) from multivariate
modeling (MVM) approach correlation analysis are displayed. Connectivity values showed a greater increase in the SPL from pre- to post-training (o < 0.05,

FDR corrected).
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FIGURE 7 | Pearson correlation of global cognition differences between
T1 -TO (AMMSE) and connectivity differences values for right superior frontal
gyrus (ArSFG).

connectivity values for LAN and CEN clusters and the A
MMSE was performed.

Results were significant for rSFG [p = 0.012, F(1, 23) = 7.35]
and for rIFG [p = 0.013, F(1, 23) = 7.08]; SPL showed,
however, a trend [p = 0.08, F(1, 23) = 3.13] Yates corrected
Chi-square. (Figure 3)

Only in the intervention group there was a significant change
in both functional and behavioral measures after intervention,
thus supporting the initial hypothesis that language learning
training can improve cognition in healthy elderly subjects.

The present data were also controlled for age and educational
level, in this case results were significant for rIFG [p = 0.024,
F(1, 21) = 5.89], instead rSFG showed, however, a trend
[p = 0.07, F(1, 21) = 3.59] and SPL was not significant for this
condition [p = 0.39, F(1, 21) = 0.73].

DISCUSSION

The present study aimed at investigating neuroplastic-related
effects of second language learning in terms of cognitive and
brain networks functional connectivity changes. For this purpose,

two groups of healthy elderly undergoing 4 months of second
language learning course were tested. Resting-state fMRI was
employed to observe effects on brain functional connectivity
and cognition. Short-term longitudinal changes in functional
connectivity together with an improvement in global cognition
were also observed. Three new findings can be detected through
the present study: an increase in global cognition scores in
the intervention group (1), a significant short-term increase
in functional connectivity in language network and CEN. The
present work showed a significant longitudinal increase in the
right inferior frontal gyrus and in the rSFG regions. Analysis
of the CEN revealed a change in the strength of functional
connectivity in the superior parietal lobule (2). Rate of change
in global cognition was positively correlated with functional
connectivity improvements, suggesting a relationship between
behavioral change and functional alterations (3). There are
several studies showing an improvement in cognition after
physical or cognitive training or combined (Colcombe et al,
2006; Voss et al., 2010; Erickson et al., 2011; Kivipelto et al.,
2013; Carlson et al., 2015; Ngandu et al., 2015). As far as one
can know, this is the first study demonstrating an impact of
short-term second language learning on cognition along with
functional connectivity of language and control network in
aging. Studies report brain connectivity changes in response to
cognitive learning, motor training or both (Pieramico et al.,
2012; Antonenko and Floel, 2014). Nevertheless, as far as
the authors’ know, functional neuroplastic effects of a short
language learning intervention in healthy elderly individuals,
have not been analyzed with functional magnetic resonance
(fMRI) methods (Antoniou et al., 2013).

The present results showed increased functional connectivity
in the language network, in particular in right inferior frontal
gyrus and rSFG, together with the left parietal lobule of the
control network. These regions are critical for different processes.
The right inferior frontal gyrus, which is involved in inhibition
and attentional control, also known as Brodmann Area 44, has
been implicated in go/no go tasks (Hampshire et al., 2010), more
specifically it runs impulse control through inhibition. This kind
of process is needed in the switching between two languages in
bilingual people, and it has been shown that it can protect brain
in dementia condition (Luk et al., 2011b; Green and Abutalebi,
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2013; Costa and Sebastian-Gallés, 2014; Rossi and Diaz, 2016).
The rSFG is involved in control of impulsive response, a hallmark
of cognitive control (Hu et al, 2016). The superior frontal
gyrus (SFG) is located at the superior part of the prefrontal
cortex and is involved in a variety of functions, it has also
been parcellated in subregions which are: anteromedial (SFGam),
dorsolateral (SFGdI), and posterior (SFGp) subregions which
were divided according to the diffusion tensor tractography
(Li et al,, 2013; Hsiao et al., 2015). The SFGam is anatomically
connected with the anterior and mid-cingulate cortices, which
are critical nodes of the cognitive control network and the
default mode network. The SFGdl was connected with the middle
and inferior frontal gyri, which are involved in the executive
network. The SFGp was connected with the precentral gyrus,
caudate, thalamus, and frontal operculum, which are nodes of
the motor control network. Resting-state functional connectivity
analysis further revealed that the SFGam is mainly correlated
with the cognitive control network and the DMN; the SFGdI was
correlated with the cognitive execution network and the DMN;
and the SFGp was correlated with the sensorimotor-related brain
regions. The LPL is involved in retrieval of learnt facts and
these are also involved in conceptual decisions on object names
(Cappelletti et al., 2010). The present results are in line with and
corroborate previous studies indicating the role of those brain
regions in control processes. Also in bilingual or multilingual
people, between-language competition requires neuronal effort
to suppress activation of the non-target language (Marian et al.,
2014, 2017). This neural effort is supposed to be involved in
protecting against pathological aging and in the dementia delay
(Abutalebi and Weekes, 2014; Alladi et al., 2014; Bak et al., 2014;
Bialystok et al., 2016).

It has already been discussed that functional brain
connectivity may be sensitive to disease-specific network changes
in neurodegenerative diseases (Pievani et al., 2011). Assessed with
resting-state connectivity, fMRI has shown distinct patterns of
network disruption across the major neurodegenerative diseases.

Different works show how default mode network undergoes
functional anomalies in Alzheimer Disease (AD) (Wu X.
et al., 2011) or functional changes in the salience network in
frontotemporal dementia (Filippi et al., 2017).

Properties of brain networks in healthy controls, compared
to patients with behavioral variant of frontotemporal dementia
(bvFTD) and patients with early-onset Alzheimer disease
(EOAD) has been observed with graph analysis, a method
for the analysis and representation of complex networks. In
those studies, DMN is crucially impaired in AD, whereas ECN,
dorsolateral prefrontal attention network, and semantic appraisal
network are impaired in bvFTD. It can be hypothesized that
the observed changes in LAN and CON in healthy aging can
indirectly modify the functional connectivity of DMN together
with other main brain networks. The brain is intrinsically
organized into dynamic, correlated and anticorrelated functional
networks, second language learning can longitudinally preserve
principal network from deterioration (Fox et al., 2005). Moreover,
plastic changes in the language network are, in the present
work, lateralized to right hemisphere. Language functions are
normally lateralized to the left hemisphere for right handed

individuals. However, plasticity changes in the right hemisphere
were observed. This could be expected in the case of second
language acquisition whose process showed in adults right
hemisphere involvement as well (Briganti et al., 2012; Plante
et al, 2015). Moreover, other studies on bilingualism have
provided evidence of reduced left lateralization (i.e., greater right
hemisphere participation) for verbal tasks performed using the
second language rather than the first, suggesting that the right
hemisphere plays a role in the early stages of both child and adult
language acquisition (Oxford and Ehrman, 1995).

This result can be explained with recent findings indicating
that learning a second language triggers the recruitment of
contralateral brain areas. With diffusion tensor imaging (DTI)
measuring resting-state functional connectivity in monolingual
and bilingual older adults, Luk et al. (2011a,b), showed higher
white matter integrity in bilingual older adults, primarily in
the corpus callosum connecting the two hemispheres but
also extending to bilateral superior longitudinal fasciculi, right
inferior frontal-occipital fasciculus and uncinate fasciculus. Luk
and colleagues, with a resting-state functional connectivity
analysis, showed that, while both monolinguals and bilinguals
had correlating brain activity with contralateral regions at rest,
bilinguals had increased anterior-posterior connectivity.

The present work shows that the approach of characterizing
the brain as a network using rs-fMRI and MVM analysis can
provide new insights into how language learning affects brain
function and functional connectivity in aging.

Several protocols have been used with the purpose of
maintaining healthy cognitive functions (Cotlarciuc et al,
2016; Brem and Sensi, 2018). In a recent study, Ware
et al. (Ware et al, 2017) have shown that computer-assisted
learning of a second language leads to social and motivational
benefits, although they did not investigate different cognitive
domains. In the present study, subjects were tested with
a comprehensive battery for cognitive abilities as well as
for changes in brain functional connectivity. Brain plasticity
and potential reorganization against behavioral and functional
brain deterioration were investigated. These results are in
line with studies showing changes in brain reserve and
metabolic connectivity in bilinguals (Li et al., 2017; Perani
et al, 2017). The results of the analysis indicate beneficial
effects of second language learning late in life on global
cognition. Despite starting from a lower global cognitive level,
the intervention group reached a higher global cognition
improvement (MMSE TO MEAN = 27.23, SD = 1.66; T1 MEAN =
27.81, SD = 0.97), in comparison to the control group
(TO MEAN = 29.35,SD =1.13; T1 MEAN = 28.28, SD = 1.68).

Learning a new language, also late in life, is a big cognitive
challenge (Blumenfeld et al., 2017). The present work
supports the idea that the aging brain is a dynamic set of
biological features that can plastically reorganize against
pathological decline. Achieving positive results is possible
thanks to a reorganization of a set of brain mechanisms,
including adult neurogenesis, synaptic changes, dendritic
branching, axon sprouting or changes in the number and
morphology of glia cells, for both astrocytes and microglia
(Wenger et al., 2017).
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In the field of non-pharmacological stimulation against
pathological aging, the present results suggest that rs-fMRI
can be used to detect connectivity changes after a period
of 4 months, demonstrating sensitivity of BOLD signal as
an imaging biomarker for functional connectivity short-term
changes in aging. Thanks to the adaptive and plastic structure of
our brain, even late in the elderly, the brain is able to respond
dynamically to cognitive challenges. It remains to be investigated
whether such brain changes will be maintained over time.

However, some technical limitation must be included. The size
of the present cohort is relatively small, and the training effects of
the intervention group were compared with those of a passive,
but not an active, control group.

Collectively, our findings show that just 4 months of learning
a second language leads to functional reorganization processes
in the mature human brain together with an improvement in
global cognition. These findings crucially complement current
neural concepts of neuroplasticity in aging brain, a condition that
can delay any pathological cognitive process and dementia. The
current study gives a contribution in the field of brain training.
The concept of brain and cognitive reserve, that is the brain
resilience capacity (Stern, 2012), become a resource that could be
one shock-absorber for pathological aging and can be increased
even later in life.

The present study confirms the ability-capability of the aging
brain in reorganizing neural networks maintaining and even
improve mental functioning despite aging.

CONCLUSION

In conclusion, the present results demonstrate that longitudinal
changes in functional connectivity and in cognition can be
detected over an interval of merely 4 months in middle-aged and
older adults. Furthermore, connectivity changes differed between
the control and the intervention groups, suggesting a positive
impact of second language learning on short-term functional
connectivity trajectories.

Change in global cognition performances addressed by the
present intervention, correlated positively with the rate of change
in the bold signal. This can support rs-fMRI as a behaviorally
relevant imaging biomarker.

Aging is paralleled by an increase in deterioration of cognitive
abilities, however, with a simple, short and economic training,
robust effects in terms of brain connectivity, global cognition
functioning, and brain plasticity can be provided. Challenging
aging with a learning stimulation can be a powerful tool to
reorganize neuronal networks and cognitive behavior with the
involvement of boosted neuronal activity.

Brain dynamism of the aging system can be more consistent
and can bring global improvement taking advantage of
mechanisms like cognitive reserve and functional plasticity
(Greenwood and Parasuraman, 2003).

A simple and short cognitive intervention can be designed to
improve cognition supported by the reorganization of functional
brain circuitry and the increase in neuronal structures. A picture
of a static decline with aging can be easily improved with a

dynamic way of life, by means of stimulation to continuous
learning of new knowledge and with healthy and dynamic
lifestyles. These results should consider that a second language
learning program, even late in life, can be considered a
non-pharmacological treatment able to counteract cognitive
aging along with the onset of dementia. Learning a second
language is a powerful tool that can be part of a healthy
lifestyle program that can preserve brain plasticity in aging
individuals. Further studies are needed to explore whether these
improvements are long-lasting or are reverted at the end of the
training period.
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FIGURE S1 | Second language learning affects cognitive performances.
Histograms depict measures of neuropsychological evaluation in control and
intervention groups at the beginning of the study (Pre) and after 4 months (Post).
Graphs show results, expressed as means and SEM for the performance of both
groups in their sustained attention skills using TMT_A test for controls (A) and
interventions (B), divided attention (TMT_B) for controls (C), and interventions (D);
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A Corrigendum on

Effects of Second Language Learning on the Plastic Aging Brain: Functional Connectivity,
Cognitive Decline, and Reorganization

by Bubbico, G., Chiacchiaretta, P., Parenti, M., di Marco, M., Panara, V., Sepede, G., et al. (2019).
Front. Neurosci. 13:423. doi: 10.3389/fnins.2019.00423

In the original article, the statistically significant differences in the MMSE scores between the
two groups were incorrect. A correction has been made to the Results, subsection Cognitive
Performances, paragraph one:

Control and intervention subjects were evaluated at the baseline phase (T0) and at the end of
the 4 months (T1) period for their neuropsychological abilities. Four subjects were excluded, one
did not observe inclusion criteria [had periventricular nodular heterotopia (PNH)], two did not
accept to be retested at post-training condition, and one did not attend a sufficient percentage
of lessons. We observed slight differences between group in terms of age (Control group Mean:
65.7, SD 3.7; Intervention group: Mean 69.5, SD 5.3; One-Way ANOVA F = 4.42, p = 0.046) and
education (Controls: Mean 13.0, SD 3.0; Intervention group Mean 9.6 SD 2.9; One-Way ANOVA
F = 8.43, p = 0.0008). A detailed description of statistical analysis results can be seen in Table
1. The normality of the distribution was controlled by Kolmogorov-Smirnov test (Ksd d = 0.11,
p > 0.20). Statistically significant differences in MMSE score were found within and between the
two groups at both TO and T1 (p = 0.009). In more details, the two groups significantly differ
at TO, with the control group performing better than the intervention group (29.35 versus 27.23,
Duncan post hoc p = 0.001); on the contrary, the between group difference disappeared at T1 (28.28
versus 27.81, Duncan post hoc p = 0.42). In fact, only the control group significantly decreased its

Frontiers in Neuroscience | www.frontiersin.org 58

February 2020 | Volume 14 | Article 108


https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org/journals/neuroscience#editorial-board
https://www.frontiersin.org/journals/neuroscience#editorial-board
https://www.frontiersin.org/journals/neuroscience#editorial-board
https://www.frontiersin.org/journals/neuroscience#editorial-board
https://doi.org/10.3389/fnins.2020.00108
http://crossmark.crossref.org/dialog/?doi=10.3389/fnins.2020.00108&domain=pdf&date_stamp=2020-02-19
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org
https://www.frontiersin.org/journals/neuroscience#articles
https://creativecommons.org/licenses/by/4.0/
mailto:maurogianni.perrucci@unich.it
mailto:gianni.perrucci@gmail.com
https://doi.org/10.3389/fnins.2020.00108
https://www.frontiersin.org/articles/10.3389/fnins.2020.00108/full
http://loop.frontiersin.org/people/199862/overview
http://loop.frontiersin.org/people/429927/overview
http://loop.frontiersin.org/people/639400/overview
http://loop.frontiersin.org/people/689047/overview
http://loop.frontiersin.org/people/394612/overview
http://loop.frontiersin.org/people/132502/overview
https://doi.org/10.3389/fnins.2019.00423
https://doi.org/10.3389/fnins.2019.00423

Bubbico et al.

Aging Brain Plasticity: Connectivity and Reorganization

performances over time (29.35 versus 28.28 Duncan post hoc
p = 0.017), whereas the intervention group remained stable
(27.23 versus 27.81) (see Table 3 and Figure 2).

The authors apologize for this error and state that this does
not change the scientific conclusions of the article in any way.
The original article has been updated.

Copyright © 2020 Bubbico, Chiacchiaretta, Parenti, di Marco, Panara, Sepede,
Ferretti and Perrucci. This is an open-access article distributed under the terms
of the Creative Commons Attribution License (CC BY). The use, distribution or
reproduction in other forums is permitted, provided the original author(s) and the
copyright owner(s) are credited and that the original publication in this journal
is cited, in accordance with accepted academic practice. No use, distribution or
reproduction is permitted which does not comply with these terms.
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The need for designing and validating novel biomarkers for the detection of mild
cognitive impairment (MCI) is evident. MCI patients have a high risk of developing
Alzheimer’s disease (AD), and for that reason the introduction of novel and reliable
biomarkers is of significant clinical importance. Motivated by recent findings on
the rich information of dynamic functional connectivity graphs (DFCGs) about brain
(dys) function, we introduced a novel approach of identifying MCI based on
magnetoencephalographic (MEG) resting state recordings. The activity of different brain
rhythms {8, 06, a1, a2, B1, B2, y1, y2} was first beamformed with linear constrained
minimum norm variance in the MEG data to determine 90 anatomical regions of interest
(RQIs). A DFCG was then estimated using the imaginary part of phase lag value (iPLV) for
both intra-frequency coupling (8) and cross-frequency coupling pairs (28). We analyzed
DFCG profiles of neuromagnetic resting state recordings of 18 MCI patients and 22
healthy controls. We followed our model of identifying the dominant intrinsic coupling
mode (DICM) across MEG sources and temporal segments, which further leads to
the construction of an integrated DFCG (iDFCG). We then filtered statistically and
topologically every snapshot of the IDFCG with data-driven approaches. An estimation
of the normalized Laplacian transformation for every temporal segment of the iDFCG and
the related eigenvalues created a 2D map based on the network metric time series of the
eigenvalues (NMTS®99). The NMTS®98 preserves the non-stationarity of the fluctuated
synchronizability of IDCFG for each subject. Employing the initial set of 20 healthy elders
and 20 MCI patients, as training set, we built an overcomplete dictionary set of network
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microstates (n pstates). Afterward, we tested the whole procedure in an extra blind
set of 20 subjects for external validation. We succeeded in gaining a high classification
accuracy on the blind dataset (85%), which further supports the proposed Markovian
modeling of the evolution of brain states. The adaptation of appropriate neuroinformatic
tools that combine advanced signal processing and network neuroscience tools could
properly manipulate the non-stationarity of time-resolved FC patterns revealing a robust

biomarker for MCI.

Keywords: magnetoencephalography, mild cognitive impairment, dynamic functional connectivity, resting state,
brain states, chronnectome analysis, symbolic dynamics, connectomic biomarker

INTRODUCTION

The major cause of clinical dementia in the elderly is that
of Alzheimer’s type (DAT; Qiu et al., 2009), which is mainly
characterized by loss of synapses, the accumulation of the Beta
amyloid protein (AB) and the phosphorylation of the Tau protein.
Due to the progressive loss of synapses, which alters the efficient
communication within and between various brain subsystems,
the DAT may be considered a disconnection syndrome (Delbeuck
et al,, 2003). The pathological changes of DAT start decades
before the first clinical symptoms appear, thus it is important
to design proper analytic pathways for analyzing neuroimaging
datasets via, e.g., the notion of brain connectivity, which allows
the early detecting of such changes (Gomez et al., 2009a; Stam
et al., 2009; Maestu et al., 2015). It is extremely important to
Alzheimer’s disease (AD) research to identify early on preclinical
and prodromal AD as it can assist clinical trials and targeted
interventions (Livingston et al., 2017).

Mild cognitive impairment (MCI) is considered to be
an intermediate clinical stage between the normal cognitive
decline and DAT (Petersen and Negash, 2008). The main
parts of the affected brain during the MCI, apart from those
involved in action and thought, are those related to memory.
For that reason, MCI patients face memory problems on a
higher level compared to normal aged population but with
no prevalent characteristic symptomatology of dementia-like
reasoning or impaired judgment (Petersen et al., 2009). MCI is
a heterogeneous state with different subtypes, which complicates
in many cases the prediction of DAT (Portet et al, 2006).
Additionally, it is also difficult to accurately discriminate
symptomatic predementia (MCI) from healthy aging or dementia
(DAT) (Petersen and Negash, 2008). Despite these difficulties
to achieve an early diagnosis, an accurate identification of MCI
should be attempted. Early diagnosis of MCI, even in the absence
of a healing strategy, is significant for both pharmacological
and non-pharmacological interventions. For that reason, new
tools based on neuroimaging approaches are needed to increase
sensitivity in the detection of MCIL

Analysis of magnetoencephalographic (MEG) recordings
untangled the association between neural oscillations, functional
connectivity assessment and neurophysiological activity (Brookes
et al., 2011). Altered frequency-dependent functional patterns
have been linked to the progression of cognitive decline (Poza
et al,, 2007). Alternative scenarios of analyzing MEG recordings

include single channel analysis, e.g., power analysis, functional
connectivity, and brain network analysis in resting state and
also in task-based experiments (for a review, see Mandal et al.,
2018). Analysis of single channel recordings is a less complex
approach that identified aberrant oscillations in AD primarily
in the left temporal-parietal-occipital brain areas (Gomez et al.,
2009b). Functional connectivity (FC) and effective connectivity
(EC) analysis revealed a loss of connectivity in AD compared to
healthy control (HC) subjects found mostly in higher frequency
bands (Gomez et al., 2017) while multiplex network analysis of
MEG study in AD identified affected regions of the hippocampus,
posterior default mode network (DMN) and occipital areas (Yu
etal.,, 2017). However, the current clinical literature is limited and
no strong conclusion can be drawn.

A recent multicenter MEG study addressed this issue using FC
analysis (Maestu et al., 2015). It revealed hypersynchronization
in MCI as the most discriminative feature of brain connectivity,
mainly over the fronto-parietal and inter-hemispheric links.
This pattern was stable across the five different neuroimaging
centers that participated in the study (Accuracy ~ = 80%),
which might thereby be considered as a preclinical connectomic
biomarker for MCI/DAT. Previous MEG studies based on
connectivity analysis described a less organized functional brain
network, a hypersynchrony in the fronto-parietal network in
MCI subjects (Bajo et al, 2010; Buldu et al, 2011), while
patients with DAT demonstrated a less synchronized brain
network accompanied with cognitive decline (Stam et al,
2009). This hypersynchronization might be a compensatory
mechanism but it cannot be adaptive since the patient’s
network is closer to a random network compared to healthy
elderly controls (Buldu et al, 2011). In a recent MEG study
comparing progressive MCI and stable MCI, authors described
hypersynchronization in the o band between the anterior
cingulate and posterior brain areas in the progressive MCI group
(Lopez et al., 2014).

Spontaneous fluctuations of functional MRI (fMRI)
blood-oxygen-level-dependent (BOLD) signals are temporally
coherent between distinct spatial brain areas and not random.
Biswal et al. (1995) demonstrated that fluctuations from motor
areas were correlated even in the absence of a motor task. FC
based on BOLD signal is modulated by cognitive and affective
states (Richiardi et al,, 2011; Shirer et al., 2012), by learning
(Bassett et al., 2011), and also spontaneously (Kitzbichler et al.,
2009; Britz et al., 2010; Chang and Glover, 2010).
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When non-stationarity is taken into account and a dynamic
functional connectivity (DFC) approach is adopted for studying
FC patterns even in the absence of a task (resting state), more
sophisticated algorithmic analyses should be used. In this line,
two studies have recently been published simultaneously that
presented a data-driven methodology. In the first one, Allen
et al. (2014) proposed a method based on k-means clustering,
aimed at detecting distinct “FC states” in the resting brain.
These authors clearly showed differences from the stationary
static functional brain networks. The second study proposed
a data-driven method focused on extracting, out of hundreds
of functional connectivity graphs (FCGs) in a multi-trial
experimental paradigm, distinct brain states called functional
connectivity microstates (FCpstates; Dimitriadis et al., 2013a).
Both approaches revealed the need of dynamic FC to explore
brain dynamics via the notion of brain connectivity, as it is clear
that brain FC “hops” from one state to another (FCpstate) leading
to a Markovian chain with characteristic favored transitions
between distinct pairs of FCustates (Dimitriadis et al., 2010b,
2013a,b; Allen et al., 2014).

In the last years, an increasing amount of human
brain research based on functional imaging methods
(electro-encephalography: EEG/magnetoencephalography:
MEG/functional Magnetic Resonance Imaging: fMRI) has
adopted a dynamic approach for exploring how brain
connectivity fluctuates during resting-state and tasks alike
(Laufs et al., 2003; Mantini et al., 2007; Dimitriadis et al., 2009,
2010b, 2012b, 2013a,b, 2015a,b,c,d, 2016a,b; Chang and Glover,
2010; Bassett et al., 2011; Handwerker et al., 2012; Ioannides
et al., 2012; Hutchison et al., 2013; Liu and Duyn, 2013; Allen
et al., 2014; Braun et al,, 2014; Mylonas et al., 2015; Toppi
et al,, 2015; Yang and Lin, 2015; Calhoun and Adali, 2016). The
aforementioned studies have demonstrated the superiority of
DEFC as compared to a static connectivity analysis.

In parallel, the concept of cross-frequency coupling (CFC)
is gaining attention lately in the neuroscience community, as
evinced by the increasing number of papers published with the
incorporation of this type of interaction in the analysis (van Wijk
and Fitzgerald, 2014; Dimitriadis et al., 2015a,c, 2016a,b; Florin
and Baillet, 2015; Antonakakis et al., 2016a,b; Tewarie et al,
2016). Specifically, intrinsic coupling modes and especially CFC
bias the task-related response and are sensitive to various brain
diseases and disorders such as DAT, Parkinson, etc. (see, e.g.,
Engel et al., 2013 for a review). More recent studies have shown
that the dynamics of spontaneously generated neural activity
can be informative regarding the functional organization of
large-scale brain networks (Fox et al., 2005; He et al., 2008; Hipp
et al., 2012), revealing intrinsically generated “coupling modes”
at multiple spatial and temporal scales (Deco and Corbetta, 2011;
Engel et al., 2013).

Based on the aforementioned methodological evidence in
microscale, it is significant to explore the repertoire of intra- and
cross frequency interactions across brain rhythms and brain areas
under the same integrated graph model (Dimitriadis et al., 2016a,
2017b, 2018a; Antonakakis et al., 2017).

In a previous study, we demonstrated how to design a
connectomic biomarker for MCI based on source-reconstructed

MEG activity via static brain network analysis (Dimitriadis et al.,
2018a). Here, we extended this work by proposing a scheme to
design a dynamic connectomic biomarker under the framework
of DFC analysis. Additionally, the proposed scheme will be
validated in a second blind dataset (SID did not know anything
about the labels).

To this aim, we analyzed the MEG activity of healthy controls
and MCI patients at resting-state (eyes-open) via DFC analysis.
Based on a previous approach (Dimitriadis et al., 2016a, 2017b),
we detected the dominant type of interaction per pair of MEG
sources and temporal segment (Dimitriadis, 2018). This approach
produced a subject-specific dynamic functional connectivity
graph (DFCG). This approach created a 2D matrix of size
sources X temporal segments that described the evolution of the
eigenvalues across experimental time. Afterward, we used neural
gas to design overcomplete dictionaries for sparse representation
of NMTS8" independently for the two groups (Dimitriadis
et al., 2013a). Then, we validated the whole approach in a blind
dataset to quantify the generalization of the proposed method.

In the Section “Materials and Methods,” we described the
data acquisition, preprocessing steps, information about the
datasets and the proposed methodological scheme. The Section
“Results” is devoted to describing the results—including the
prototypical network FCustates, the accuracy of prediction in
a blind dataset and network-based information of brain states.
Finally, the Section “Discussion” includes the discussion of the
current research results with future extensions.

MATERIALS AND METHODS

Subjects and Ethics Statement

The training dataset includes 18 right-handed individuals with
MCI (71.89 £ 4.51 years of age), and 22 age- and gender-
matched neurologically intact controls (70.91 + 3.85 years of
age) were also recorded. Table 1 summarizes their demographic
characteristics. All participants were recruited from the
Neurological Unit of the “The Hospital Universitario San
Carlos,” Madrid, Spain. They were right-handed (Oldfield, 1971)
and native Spanish speakers. We used also a set of 20 subjects
of unknown label (blind author SD) for further validation
of the proposed dynamic connectomic biomarker (DCB).
Table 2 summarizes the mean and standard deviation of the
demographic characteristics of controls and MCI subjects from
the blind dataset. Including the blind subjects, the total sample
consisted of 29 MCI and 31 controls. At the beginning, we used
18/22 subjects for MCI/control group, correspondingly to train
the algorithm and we kept 20 (nine control subjects and 11 MCI)
for blind classification.

To explore their cognitive and functional status, all
participants were screened by means of a variety of standardized
diagnostic instruments and underwent an extensive cognitive
assessment, as described in Lopez et al. (2016).

Mild cognitive impairment diagnosis was established
according to the National Institute on Aging-Alzheimer
Association  (NIA-AA) criteria (Albert et al, 2011),
with all of them being categorized as “MCI due to AD
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TABLE 1 | Mean =+ standard deviation of the demographic characteristics of controls and MCls.

Age Gender (M/F) Educational level MMSE LH ICV RH ICV
Control (n = 22) 70.91 + 3.853 9/13 3.50 +£1.225 29.32 + 0.646 0.0025 + 0.0003 0.0025 + 0.0003
MCI (n = 18) 71.89 £ 4.510 7/11 2.71 +1.359 27.24 £ 1.954 0.0022 + 0.0005 0.0021 £ 0.0005

M = males; F = females; Educational level was grouped into five levels: (1) lliiterate, (2) Primary studies, (3) Elementary studies, (4) High school studies, and (5) University
studlies; MMSE = Mini-Mental State Examination; LH ICV, Left hippocampus normalized by total intracranial volume (ICV); RH ICV, Right hippocampus normalized by ICV.

TABLE 2 | Mean =+ standard deviation of the demographic characteristics of the blind sample of controls and MCls.

Age Gender (M/F) Educational level MMSE LH ICV RH ICV
Control (n = 9) 70.22 £+ 3.8333 1/8 3.44 +£1.333 29.33 + 0.707 0.0026 + 0.0005 0.0027 + 0.0004
MCI (n = 11) 73.45 £ 3.297 7/4 3.91 £ 1.221 26.90 £ 2.132 0.0018 £ 0.0004 0.0021 £ 0.0004

M = males; F = females; Educational level was grouped into five levels: (1) lliiterate, (2) Primary studies, (3) Elementary studies, (4) High school studies, and (5) University
studlies; MMSE = Mini-Mental State Examination; LH ICV, Left hippocampus normalized by total intracranial volume (ICV); RH ICV, Right hippocampus normalized by ICV.

intermediate likelihood.” They met the clinical criteria and
also presented hippocampal atrophy, which was measured
by magnetic resonance (MRI). According to their cognitive
profile, they were also classified as amnestic subtype
(Petersen et al., 2001).

The whole sample was free of significant medical, neurological
and/or psychiatric diseases (other than MCI). Exclusion criteria
included: a modified Hachinski Ischemic score >4 (Rosen
et al.,, 1980); a geriatric depression scale short-form score >5
(Yesavage et al., 1983); a T2-weighted MRI within 12 months
before MEG screening with indication of infection, infarction
or focal lesions (rated by two independent experienced
radiologists, Bai et al, 2012); and other possible causes
of cognitive decline such as Bj, deficit, diabetes mellitus,
thyroid problems, syphilis or human immunodeficiency
virus (HIV). Finally, those participants with medical
treatment that could affect MEG activity (e.g., cholinesterase
inhibitors) were required to interrupt it 48 h before the
MEG recordings.

The present study was approved by the local ethics
committee and all subjects signed an informed consent prior to
their MEG recording.

MRI Acquisition and Hippocampal

Volumes

Three-dimensional T1-weighted anatomical brain magnetic
MRI scans were collected with a General Electric 1.5 TMRI
scanner, using a high resolution antenna and a homogenization
PURE filter (Fast Spoiled Gradient Echo (FSPGR) sequence
with parameters: TR/TE/TI = 11.2/4.2/450 ms; flip angle
12°5 1 mm slice thickness, a 256 x 256 matrix and FOV
25 cm). Freesurfer software (version 5.1.0.; Fischl et al., 2002)
was used to obtain the hippocampal volumes, which were
normalized with the overall intracranial volume (ICV) of
each subject.

MEG Acquisition and Preprocessing

4 min of eyes-open resting state data were recorded while the
participants were seated in a 306-channel (one magnetometer and
two orthogonal planar gradiometers per recording site, sampling

frequency of 1 kHz) Vectorview system (Elekta Neuromag)
placed in a magnetically shielded room (VacuumSchmelze
GmbH, Hanau, Germany) at the “Laboratory of Cognitive and
Computational Neuroscience” (Madrid, Spain). Subjects had to
fix their gaze at a cross, which was projected in a screen.
The position of the head relative to the sensor array was
monitored by four head position indicator (HPI) coils attached
to the scalp (two on the mastoids and two on the forehead).
These four coils along with the head shape of each subject
(referenced to three anatomical fiducials: nasion and left-right
preauricular points) were acquired by using a three-dimensional
Fastrak Polhemus system. Vertical ocular movements were
monitored by two bipolar electrodes, which were placed above
and below the left eye, and a third one on the earlobe, for
electrical grounding.

Four HPI coils were placed in the head of the subject,
two in the forehead and two in the mastoids, for an online
estimate of the head position. The HPI coils were fed
during the whole acquisition, allowing for offline estimation of
the head position.

Maxfilter software (version 2.2 Elekta Neuromag) was used to
remove the external noise from the MEG data using the temporal
extension of signal space separation (tSSS) with movement
compensation (correlation threshold = 0.9 m time window = 10 s)
(Taulu and Simola, 2006). This algorithm removes the signals,
whose origin is estimated outside the MEG helmet, while
keeping intact the signals coming from inside the head. In
addition, the continuous HPI acquisition, combined with the
tSSS algorithm, allowed continuous movement compensation.
As a result, the signal used in the next steps came from
a set of virtual sensors whose position remained static in
respect to the head of the subject. Recordings from those
subjects whose movement along the recording was larger than
25 mm were discarded, following the recommendations of
the manufacturer.

Source Reconstruction

We generated a volumetric grid for the MNI template by
adopting a homogenous separation of 1 cm in each direction,
with one source placed in (0, 0, 0) in MNI coordinates. The
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whole procedure resulted in a source model with 2,459 sources
inside the brain surface where each one consisted of three
perpendicular dipoles. Every source was then labeled using the
automated anatomical labeling (AAL) atlas (Tzourio-Mazoyer
et al., 2002). We finally considered 1,467 cortical sources. The
computed grid was then transformed to subject specific space
employing the original T1 image. The realignment of the grid and
brain surface was realized manually to the Neuromag coordinate
system following the three fiducials and the head shape guides.
Employing a realistically shaped head, we estimated a lead field
(Nolte, 2003). We source reconstructed frequency-dependent
brain activity using a Linearly Constrained Minimum Variance
(LCMV) beamformer (Van Veen et al., 1997). We ran the LCMV
beamformer independently for the following eight frequency
bands: 8 (1-4 Hz), 6 (4-8 Hz), a; (8-10 Hz), a, (10-13 Hz), B;
(13-20 Hz), B, (20-30 Hz), y; (30-49 Hz), and v, (51-90 Hz).
The resulting spatial filters were projected over the maximal
radial direction, getting only one spatial filter per source. “Radial
direction” means the direction of the segment connecting the
dipole location to the center of the sphere best approximating
the brain surface. Radial dipoles in a spherical conductor do not
produce a magnetic field outside of the conductor (Sarvas, 1987),
so this projection avoids the creation of undetectable sources
among the target dipoles. Finally, we represented every brain area
region of interest according to the AAL atlas by one source-space
time series per frequency band using two alternative solutions: (1)
the PCA of all the sources in the area or (2) the source closest to
the centroid of the area (CENT).

Figure 1 illustrates the source-localization procedure and
the different frequency-dependent representative Virtual
Sensor time series for the two ROI representation schemes,
PCA and the CENT.

Dynamic Functional Connectivity Graphs
(DFCGs)

Construction of the Integrated DFCGs

The DCFG analysis was restricted to the 90 ROIs of the AAL
atlas. Adopting a common sliding window of width equal to 1 s

to get at least 1 cycle of § activity and a moving step of 50 ms,
we estimated the dynamic networks for both intra-frequency
(8 frequency bands) and inter-frequency coupling modes
(8%7/2 = 28 cross-frequency pairs) using the following formula
of the imaginary part of phase locking value (iPLV).

T
' Im(z ei(qai(rwj(t») ’

t=1

1
iPLV = — 1
i T (1)

where ¢(t) is the phase of the signal in the corresponding
frequency band (intra-frequency modes) and between
frequencies  (CFCs). For  further details regarding
phase-to-amplitudeCFC, see Dimitriadis et al. (2015a) and
the Section “Construction of the Integrated Dynamic Functional
Connectivity Graph” in Supplementary Material.

This procedure, whose implementation details can be
found elsewhere (Dimitriadis et al, 2010b, 2015a, 2016a,
2017a,b, 2018b), resulted in a four-dimensional tensor of size
[coupling modes x temporal segments x ROIs x ROIs]
or [36 x 2,401 x 90 x 90] time-varying PAC graphs per
participant (TYPAC). Following proper surrogate analysis and
a framework which have been presented in a previous study
(Dimitriadis et al., 2018b), we defined the dominant intrinsic
coupling mode (DICM) per pair of sources and across temporal
segments. This procedure generates two three-dimensional
tensors of size [temporal segments x ROIs x ROIs]. The
first one keeps the functional coupling strength (iPLV) across
anatomical space and time, while the second tabulates the
DICM using an index for every possible case : {1 for §, 2
for 6, 3 for aj, ....8 for yy, 9 for 3-6,., 36 for yi-y»}.
The following section describes briefly the surrogate analysis
appropriate for reducing pitfalls in CFC analysis and also to
define the DICM.

Statistical Filtering Scheme

First, we must identify true CFC interactions that are
not driven by the changes in signal power. Secondly,
following a proper surrogate analysis our DICM model
can detect the DICM between every pair of sources and
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FIGURE 1 | ROI Virtual Sensor representation of left precentral gyrus magnetoencephalographic activity from the first healthy control subject. Virtual sensor time
series with blue and red color represent brain activity for (A) PCA and (B) CENT time series, respectively.
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at every temporal segment. The whole procedure of
analysis is described elsewhere in detail in Dimitriadis
et al. (2016a), Dimitriadis and Salis (2017), and Dimitriadis
(2018) and also in the Section “From Prominent Intrinsic
Coupling Modes to Dominant Intrinsic Coupling Modes” in
Supplementary Material.

Figure 2 illustrates the whole procedure of the DICM model
for the first two temporal segments of resting-state activity of the
first healthy control subject.

Figure 3A demonstrates the first 10 snapshots of the DFCG
from the first healthy control subject.

Topological Filtering Scheme Based on OMSTs
Apart from surrogate analysis, which is a statistical filtering
procedure of the functional couplings within an FCG akin
to a regularization to sparsify the 4D array described above,
we adopted a topological filtering to further enhance the
network topology and the most significant interactions.
To this aim, we applied a novel data-driven thresholding
scheme, proposed by our group and termed Orthogonal
Minimal Spanning Trees (OMSTs; Dimitriadis et al., 2017a,b),
to each FCG derived from each subject and temporal
segment independently.

Figure 3B demonstrates the temporal evolution of the
topologically filtered dFCG for the first 10 temporal segments.

Graph Signal Processing

After extracting the most significant connections in DCFGs
from each individual, we transformed every snapshot of
the DFCG into the graph Laplacian variant called the
normalized Laplacian matrix. With A being the functional
connectivity graph and D being the degree matrix containing the
degree of every node in the main diagonal, graph Laplacian
L can be defined as L = D - A. The normalized graph
Laplacian is defined as Lgym = D~Y2LD~1/2 (Shuman
et al, 2013). We estimated the sorted eigenvalues of the
Lsym for every snapshot of DFCG resulting in a two-

dimensional matrix of size [source (90) x temporal
segments (2.401)] per subject. These two-dimensional
matrices were concatenated separately for the healthy

control and disease group of the training set. Practically,
the concatenation was performance was performed along the
temporal direction.

Figure 3C shows the temporal evolution of the normalized
Laplacian transformation of the dFCG for the first 10 temporal
segments while Figure 3D is dedicated to the temporal evolution
of the eigenvalues.

A Vector-Quantization (VQ) Modeling of Group
NMTSeigen

This subsection describes briefly our symbolization scheme,
presented in greater details elsewhere (Dimitriadis et al., 2011,
2012a, 2013a,b). The group-specific NMTS®8" patterns can
be modeled as prototypical FC microstates (FCpstates). In
our previous studies, we demonstrated a better modeling of
DFCG based on vector quantization approach (Dimitriadis
et al, 2013a, 2017b, 2018b). A codebook of k prototypical

FC states (i.e., functional connectivity microstates-FCustates)
was first designed by applying the neural-gas algorithm
(Dimitriadis et al.,, 2013a). This algorithm is an artificial
neural network model, which converges efficiently to a
small number k of codebook vectors, using a stochastic
gradient descent procedure with a soft-max adaptation
rule that minimizes the average distortion error (Martinetz
et al, 1993). A neural-gas algorithm has been applied
independently to each group by concatenating the 2D
matrix of size [2.401 x 90] that describes the fluctuation of
Laplacian eigenvalues.

The outcome of the neural-gas algorithm over NMTS¢igen
is the construction of a symbolic sequence of group-specific
prototypical FCstates, one per subject. An example of such
a symbolic time series (STS) is a Markovian chain with three
FCpstates: {1, 2, 3, 2, 1, 3, 2...} where each integer defines
a unique brain state (FCpistates) assigned to every quasi-static
temporal segment.

External Validation in a Blind Dataset

We designed a novel approach for classifying a blind subject.
We reconstructed the subject-specific NMTS#" with both
HC-based prototypical FCstates and MCI-based prototypical
FCpstates. Specifically, for every temporal segment expressed
via a vector of 90 eigenvalues we estimated which of the
prototypical FCpstates is much closer, employing Euclidean
distance for an appropriate criterion. Under this scheme, we
rebuilt the original NMTS®#8" twice, once using prototypical
FCpstates of HC and once using prototypical FCpstates of
MCI. Then, we estimated the reconstruction mean squared
error between the original NMTS8" and the two rebuilt
NMTSE8" based on prototypical FCpustates. Finally, we assigned
the test sample to the class with the lowest reconstruction error
(see Figure 6).

Markov Chain Modeling for Synchro
State Transitions

The temporal sequence of spontaneous activity can be modeled
as a Markovian process, which predicts the probabilities
of several discrete states recurring or switching among
themselves at different time points analyzing time-point-
based brain activity (Van de Ville et al, 2010; Girtner
et al, 2015). Several studies have investigated transition
probabilities between phase-synchronized states on a sub-
second temporal scale, untangling the Markovian property
and the switching behavior of finite network-level brain
states (Dimitriadis et al., 2013c, 2015b; Baker et al., 2014;
Jamal et al., 2014).

Markovian Process of Time-Sequential FCp states

A Markov model describes the underlying dynamical nature
of a system that follows a chain of linked states, where the
appearance of a state at any given instant depends only on
the preceding ones (Gagniuc, 2017). In the Markov chain
modeling for synchrostate transitions during the deductive
reasoning and task-free processes, the first order transition
matrices were estimated in a probabilistic framework. According
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FIGURE 2 | Determining DICM. An example for AU task derived from the first trial of the first subject. (A) Schematic illustration of our approach employed to identify
the DICM between two sources (Left superior frontal gyrus, Right superior frontal gyrus) for two consecutive sliding time windows (t1, t2) during the first 4 s of
resting-state activity from the first healthy control subject. In this example, the functional synchronization between band-passed signals from the two sources was
estimated by imaginary Phase Locking (iPLV). In this manner iPLV was computed between the two sources either for same-frequency oscillations (e.g., 8 to 8. . .,
v2-v2; 8 intra-frequency couplings) or between different frequencies (e.g., 8 to 6, 8 to ay..., Y1 -y2; 28 cross-frequency pairs). The sum of 8 + 28 = 36 refers to
Potential Intrinsic Coupling Modes (PICM), which are tabulated in a matrix format. In the main diagonal, we inserted the intra-frequency couplings while in the
off-diagonal the cross-frequency pairs were inserted. Statistical filtering, using surrogate data for reference, was employed to assess whether each iPLV value was
significantly different from chance. During t1 the DICM reflected significant phase locking between a1 and ay oscillations (indicated by red rectangles) in the
oscillation list and a “*” in the comodulogram. The DICM remains stable also for the t, between a4 and ap oscillations whereas during t3 the dominant interaction
was detected between 6 and ay oscillations. (B) Burst of DICM between Left and Right superior frontal gyrus. This packing can be thought to associate the “letters”
contained in the DICM series to form a neural “word,” a possible integration of many DICMs. From this burst of DICM, we can quantify the probability distribution
(PD) of DICM across experimental time (see C). (C) Tabular representation of the probability distribution (PD) of DICM for left and right superior frontal gyrus across
the experimental time shown in B. This matrix is called a comodulogram and keeps the information of PD from the 36 possible coupling modes. In the main diagonal
the PD of the 8 possible intra-frequency coupling can be seen while in the off-diagonal are the 28 possible cross-frequency pairs. PICM, Prominent Intrinsic Coupling
Modes; DICM, Dominant Intrinsic Coupling Modes; iPLV, imaginary part of Phase Locking Value; PD, probability distribution.
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be mathematically represented by either its transition probability
matrix or its directed graph (digraph). Here, the inferred states
refer to the prototypical FCpstates. A feasible transition is one

to discrete-time Markov chain theory (Jarvis and Shier, 1999),
a finite number (Sy, S;. .., Sm) of inferred states that evolve in
discrete time with a time-homogeneous transition structure can
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Eigenvalues

FIGURE 3 | From DFCG to the temporal evolution of Laplacian eigenvalues (LEG; from the first healthy control subject). (A) The first 10 snapshots of DFCG. (B) The
quasi-static FCGs shown in A were topologically filtered with OMST. (C) The normalized Laplacian transformation of the topologically filtered FCGs shown in B.
(D) Temporal evolution of the Laplacian eigenvalues for the 2,401 temporal segments.
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tempor:

whose occurring probability is greater than zero. The probability
of transition from node (state) i to node j is defined as

Nij

Pii= ,
/ ZU Nij

i=1,2,...,n j=1,2,...,m, (2)

where Njj is the number of transitions from node i to node j.
Obviously, the sum of the transition probabilities along each row
of the transition matrix P equals one. The complete digraph for
a finite-state Markov process has edges of transition probabilities
between every node i and every other node j. Here, nodes refer
to FCpstates in the Markov chain. In the digraphs created in
this study, P;; survives a p-value derived from 10,000 shuffled-
surrogates of the original STS.

Temporal Measurements of an FCpstate Symbolic
Sequence

For further summarizing inter-FCpstate transition patterns,
relevant temporal measurements were obtained and analyzed
from the Markov chain structures of the subject-specific FCpistate
sequence, including: (1) fractional occupancy for each class of
FCpstate (i.e., the fraction of the number of distinct FCpustate
of a given class occurring within 2,401 temporal segments), (2)
dwell time for each FCpstate which gives the average time the
brain spends within a specific FCpstate in consecutive temporal
segments, (3) transition probabilities (TP) of a given FCjstate
to any other functional connectivity state, (4) the complexity
index (CI) that quantifies the richness of the spectrum of code
words formed up to a length based on the symbolic time
series (Dimitriadis, 2018), and (5) the flexibility index (FI) that
quantifies the transition of the brain states (FCpstates) between
consecutive temporal segments.

Assessing the Statistically Significant Level of the
Symbolic-Based Estimates

To assess the statistically significant level of the aforementioned
four estimates (excluding CI), we shuffled the group symbolic
time series 10,000 times and re-estimated the surrogate-based
p-values for every estimate per subject. CI is normalized by
default with surrogates.

Linking MMSE With Chronnectomics

To investigate the possible relation between MMSE and the
chronnectomics derived by the FCpstate symbolic sequence (see
section “Temporal Measurements of an FCpstate Symbolic
Sequence”), we used the canonical correlation analysis
(CCA) approach to see whether MMSE correlates with
seven chronnectomic variables. In our analyses, the significance
of the correlation was estimated using Bartlett’s approximate
chi-squared statistic as implemented in MATLAB.

Algorithms and MATLAB Code

All the algorithmic steps of constructing the DCFGs were
implemented on inhouse software written in MATLAB,
freely available from the first authors website. LCMV
beamformer was programmed under Fieldtrip’s environment
(Oostenveld et al., 2011).

RESULTS

Group Prototypical FCu states

Figure 4 illustrates the prototypical group-specific FCpstates
for each group by assigning the 90 AAL brain areas to five
well-known brain networks. The size and color of every circle
decode the mean degree within every brain network while the
color of each connection defines the mean functional strength
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FIGURE 4 | Prototypical FCpstates for healthy control (HC) and MCI. The neural gas algorithm revealed three prototypical FCpstates per group with different spatial
patterns. FP, Fronto-Parietal; DMN, Default Mode Network; CO, Cingulo-Opercular; S, Sensorimotor; O, Occipital.
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between every pair of brain networks. FCistates can be described
based on the most connected brain networks focusing on their
degree. The most connected brain networks are the DMN and
CO. Following a statistical test by comparing the functional
coupling strength between FPN and DMN independently for
every FCpstate, we found significant higher values for FCpustates
1 and 3 for HC compared to MCI (p = 0.00045 for FCpustate 1 and
p =0.000012 for FCpistates 3, Wilcoxon Rank Sum Test).

Figure 5 demonstrates the dynamic reconfiguration of
prototypical FCpstates for the first subject of both groups
for the 1st min.

Classification of Blind Samples via
Representations With Prototypical

Netp stateseigen

Each test sample with an unknown label was classified to one
of the two classes using as a criterion the minimization of the
reconstruction error. The minimum reconstruction error denotes
the class label of the sample. In our study, we used 20 samples
with a distribution of 11 MCIs and 9 controls with 85% accuracy
for CENT (17 out of 20) and 70% for the PCA representation
scheme (14 out of 20). SID received the blind dataset from
MEL, who evaluated the outcome of this research. Figure 6
illustrates the methodological approach. Figure 6A refers to the
temporal resolution of the Laplacian eigenvalues of a blind HC
subject while Figures 6B,C the reconstruction of Figure 6A
matrix employing the Prototypical Net justatesis" related to
HC and MCI, correspondingly. Based on the reconstruction

error between the original matrix (Figure 6A) and the two
reconstructed matrixes (Figures 6B,C), a decision regarding
the label of the blind subject was taken based on the lowest
reconstruction error (Figure 6D).

Group-Differences of Temporal
Measurements Derived From FC.state

Symbolic Sequence

FI, OT, and DT were significantly higher than the surrogates
based values derived from the shuffled symbolic time series
(p < 0.001). We detected significant higher FI and CI for HC
compared to MCI applying a Wilcoxon Rank-Sum test (Figure 7,
p-value < 0.00000001). Summarizing the results from OT and
DT, HC subjects spent significantly higher time compared to MCI
to first and third FCistate while MCI spent significantly more
time to the second FCstate Figure 8, p-value < 0.00000001).

Modeling Dynamic Reconfiguration of
Functional Connectivity Graphs as a

Markovian Chain

The outcome of the VQ modeling of NMTS8" is the
derived Netjistates®8" called FCstates (see Figure 4), where
its evolution is described via a symbolic time series, a
Markovian chain. Figure 9 illustrates a well-known scheme of
the group-averaged transition probabilities (TP) between the
three FCystates for both groups. Our analysis revealed significant
group differences in terms of TP, while the TPs were significantly
different compared to the surrogates’ symbolic time series.
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FIGURE 5 | Temporal Evolution of Prototypical FCystates for the first subject of (A) HC and (B) MCI group for the 1st min of resting state.
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FIGURE 6 | Classification of blind subjects via prototypical Net pstates®9e". (A) Evolution of eigenvalues for the test sample. (B,C) Reconstruction of the temporal
evolution of eigenvalues of the train sample with both group-specific prototypical Net jstates®9e". (D) Estimation of the reconstruction error between the original
temporal evolution of eigenvalues in A. and the two prototypical-based shown in B. The decision of the subject’s label was taken via the lower reconstruction error.

temporal segments

Self-loops defined the “staying” TP of brain dynamics to the
same brain state.

The symbolic time series illustrated in Figure 5 is a Markovian
chain of order 1 and it is shown schematically with a diagram
of three nodes defining the three FCstates (Figures 4, 9)
while the arrows from one state to the other show the
TP. Our results revealed significant group differences between
every possible brain state transition (Wilcoxon Rank-Sum test,
p < 0.0001/9).

Comodulograms of Dominant Intrinsic
Coupling Modes (DICM)

Probability distributions (PD) of prominent intrinsic coupling
modes across all sources pairs and time windows were

summarized for each group in the form of an 8 x 8 matrix.
The horizontal axis refers to the phase modulating frequency
(Hz) while the y-axis refers to the amplitude modulated
frequency (Hz). The main diagonal of the comodulograms
keeps the PD of intra-frequency phase-to-phase coupling.
Group-averaged comodulograms in Figure 10 demonstrate
the empirical PD of DICM revealing a significant role of
a; as phase modulator of the whole studying spectrum
up to high-gamma (y,) activity, which covers almost 50%
of pairwise source connections and time windows. No
significant trend was detected regarding the PD of each
pair of frequencies between the two groups (p < 0.05, Wilcoxon
rank-sum test, Bonferroni corrected). Moreover, no significant
difference was found regarding the PD of the groups for every
possible pair of sources (p < 0.05, Wilcoxon rank-sum test,
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Bonferroni corrected). Finally, transition dynamics of DICM
between consecutive time windows at every source pair did
not uncover any group difference (for further details, see
Dimitriadis et al., 2016a).

Correlation of MMSE With

Chronnectomics

Figure 11 demonstrates the outcome of CCA analysis between
chronnectomics and the well-known MMSE. The Chi-square was
26.95 and the related p-value = 0.00033886. x-axis refers to the
canonical variable scores of the chronnectomics, where the DT
of the three NMTS¢#" contributes most to the maximization of
their canonical correlation with MMSE. OC_2 did not associate
with the CCA mode of MMSE variability. The 1st canonical
component is:

TP

0.06 0.87

FIGURE 9 | A finite-state diagram showing group-averaged transition
probability matrix (TP) of the symbolic time series, which describes the
temporal evolution of the brain, states (FCpstate). (A) For healthy control and
(B) forMClI.

CCy=0.11"FI + 0.02*OC; + 0.02*OCs % 0.0056*CI+
3.38"DT; + 5.76* DT, + 2.65*DT;

and the second is:
CC2 = 0.59*MMSE.

DISCUSSION

We have demonstrated here a novel framework for designing a
proper DCB for the detection of MCI subjects from spontaneous
neuromagnetic activity. The whole approach exhibits novel, data-
driven, algorithmic steps that can be summarized as follows:
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FIGURE 8 | Group-averaged (A) OT and (B) DT per FCstate. *Wilcoxon Rank-Sum Test; p-value < 0.00000001.
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The construction of a IDFCG that incorporates
dominant types of interactions, either intra- (e.g., 6—6)
or inter-frequency [phase-to-amplitude coupling (PAC)
(e.g., 6—7)] coupling.

The application of a new thresholding scheme termed
OMSTs as a topological filtering applied to DFCG to
extract a “true” network topology.

The VQ modeling of network metric time series
(NMTS) based on nodal Laplacian eigenvalues for
prototyping the spatiotemporal dynamics of both
control and MCI subjects.

Modeling of the switching behavior of brain states as a
Markovian chain

The validation of the whole approach to a second blind
dataset achieving an 85% classification accuracy for the
CENT ROI representation scheme compared to 70% for
the PCA scheme

Regions of interest representation scheme matters on the
designing of connectomic biomarker in general and also
for MCI

Canonical correlation analysis between chronnectomics
and MMSE revealed that the DT of brain states
associates strongly with the CCA mode of
MMSE variability.

We proved that the VQ modeling of NMTS®8" is an
effective approach to extract an overcomplete dictionary for the
representation of DFC that can accurately classify subjects as
either control or MCI based on their resting state MEG activity.
Adopting a static network analysis, the classification accuracy
was 12 out of 20, demonstrating the need of a DFC approach
for studying resting brain dynamics (Dimitriadis et al., 2010b,
2012a,c, 2013a,b, 2015a,b, 2016a, 2017a,b, 2018a,b; Allen et al,,
2014; Damaraju et al.,, 2014; Kopell et al., 2014).

The capture of time-varying coupling between variables is
a topic that has been heavily studied in other fields and in
communications for signal processing in particular. However,
the specific application to whole-brain functional connectivity
is relatively new (Sakoglu et al., 2010; Dimitriadis et al., 2013a;
Calhoun et al, 2014), and its application to brain-imaging
data poses particular challenges, which are the topic of active
current research. One important challenge is how to best
identify relevant features from the high-dimensional brain
imaging data. The main algorithms used for manipulating
functional brain network dynamics in fMRI are group ICA
(Calhoun and Adali, 2012) or spatial-constrained ICA (Lin
et al, 2013) and tensor decompositions (Acar and Yener,
2009). To characterize the dynamics of time-varying connectivity
brain patterns, the basic approach is the metastate analysis
based on the sliding window or more adaptive approach
(Dimitriadis et al., 2013a, 2015d; Damaraju et al., 2014;
Nomi et al,, 2016). From the dynamic connectivity patterns,
FCpstates are extracted that are “quasi-stable” distinct brain
states. Then, the state vectors can be modeled via a Markovian
chain (Dimitriadis et al., 2013a, 2015b; Calhoun et al., 2014;
Damaraju et al., 2014).

Cross-frequency coupling mechanisms support the brain
interactions across space over multiple temporal scales (Canolty
and Knight, 2010; Fell and Axmacher, 2011). Computational
models have explored the theoretical advantages of the existence
of cross frequency coupling (Lisman and Idiart, 1995; Neymotin
et al, 2011). These models untangled the major mechanisms of
the importance of CFC, which may serve as the brain’s neural
syntax. Segmentation of spike trains into cell clusters (“letters”)
and sequences of assemblies (neural “words”) are supported by
the existing syntactic rules (Buzsaki, 2010).

In the present study, we demonstrated a methodology whose
main scope is to provide a framework for modeling DFCG
into a repertoire of distinct “quasi-static” brain states called
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FCjstates. Here, we modeled the NMTS derived from the DFC
patterns expressed via the Laplacian eigenvalues (Dimitriadis
et al., 2015d, 2017b, 2018b). After extracting the virtual source
time series, we followed an algorithmic approach with the main
aim of minimizing the effect of a priori selection of variables that
can minimize the reproducibility of the results. The main steps
of the proposed methodology are: (1) the construction of one
integrated DFC per subject—which incorporates the DICM per
each pair of brain areas and at every temporal segment, (2) the
application of a data-driven topological filtering scheme to reveal
the backbone of the network topology at every temporal segment,
(3) the estimation of Laplacian eigenvalues to extract the so-called
NMTSeigen (Dimitriadis et al., 2010a, 2015d, 2017b, 2018b),
(4) the modeling of these NMTS®8" via a vector-quantization
approach, and (5) the validation of the whole approach to a
second blind dataset.

The analysis of the spatiotemporal evolution of Laplacian
eigenvalues during the training phase revealed three prototypical
brain states (FCpstates). For a better illustration of the FCGs
linked to the prototypical eigenvalues, we assigned the 90 AAL
brain areas to five well-known brain networks. In Figure 4, we
mapped the average functional strength between ROIs belonging
to every pair of brain networks while the size and color of
every node define the within-brain network degree. The most
connected brain networks in FCjstates are the DMN and
CO. CO plays a key role in working memory mechanisms
(Wallis et al., 2015) while cognitive complaints related to AD
are linked to alterations of resting-state brain networks and
mostly FPN and DMN (Contreras et al., 2017). The functional
coupling strength between FPN and DMN was significantly
higher for HC compared to MCI for FCpstates 1 and 3
(Figure 4). The functional strength between FPN-DMN was
positively correlated with a better episodic memory performance
(Contreras et al., 2017).

Well-known and novel chronnectomics were estimated from
the Markovian (symbolic) Chain that describes the evolution
of brain states. We detected significantly higher flexibility and
complexity for HC as compared to MCI described from FI and
CI, correspondingly (Figure 7). A summarization derived from
OT and DT revealed a significant trend: HC subjects spent

significantly more time compared to MCI in FCystates 1 and 3
while MCI spent significantly more time in the second FCpstate
(Figure 8). Following a CCA analysis between the extracted
chronnectomics and the MMSE score, we found a significant
contribution of the DT for the three NMTS¢8°™, OC related to the
2nd NMTS®8" did not associate with the CCA mode of MMSE
variability (Figure 11).

In the era of data sharing and aggregating large datasets from
different research groups worldwide who contribute to large
consortiums, it is important to test the reproducibility of the
proposed biomarkers (Abraham et al., 2017). Our study is a
first step in this direction to diminish the effect of any arbitrary
selection of algorithmic steps up to the extraction of biomarkers.
The next step is to extend the analysis in larger populations from
different sites and MEG scanners. A recent study showed that 70
percent of the preclinical research from academic labs could not
be replicated (Collins and Tabak, 2014). Abraham’s work is one
of the very first neuroimaging studies that lays the ground for
the reliability and reproducibility of biomarkers extracted from
neuroimaging data.

There is a large body of research based on different
imaging methods covering various temporal and spatial scales
that documents the association of electrophysiological rhythms
with distinct cognitive processes within narrowly or broadly
anatomical areas (for review, see Engel et al, 2001; Buszaky,
2006; Siegel et al, 2012; Basar and Giintekin, 2013). For
example, low-frequency 8§ rhythms (1-4 Hz) are known to
coordinate large portions of the brain (Fujisawa and Buzsaki,
2011; Nacher et al., 2013) while y oscillations play a dominant
role in stimulus processing and detection is shown to be
locally anatomically constrained (Engel et al., 2001). Recently,
an extension of Brodmann’s areas was suggested in order to
associate distinct anatomical areas with preferable connectivity
estimators and cognitive functions in both normal and
brain disease/disorder populations as an initial step toward
summarizing the large body of current brain connectivity
research (Basar and Diizgiin, 2016).

In the last few years, an increasing number of studies appeared
studying CFC at resting state (Antonakakis et al, 2016a),
during cognitive tasks (Dimitriadis et al, 2015a,c, 2016a,b)
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and in various brain diseases and disorders such as mild
traumatic brain injury (Antonakakis et al., 2016a), amnestic MCI
(Dimitriadis et al., 2015a), dyslexia (Dimitriadis et al., 2016a),
schizophrenia (Kirihara et al., 2012), etc. It has been suggested
that CFC is the key mechanism for the integration of information
between anatomical distribution subsystems that function on
a dominant frequency (Canolty and Knight, 2010; Jirsa and
Muller, 2013; Florin and Baillet, 2015). However, only a few
MEG studies have explored CFC at resting state (Antonakakis
et al., 2015, 2016a,b; Florin and Baillet, 2015) and especially
in a more dynamic fashion (Dimitriadis et al., 2015a, 2016a;
Antonakakis et al., 2016b).

MEG source connectivity is at a mature level compared
to a decade ago (loannides et al., 2012), and it is an active
research area aimed at improving many aspects of “true” brain
connectivity (Schoffelen and Gross, 2009; Colclough et al., 2016).
The most significant issue is the parcellation of the cerebral
cortex. In many cases, the AAL template (90 ROIs) is feasible
for the detection of those changes induced by a specific task
or obtained after comparing different groups. But in others
such as the design of a reliable connectomic biomarker, there
is a need to oversample more than 90 areas. The FC, which
is directly linked to functional parcellation of the cerebral
cortex, is an active area, which will further improve both the
interpretation and the predictive power of source connectivity of
many brain diseases such as MCI. The solution of a functional
parcellation template for MEG source connectivity will improve
the classification performance on the source level with the
additional advantage, compared to sensor level, of facilitating the
anatomical interpretation of the results.

Adopting the same framework and including also stable
and progressive MCI groups, we will attempt to connect
DCB with neuropsychological measures and cognitive scores
(Cuesta et al., 2014, 2015). It is evident that a multifactorial
model that includes cognition, neuropsychological measures and
anatomical information can reliably predict the conversion from
MCI to DAT, while genetic variation of risk genes like the
APOE-e4 allele or cognitive reserve might play a secondary role
(Lopez et al., 2016).

Going one step further from our previous studies
demonstrating the significance of a DCB (Dimitriadis
et al, 2013b, 2015b), where we used network microstates
extracted from DFCG patterns, in the present study we
introduced a modeling approach of NMTS®#" estimated
over DFCGs that preserve the dominant type of coupling
(intra- or inter-frequency intrinsic coupling mode). Our study
demonstrates the effectiveness of the data-driven analytic
pipeline tailored to DFCG to the correct classification
of a blind dataset based on control and MCI subjects
compared to a static connectivity approach. Given these
outcomes, the need is evident over the next years to
adopt data-driven techniques that will not introduce bias,
subjectivity and assumptions in neuroimaging datasets
and also to improve the reproducibility of the outcome in
large databases.

In magnetoencephalography (MEG) the
approach to source reconstruction is to

conventional
solve the

underdetermined inverse problem independently over time
and space. Different algorithms have been proposed so far with
alternative regularization procedures of space and time as with a
Gaussian random field model (Solin et al., 2016).

Commonly used techniques include the minimum-norm
estimate (MNE) (Himildinen and Ilmoniemi, 1994) and Linearly
Constrained Minimum-Variance (LCMV) beamformer (Van
Veen et al,, 1997). It is in the right direction to compare the
consistency of the outcome of the current study with alternative
inverse solution algorithms to measure their consistency
and sensitivity to the design of connectomic biomarkers
tailored to MCI.

CONCLUSION

In this study, we presented a novel DCM for the prediction
of MCI from an age-matched control group validated over a
blind dataset. The novelties of the proposed analytic scheme are
the incorporation in the DFCGs of the DICM (DICM, either
intra- or inter-frequency coupling based on PAC), the adaptation
of a novel data-driven thresholding scheme based on OMSTs,
the estimation of Laplacian eigenvalues across time and the
extraction of prototypical network microstates (FCpstates) for
both the control and MCI group.

It is important for the near future to work in source space
on MCI subjects that convert to AD after a following up study
to further validate the proposed scheme as a potential tool of
clinical importance. It would also be interesting to explore how
the Apoe-e4 allele can induce changes to the DFC of spontaneous
activity. Moreover, multimodal neuroimaging biomarkers is a
novel trend that will further be validated (Jack et al., 2016).
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In this study we documented brain connectivity associated with multisensory integration
during wrist control in healthy young adults, aged matched controls and stroke survivors.
A novel functional MRI task paradigm involving wrist movement was developed to gain
insight into the effects of multimodal sensory feedback on brain functional networks in
stroke participants. This paradigm consisted of an intermittent position search task using
the wrist during fMRI signal acquisition with visual and auditory feedback of proximity to
a target position. We enrolled 12 young adults, 10 participants with chronic post-stroke
hemiparesis, and nine age-matched controls. Activation maps were obtained, and
functional connectivity networks were calculated using an independent component
analysis (ICA) approach. Task-based networks were identified using activation maps,
and nodes were obtained from the ICA components. These nodes were subsequently
used for connectivity analyses. Stroke participants demonstrated significantly greater
contralesional activation than controls during the visual feedback condition and
less ipsilesional activity than controls during the auditory feedback condition. The
sensorimotor component obtained from the ICA differed between rest and task for
control and stroke participants: task-related lateralization to the contralateral cortex was
observed in controls, but not in stroke participants. Connectivity analyses between
the lesioned sensorimotor cortex and the contralesional cerebellum demonstrated
decreased functional connectivity in stroke participants (o < 0.005), which was positively
correlated the Box and Blocks arm function test (2 = 0.59). These results suggest that
task-based functional connectivity provides detail on changes in brain networks in stroke
survivors. The data also highlight the importance of cerebellar connections for recovery
of arm function after stroke.

Keywords: stroke, functional connectivity, upper limb, sensory integration, task based approach

INTRODUCTION

In this study, we used functional magnetic resonance imaging (fMRI) and a novel task paradigm
to investigate the effects of multimodal sensory feedback on detection of brain functional networks
after stroke. In prior studies, the primary motor cortical regions and their pathways have been a
major focus in investigating the functional effects of stroke lesions on the brain (1-4). However,
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brain lesions might have an even stronger impact on integrative
networks that process multisensory inputs and plan movements
in a functional context. Lesions affecting sensorimotor integrative
networks of the brain are likely to play a critical role in recovery,
and damage to these networks could lead to chronic impairment,
as they are important to motor learning and recovery (2,
4-9). Although current measures of functional connectivity
characterize communication between brain motor regions, the
changes in connectivity of the sensorimotor association areas
have been largely unexplored in stroke survivors. In order to
characterize the function of sensorimotor networks in stroke
survivors, we measured brain connectivity and activation with
functional magnetic resonance imaging (fMRI) during rest and
during tasks that invoked key features of sensorimotor and
multisensory integration.

fMRI has been used to characterize differences in brain
activation patterns in stroke survivors and to document cortical
plasticity with natural recovery or following targeted therapeutic
interventions. In general, increased intensity and spread of
brain activation after stroke have been associated with decreased
functional outcomes. During finger movement, stroke survivors
have increased cortical activation with a broader spatial extent
in the ipsilesional hemisphere as well as contralesional activity
that is absent in controls (10). Increases in cortical activity
distant from primary motor areas impacted by a stroke lesion
are considered evidence for cortical reorganization (11). These
plastic changes might be compensatory or conversely, they
could be maladaptive for functional recovery. During recovery,
the intensity, and spread of brain activation associated with
hand grip decreases in lower functioning stroke survivors (4),
suggesting that simple task-related brain activation volumes
are inversely correlated with functional recovery. In contrast,
decreased activity in cortical areas have been documented in
stroke survivors using the relatively more complex task of
bilateral pedaling during fMRI (12), possibly due to a greater
reliance on integrative sensorimotor regions that might become
dysfunctional after stroke. The recent emergence of brain
functional connectivity analyses (13, 14) offers the opportunity
to interpret changes in task-related brain activity in the context of
brain networks, potentially offering insight into the mechanisms
underlying changes in brain function after stroke.

Functional connectivity analyses also provide evidence of
changes in brain function after stroke. Functional connectivity
MRI (fcMRI) (13, 15) infers coactivation of one or more
cortical areas by their correlated fMRI signal over time. This
analysis can be used to identify functional networks using
fMRI signals obtained at rest (13) or during a task (15).
For this analysis, nodes can be defined using predetermined
anatomical regions of interest or identified by measuring regional
homogeneity of voxel-wise intrinsic functional connectivity
(16). Alternatively, functional connectivity can be decomposed
into a set of spatiotemporal networks using an independent
component analysis (17, 18); an independent component consists
of a 3D volume that provides each voxels contribution
to a network and a BOLD time-course that is shared by
all voxels within that network. In resting-state fMRI, one
of the most consistent findings in stroke participants is

decreased functional connectivity between the ipsilesional and
contralesional sensorimotor cortices (19-21). While resting
state functional connectivity and task-based connectivity share
correspondence, they also have many notable differences (22—
24). In healthy individuals, the spatial extent of nodes determined
by an independent component analysis is similar across task and
resting state paradigms (25). In contrast, task-based connectivity
exhibits “local specialization” with increased connectivity of
long-distance connections compared to resting state analyses
(26, 27). This means that areas engaged in a given task have
increased local connectivity in the task-specific area (i.e., local
specialization) and increased global connectivity (long distance
connections) between the different areas engaged with that
task. For a multimodal sensorimotor task, we expect increased
local specialization within the primary sensorimotor region and
increased long-distance communication between the ipsilesional
sensorimotor cortices and contralesional cerebellum, similar to
activation results reported during complex motor tasks (28).

Functional connectivity analyses are particularly effective in
quantifying functionally relevant changes in brain networks after
stroke and during recovery (29). It has been suggested that
network integrity and reorganization is critical for functional
recovery after stroke (30). Each cortical region can actively
participate in multiple functional networks, allowing the brain to
reorganize after damage to a particular node. Network plasticity
has been documented in the motor network of people with
stroke (31) and the integrity of contralesional parietofrontal
and sensorimotor cortical networks has been associated with
lower motor impairment after stroke (6). These findings suggest
that resting state and task-based connectivity of sensorimotor
integration areas predict motor function, and plasticity of these
networks provide mechanisms for restoring motor function.

In order to identify changes in sensorimotor networks
in chronic stroke survivors, we calculated the functional
connectivity of the brain using resting state and task-based MRI,
with a unique sensorimotor task that employs sensorimotor
and multisensory integration. The task was specifically designed
to engage integrative sensorimotor networks during controlled
wrist movement. We then compared the changes in these
networks to a clinical measure of upper limb function. We
hypothesized that only during the task, functional connectivity
between brain networks associated with sensorimotor integration
would be reduced in stroke survivors, and that the reduction
would be correlated to arm function.

METHODS

Data Collection

Participant Recruitment and Clinical Testing

Twelve young adults (four female, 252 + 2.4 years), 10
individuals with chronic post-stroke hemiparesis (four female,
age 66.7 £ 7.94 years, at least 1.1 years since stroke), and nine
age-matched control participants (five female, age 64.2 £ 7.73
years) participated in this study. The young adults were included
as additional data to validate the new task paradigm in its
ability to show areas of the brain involved in performing the
task. Each participant provided informed written consent to the

Frontiers in Neurology | www.frontiersin.org

Ikl

June 2019 | Volume 10 | Article 609


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

Kalinosky et al. Task-Based Functional Connectivity After Stroke

experimental protocol, which was approved by the Institutional &
Review Boards at Marquette University and the Medical College pEg %
of Wisconsin. Inclusion criteria included a history of an ischemic % o ~
cortical or subcortical stroke that occurred no <6 months w £ Eo@ N 5
prior to recruitment. Participants with no ability to perform 5 2288 gaxd E
supination, pronation, ulnar deviation, or radial deviation of the S
wrist were excluded. Controls without history of stroke or other & g
neurological impairments were age-matched (within 3 years) §E> %
and gendered-matched to the stroke participants. Each stroke - kel 3
participant completed the upper extremity (UE) portion of the T 2258 pwed S
Fugl-Meyer Assessment (32) for a maximum possible score of T
126. Participants also completed the Box and Blocks Test of E&
Manual Dexterity (33), the Wolf Motor Function Test (34) for g z
upper extremity motor ability (maximum score of 75), and the w 55 % 2 o <9 g
Modified Ashworth Scale (35). These clinical measurements were o Txde o~ - §
correlated with measured brain activity during the task and the c g
functional connectivity during resting state and during the task. = ~
The stroke participant clinical scores and lesion locations are § §
shown in Table 1, and Figure S1 shows the lesion distribution; + = £ o o %
. . . . . . . ~ o = O O 0
although there is little lesion overlap, the lesion distribution o | 4@ J SCES g
shows damage in the sensorimotor pathways. < §
8 5
Experimental Paradigm g I
Our sensorimotor integration experiment was designed with cues ‘_gf § g
and feedback that contrasted the effects of auditory and visual o o E288 5
sensation. We introduced a task paradigm for studying the role 5 S ERFEI IS g
of sensory integration in complex movement. Chronic stroke %
participants have more difficulty coordinating sensorimotor _ E
behavior, especially in tasks with higher complexity (36). Our task % 3
required the participant to produce movement while integrating o £z 23 °§
multiple sensory modalities. T 22%8 guwd X
[a4]
o)
Motion recording and audiovisual feedback g ‘g 3
Every participant completed two sessions on separate days no ) é §
more than 2 weeks apart. Participants were trained to perform . ac g
a wrist-movement task during the first session. The second 55; g é’ é’% @ - o & 3
<t N~ [$]
session used the same wrist movement task and consisted of a g
second training period 1h before the task-based fMRI session. §
The experimental apparatus is shown in Figurel (left). The g g-a
forearm of the impaired limb was fixed on a small ramp to 5 55 % % R § g
allow for radial and ulnar deviation of the wrist. Both the g|®|EE I S8 03
elbow and the forearm were secured on the ramp to ensure g é S
that the task was controlled by wrist movement only. The § o g %
hand gripped the end of a ShapeTape device (Measurand Inc., 3, == T © 8
Canada), an array of 16 optical fiber sensor pairs that provide 2 g 2288 go8 g g
3D Euclidean coordinates along the sensor region. Each sensor 8 é 3
pair also provided a 3D rotation matrix expressed in quaternion 3 o § &
form. Visual feedback was presented on a computer monitor, and g = 8 % g
speakers provided auditory feedback. Motion data were recorded = ‘—g (:C; £8
every 24 ms, or 41.67 Hz. = . S8 28
Shown in Figure 1 (left), two sensor pairs at the end of the 5 3 % é’ é’ § g d 3 <
ShapeTape were used to calculate a 3D ray with angle = {6,,6,} 5 s §
relative to the horizontal (x-z) plane, which was used to define 2 § c 0o & = § g
the orientation of the wrist. Effectively, pronation/supination was i o 3 %_; £ _Eg % Cfl S8 ?.’:3
mapped to an angle within the x-y plane 6,, and radial and ulnar i 8 €59 % g 2 & g
deviation was mapped to an angle in the z-y plane. Letting p,, and 2 2 o £ s s £ i 5 i§ s
Pn—1 be the 3D coordinates of the last two sensors, an orientation = a1 2853 822818 uQ.
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FIGURE 1 | Task paradigm for wrist movement and sensorimotor integration. (Left) lllustration of the ShapeTape apparatus. The forearm position was fixed. (Right)
Experimental design of the multisensory search task. During each trial, the participant maximized sensory feedback using wrist joint angles to minimize error to a
target angle. The participant was instructed to move the wrist to maximize the circle diameter and/or a sound volume. Auditory, visual, or audiovisual feedback were
presented at the start and during each trial. After reaching the target, the participant fixated on a yellow square during a 2-4 s intertrial period. The average trial
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vector v was calculated as:
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The wrist orientation was estimated as 0, (vx/vy), and

0y (vz/vy). For each search task, a target angle, ¢, was

created. The error to ¢ during the search task was calculated

as E \/( Ox — (pX)2+(OZ— goz)z. E was then used to
provide feedback to the participant related to wrist proximity
to the target. The feedback intensity, w, was calculated as w =
exp (—E/o), with the sensitivity parameter o fixed at 0.1 radians
for all trials. Intensity w was used to modulate visual and auditory
feedback stimuli. Auditory feedback was a 440Hz tone and
its volume was modulated linearly by w. Visual feedback was
presented as a solid red circle at the center of a black screen.
The circle diameter was modulated linearly by w from 15 to
160 pixels or 0.38-4.06 cm. The screen was placed ~2 feet away
from the eyes. The resulting aperture angle was effectively varied
0.179-1.91 degrees.

Experimental design

As shown in Figure 1 (right), a search-based wrist movement task
was designed to invoke brain networks involved in sensorimotor
and multisensory integration. The first session began with up
to five familiarization trials, in which the participant used the
wrist to move a white cursor to a yellow square target at the
center of the screen. These trials were also used to verify the
participant’s range of motion. Once comfortable reaching the
square, the participant was then informed that the square and
cursor would not be visible. At the start of each trial, one of three
types of sensory feedback was presented. For both the training
session and the fMRI session, a series of two search-task runs

“search”) (6 min each) and one sensory-motor (“SM”) only run
(6 min) were conducted.

The “search” task run consisted of a series of trials, each trial
including visual, auditory, or combined audiovisual feedback. In
the visual-only feedback condition, a solid red circle appeared
and grew larger as error decreased. Once the participant reached
the target, the solid red circle was changed into an outline and
then disappeared. During auditory-only trials, the participant
searched for the target with feedback provided by the tone
volume. Upon reaching the target, the tone was altered to a
fixed pitch of 880 Hz, giving a “beep” sound, and turned off. In
audiovisual feedback trials, the red circle and auditory tone were
mapped independently to the x-coordinate and y-coordinate
errors. The goal was to maximize both feedback intensities. After
the target was reached, the participant fixated at a yellow square
at the center of the screen for an inter-trial period with a normal
random duration of 2.5 & 0.5s. Participants were notified that
the trial would end automatically after an unspecified time if they
failed to reach the target. A maximum trial duration of 15s was
used for all experiments.

A control task (“SM”) involving isolated sensory and motor
tasks was conducted after the two search-based task runs. In the
motor task, the words “Keep Moving” appeared on the screen,
and the participant was told to move the wrist randomly in a
similar pattern as during the search task. The participant was
instructed to stop moving once the words disappeared. The
message “Relax” was displayed on the screen for 2 s prior to the
sensory only trials. For this condition, the participant was warned
that there would be times during which the red circle and sound
would appear and change outside of the participant’s control. The
participant was trained to not move and just watch and listen. The
last instruction to the participant was “If you see the words “Keep
moving” then move. If you do not see the words “Keep moving,’
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then stay still no matter what happens.” Throughout this final
run, the experiment would alternate between motor-only and
sensory-only conditions every 12 £ 2.0 s.

MRI Scans

Every participant was screened for MRI safety before entering
the magnetic environment. An axial T1-weighted anatomical
image was acquired using a fast spoiled gradient recalled (SPGR)
pulse sequence, with TE: 3.2ms, TR: 8.16 ms, flip angle: 12 deg,
prep time: 450, bandwidth: 22.73, FOV: 240 mm, 156 1 mm
slices, matrix size: 256 x 240. For functional MRI, a sagittal
view gradient-echo echo-planar sequence was acquired with TE:
25ms, TR: 2,000 ms, flip angle: 77 deg, FOV: 240 x 240 mm,
41 slices with 3.5mm thickness. Four 6 min fMRI scans were
performed, one for resting state, two for the search task, and one
for the sensory motor only task.

MRI Experimental Setup

As the participant lay supine, the forearm was elevated with foam
and fixed in place with sandbags. The ShapeTape was placed into
the participant’s impaired hand, or right hand in healthy adults.
Visual feedback was projected to a visor attached to the head
coil, and earbuds were placed into the ears to provide auditory
feedback. The MRI scan session consisted of one resting-state run
followed by three task-based runs. During the 6 min resting-state
run, each participant was asked to close their eyes and stay alert.
After the resting-state scan, the ShapeTape was placed into the
participant’s hand. If the participant had difficulty gripping the
device, then a surgical wrap was used to keep the hand closed. The
participant completed three 6-min runs of the same experiment
conducted for the first session, including two search-based and
one sensory-motor only.

Image Registration and Lesion Side

Normalization

Intersubject and intermodality image registration was completed
in both healthy adults and stroke participants using fully
automated techniques. Each participant’s anatomical T1-
weighted MRI volume was registered to a 152-brain MNI space
using a 12-parameter affine registration, and then non-linear
image registration was performed using Maxwell's demons
algorithm (37). Local histogram matching was performed prior
to deformable image registration in order to mitigate errors
caused by lesion contrasts (38). In brief, each voxel in the
subject’s T1-weighted image was assigned a value from 0 to 1
based on its percentile for a 5 x 5 x 5 voxel neighborhood
centered at that voxel. The resulting deformed T1-weighted
image was histogram-matched to the MNI template, where the
local percentile of the subject’s T1-weighted image was matched
to the same percentile of the MNI template. Finally, 5 iterations
of the demons algorithm were performed at the full 1 mm
resolution to align the edges of the images.

The images of all stroke participants that completed the
experiment with the left arm were flipped over the sagittal plane
so that all lesions were on the left side of MNI space. One of these
participants had a lesion within the left cerebellum, which was

flipped to the right side. The flipping placed all strokes outside
the cerebellum on the left side of MNI space.

fMRI Data Processing

General Linear Model for the Search Task

Task-based functional MRI analysis was performed with
AFNI (Analysis of Functional NeuroImages, RRID:SCR_005927,
afninimh.nih.gov/afni). Data were temporally resampled in
order to correct for non-uniform slice acquisition timing within
each volume. BOLD signal changes related to head translation
and rotation were corrected by affine coregistration between
volumes using AFNTs 3dvolreg function. The data were high-
pass filtered above 0.01 Hz. The motion parameters included
roll, yaw, pitch, and x, y, z translations, and were treated as
coregressors for all subsequent analyses.

General Linear Model and Cortical Activation Maps
We were interested in stroke-related differences in cortical
activity involved in sensorimotor integration during movement.
In addition, we are interested in the young and age-matched
control differences during this task. As previously shown in
Figure 1, at the start of the trial the sensory feedback was at
its lowest value. On the contrary, the level of wrist motion (not
displayed in the figure) was greatest at the start of the search.
As the participant closed in on the target, sensory feedback
increased. In this latter phase of the task, finer wrist movements
were required. Thus, wrist movement was greatest at the start
of each trial, and sensory feedback was greatest at the end. In
order to identify the brain activity associated with movement,
wrist motion was estimated as the absolute change in 6 with
time. However, as mentioned above, the wrist motion parameters
throughout time were used as co-regressors to help control for
the variation in movement during the earlier and later stages of
the task.

The sensory feedback and wrist movement signals, both
produced with our in-house software from the ShapeTape data,
were median filtered with a window of 2s. Using the “waver”
function in AFNI, the signals were then convolved with a double-
gamma variate hemodynamic response function to produce
modeled BOLD responses and resampled to the fMRI temporal
resolution of 0.5 Hz. This method was repeated for the auditory,
visual, and audiovisual feedback conditions to produce three
movement regressors (Ayf, Vi, AVy) and three sensory feedback
regressors (As, Vs, AVg). Using the 3dDeconvolve program
in AFNIL a multilinear regression was performed for each
voxel, with the six task-related regressors and six head motion
parameters (three rotation, three translation) contributing to the
BOLD signal. The marginal t-value for the beta coefficient of
each task-related regressor was resampled into 1 mm MNI space.
These six cortical activation maps were calculated for every stroke
participant and age-matched control.

Within Network Functional Connectivity

We were interested in the within network and between
network functional connectivity. For the within network
functional ~ connectivity, functional connectivity =~ MRI
analysis was performed with Multivariate Exploratory Linear
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Decomposition into Independent Components (MELODIC)
Version 3.14 available with the FMRIB’s Software Library (FSL,
RRID:SCR_002823, www.fmrib.ox.ac.uk/fsl). All runs and
the stroke and aged matched control participants were time
concatenated for a single 75-run (19 participants and 4 runs)
group ICA. The sensory-motor only task run of stroke participant
S04 was not included in the analysis since data collection was
not complete. The data were high-pass filtered with a cutoff
frequency of 0.01 Hz (39). The first five TRs were discarded to
exclude signal drifts due to system ramp-up. This left each run
with 175 volumes over 350 s. The functional image volumes were
motion corrected using the MCFLIRT implementation (40).
Slice-time correction was applied using linear interpolation.
Skull-stripping was automatically performed with the brain
extraction tool (BET) (41), and the data were spatially smoothed
with a 5mm full-width half-max Gaussian kernel. The skull
stripped images were visually inspected to ensure the quality of
the skull stripping. The resulting brain mask was used to exclude
non-brain voxels from the remaining analysis. All participants
were spatially normalized to an anatomical MNI standard
template using a 12-parameter affine registration implemented
in FLIRT (42). The voxel BOLD times series were demeaned,
variance normalized, and whitened.

The number of independent components were estimated
using a Bayesian approach described by Minka et al. (18). Once
the independent components for the combined stroke and age
matched control data were calculated, a dual regression (43) was
used to estimate individual spatial maps and time courses for each
participant and session. Components with vertical stripes in the
axial view were associated with motion and excluded from further
analysis. Voxel-based general linear modeling was performed
between stroke and age-matched controls, and between rest and
task conditions for each independent component. The resulting
maps of t values were used as representations of the contributions
of each condition to the component of interest. The term
“within network functional connectivity” was used to refer to this
relationship between the group/task and the network component.

Task-Based Network Identification

Opverall relationships between resting-state networks and the task
conditions were estimated with temporal correlation. The BOLD
response to each task condition was modeled by convolving
the stimulus presentation time signal with a double-gamma
hemodynamic response function. The modeled time courses
were concatenated across all 19 participants and four runs using
the same arrangement used for the time-concatenated group
ICA. The relationship between an independent component and
the experimental variable was estimated by correlating the spatial
component’s data time course to the modeled BOLD response
of the experimental variable. Since the movement-only and
sensory-only conditions were presented in regular 15 intervals,
their modeled time courses were used to identify the functional
brain network associated with the task. Shown in Figure S2, one
particular task-related independent component (SMy,) had a high
correlation (r > 0.9) with the movement-only condition. This
component, shown in Figure S2 below, will be referred to as the
active sensorimotor network.

TABLE 2 | Locations used for between network seed-based FC analysis.

Network Region X y z

DMN Precuneus 0 —55 26
DMN IPL left 48 —63 30
DMN IPL right —40 —59 30
PF left aPFC left 44 —55 42
PF left IPL left 48 33 18
PF right aPFC right -28 —63 38
PF right IPL right —44 17 22
SM left M1 left 36 -19 62
SM left Cbl ant right —24 —51 -30
SM left Cbl post right —24 —55 —58
SM left M1 right —36 -19 62
SM left Cbl ant left 24 —51 -30
SM left Cbl post left 24 —55 —58
SM right S1 right 40 —-31 42
SM right S1 left —40 —31 42
Chl Cbl left 24 —67 -38
Chl Cbl right —24 —67 -38
Vis V1 left -20 —91 -6
Vis V1 right 20 —91 -6
Visual Ext. V5 right 44 —59 —-18
Visual Ext. V5 left —-40 —67 —-10
Aud left Al left 64 -7 -2
Aud right A1 right —56 -1 2

Thal Thal right —24 9 —6
Thal Thal left 28 13 —6

Table of point locations used for seed-based functional connectivity analysis. The
network name (i.e., independent component), anatomical region, and MNI coordinates
are provided for each seed. Abbreviations: (DMN, default-mode network; PF left, left
parieto-frontal network; PF right, right parietofrontal network; SM left, left sensorimotor
network; Cbl, Cerebellum network; Vis, primary visual network; Visual Ext., extrastriate
visual network; Aud left, left primary auditory network; Aud right, right primary auditory
network; Thal, thalamus network). Region abbreviations: (IPL, inferior parietal lobule;
aPFC, anterior prefrontal cortex; M1, primary motor cortex; S1, primary sensory cortex;
V1, primary visual cortex; A1, primary auditory cortex; /56, middle temporal visual area).

Between-Network Functional Connectivity Analysis

In order to assess the between-network functional connectivity,
group ICA network maps were thresholded at a z-score of 30,
and local maxima of clusters >2 cm® were treated as nodes
for a subsequent seed-based functional connectivity analysis.
The z-score threshold and cluster size threshold were chosen
heuristically such that only one or two clusters remained for
each network. The voxel with the maximum z-score was used
from each cluster for seed-based analysis. Shown in Table 2, a
total of 27 local maxima were extracted from the left and right
sensorimotor networks, the left and right parietofrontal control
networks, the default-mode network, the bilateral cerebellar
network, the bilateral extrastriate visual network, the primary
visual network, the left and right auditory networks, and the
bilateral thalamic network. Since the task-fMRI data were
also included in the ICA, the left sensorimotor network map
contained three clusters. These included the left precentral gyrus,
and two clusters within the right cerebellum. The inclusion
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of task-positive BOLD data also caused the right sensorimotor
network’s local maximum to occur within the postcentral gyrus.
Since the contralesional sensorimotor network has been shown
to be involved in motor plasticity after stroke, the nodes from
left and right sensorimotor networks were reflected over the
mid-sagittal plane to produce 4 additional nodes. Independent
components related to motion or cardiac artifact were regressed
out of the raw BOLD data. The six motion regressors that were
calculated by the MCFLIRT function prior to the group ICA
were also used to clean the original BOLD data. The temporal
correlation coeflicient was calculated from the cleaned BOLD
time courses of each pair of seed points.

Statistical Analyses

Voxel-Based Analysis of BOLD Activation Maps and
Spatial Network Maps

All spatial map group comparisons were performed in MNI
space and corrected for multiple comparisons using FDR
correction. Group differences in functional connectivity maps
were calculated in a 4 mm resolution MNI space as output by
MELODIC. In our AENI pipeline, we upsampled the BOLD
activation maps into 1 mm MNI space before group comparison.
Three BOLD activation maps from AFNI and four spatial
network maps from the FSL dual regression analysis were
compared between groups and conditions by using voxel-
based Student’s ¢-tests. Since we were focused on sensorimotor
function in this study, only the spatial maps of networks
included in Table 2 were analyzed. Voxel-level Student’s ¢-tests
were performed to test contrasts between stroke and control
groups. In the functional network maps, additional paired ¢-tests
were performed to determine within-group contrasts between
resting-state and search. Spatial clusters of significantly different
voxels (p < 0.01) were identified. In order to account for
multiple comparisons, a corrected alpha value of 0.05 was
used to remove clusters less than a threshold size determined
by 3dClustSim tool in AFNI. 3dClustSim, which corrects for
multiple comparisons using FDR correction, was applied to
both 4mm and 1 mm MNI space templates to estimate cluster
size thresholds for FDR correction. The cluster size threshold
was 359 voxels for the 1mm BOLD contrasts from AFNI
and 8 voxels for the 4 mm functional connectivity maps from
MELODIC. Multiple comparisons correction was further applied
for the number of contrasts performed (3 activation maps and
20 functional networks). For between-network connectivity, a
Student’s ¢-test with was performed between stroke participants
and age-matched controls for the edge strength between each
pair of seed points. Multiple comparisons FWE correction was
applied for the number of pairwise t-tests, which was (n*(n-
1)/2) = (27%26/2) = 702.

Correlational Analysis With Clinical Functional Scores
We hypothesized that stroke-related differences in task-related
BOLD activation and functional network spatial maps would
be correlated with the clinical evaluations of sensorimotor
impairment/function. A linear regression analysis was performed
with each BOLD activation contrast and functional network
maps as a predictor of the Box and Blocks Score for the impaired
arm. No linear regressions were performed with our activation

and connectivity measures and the Fugl-Meyer or the Wolf
Motor scores because there was a ceiling effect in our stroke
participants with the Fugl-Meyer upper extremity (Table 1), and
the Wolf Motor correlated with the Fugl-Meyer (R = 0.87). The
independent components that were compared between groups
included the left and right sensorimotor networks. The p-values
were multiplied by the number of analyzed networks to correct
for multiple comparisons.

RESULTS

The Search Task Produced Cortical
Activation Patterns Within Motor and

Multisensory Integration Areas

Figure 2 demonstrates that in young healthy individuals and
in the age-matched control group, our search task successfully
produced unique cortical activation patterns for different sensory
feedback conditions. Activity is reported where the group mean
is significantly positive (¢t > 2.79, p < 0.01, corrected). Search
task-related activation common to all conditions was detected
in contralateral sensorimotor cortex, bilateral premotor cortex,
bilateral somatosensory association cortex, and bilateral anterior
cerebellum. Purely visual or auditory activity was found in the
primary visual and auditory cortices. An inferior-to-superior
spatial gradient in overlapping activation maps were seen along
the bilateral occipital surface. The superior occipital gyrus activity
was exclusive to the unimodal auditory feedback condition.
The middle occipital gyrus responded to the auditory and
audiovisual conditions.

In young adults, there was unique activation during the
audiovisual feedback condition within the bilateral dorsolateral
prefrontal cortex and bilateral posterior parietal cortex,
corresponding to the anterior and posterior multimodal
association areas. BOLD activation in the control group that
was age-matched to the stroke survivors was similar with the
young healthy adults. However, this group did not have unique
activation within the prefrontal and posterior parietal areas.
Figure S3 illiterates stroke activity and the difference between
stroke and control.

During Sensory-Guided Movement, BOLD
Activation in Stroke Survivors Depends on

Sensory Feedback Modality

As demonstrated in Figure 3 and Table 3, the BOLD activation
in stroke survivors was dependent on the modality of sensory
feedback. First, in the visual search condition, stroke survivors
had similar activation to the age-matched controls within the
active contralateral sensorimotor cortex. There was an increased
activation in the contralesional prefrontal, posterior parietal,
and sensorimotor cortices (p < 0.01, corrected). Increased
activation was also observed within the ipsilesional prefrontal
cortex (p < 0.01, corrected). Second, overall BOLD activity in
stroke participants was lower than controls during the auditory
feedback condition. Thirdly, the task-related BOLD activity
in stroke survivors during the audiovisual search condition
was significantly different from the age-matched controls in
the contralesional inferior occipital gyrus and the posterior
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FIGURE 2 | Search-task BOLD activation maps in healthy individuals. These activations were produced from the novel search task paradigm. Mean BOLD activation
for the auditory (Aw), visual (V\1), and audiovisual (AV),) task conditions in (A) the young healthy adult group and (B) the control group age-matched to the stroke
survivors. Note the BOLD contrasts are shown for the movement regressors.

Stroke Stroke
> Control < Control

Visual

Auditory

FIGURE 3 | BOLD activation maps of stroke vs. controls. BOLD activation in visual, auditory, and audiovisual sensory guided movement. Group-averaged activity and
significant differences (o < 0.01, un-corrected) are shown in stroke survivors (n = 10) and controls (1 = 9) on inflated brain surfaces. The three sensory feedback
conditions had similar activation in the contralateral sensorimotor cortex, bilateral premotor cortex, and bilateral somatosensory association cortex. Stroke participants
had greater contralesional activation than controls during the visual condition and less ipsilesional activity during the auditory condition. The contralateral (ipsilesional)
side is depicted on the left, and the ipsilateral (contralesional) side is depicted on the right.

thalamic radiation. During the visual and the audiovisual search, =~ (Table 3). In the visual search task, the contralesional middle
contralesional regions positively correlated with the Box and  occipital gyrus, and superior temporal gyrus correlated with
Blocks score, with the exception of the superior temporal gyrus  the Box and Blocks score; similarly, the inferior occipital and
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TABLE 3 | Localized group differences in BOLD activation.

Condition ROI X y z nVox t p () corr B&B p (slope)
Visual MOG_R 46 -73 850 -3.16 1 0.00636 0.716 1 0.03610
Search STG_R 68 -17 655 3.49 t 0.00321 —0.765 t 0.01972
SPG_R 31 —62 63 35 —2.00 0.06249 0.851 1t 0.00389
Visual Cbl_R 10 —46 -59 12 —2.35 f 0.03182 0.697 f 0.04527
Target AG_L —40 -75 49 9 2.34 f 0.03275 ~0.845 1t 0.00471
Auditory LG_L -19 -82 -9 3616 -3.65 tt 0.00221 0.844 1t 0.00481
Search LG_R 11 -80 -1 1234 -3.79 tt 0.00167 0.698 t 0.04486
SPG_L —27 -55 67 80 —2.73 7 0.01503 0.761 7 0.02112
MCP_L —12 —22 -33 50 -3.15 T 0.00651 0.672 0.05666
STG_R 30 24 —34 12 —2.00 0.06236 0.742 1 0.02676
SPG_L -15 -63 71 12 —427 T 0.00062 0.655 0.06525
Auditory STWM_L -52 -21 -1 6027 -3.77 tt 0.00174 0.887 1t 0.00154
Target Cu_L -4 -96 6 963 -2.58 4 0.02122 0.916 " 0.00049
PoCWM_R 27 -35 74 528 -3.58 L 0.00265 0.837 " 0.00566
Cbl_R 8 -82 —47 296 —5.21 ) 0.00009 0.698 7 0.04485
IFG_R 35 17 14 166 —-3.77 T 0.00173 0.632 0.08274
PrCG_L —58 -1 24 86 —2.44 f 0.02772 0.848 Ll 0.00427
PrCG_L -3 -30 74 37 —3.24 [l 0.00546 0.885 l 0.00162
STG_R 70 —22 -2 35 —3.63 ft 0.00235 0.590 0.11181
MCP_R 21 —64 -35 34 —3.79 ft 0.00168 0.485 0.21533
Audiovisual  10G_R 39 -77 643 —4.46 1t 0.00041 0.740 U 0.02721
Search PTR_R 36 -61 484 -3.89 1t 0.00138 0.807 t 0.01023
Audiovisual  MTWM_L —49 —49 1 70 4.77 ft 0.00022 ~0.602 0.10391
Target Cbl_L —31 -88 -29 52 —1.54 0.14873 0.910 ft 0.00067
ITG_L -63 —53 -18 40 -3.55 ) 0.00282 0.712 7 0.03807
STG_L —47 —41 5 32 2.93 7 0.01033 ~0.692 7 0.04777
POCWM_L -39 —o7 36 25 2.46 f 0.02672 —0.752 f 0.02369
SPG_L —31 —49 34 12 2.48 f 0.02587 -0.743 7 0.02650

Clusters surviving FDR correction are marked in bold font. Note that “corr B&B” is the Pearson correlation coefficient between the BOLD activation and Box and Blocks score in stroke
participants. Also note, “Search” in this table refers to the Ay, Vi, and AV regressors and “Target” refers to the Ag, Vs, and AVs regressors described in Section General linear model
and cortical activation maps. ROl Acronyms: IFG, inferior frontal gyrus; IOG, inferior occipital gyrus;, MOG, middle occipital gyrus; STG, superior temporal gyrus; SPG, superior parietal
gyrus; ITG, inferior temporal gyrus;, SMG, supramarginal gyrus; LG, lingual gyrus; Cbl, cerebellum; PoCG, postcentral gyrus; PrCG, precentral gyrus; AG, angular gyrus; Fu, fusiform
gyrus;, MTG, middle temporal gyrus;, MCP, middle cerebellar peduncle; PTR, posterior thalamic radiation. fp < 0. OS,ﬁp < 0.01.

the posterior thalamic radiation correlated with the Box and
Blocks score during the audiovisual task. As mentioned, the audio
search task had decreased BOLD activity in the stroke group
as compared to the controls, and these bilateral decreases were
positively correlated with the Box and Blocks score.

Stroke Participants Have Increased
Contralesional Within-Network Functional

Connectivity During the “Search” Task

Within-network functional connectivity information provided
by the independent component analysis is shown in Figure 4;
Table 4. Figure 4A presents the network that had the highest
temporal correlation with the recorded movement. This
network included the contralateral sensorimotor cortex, bilateral
premotor cortex, and ipsilateral cerebellum, which had the
highest temporal correlation with the modeled BOLD response

(R = 0.716 across all participants). During both rest and the
search task, this movement-related network was similar between
stroke participants and age-matched controls. In controls,
the participation of sensorimotor cortices became lateralized
during the “search” task. Both hemispheres contributed to
this shift in laterality, with greater positivity in contralateral
sensorimotor areas and negative coeflicients in the ipsilateral
sensorimotor cortex. There was also an increased bilateral
contribution from the supplementary motor area. These task-
related network changes were not seen in stroke participants.
Rather, contralateral somatosensory cortex and ipsilateral SMA
and ventromedial premotor cortex increased in network
participation. Thus, stroke participants had greater within-
network participation in the ipsilateral hemisphere during the
search task. This result also held after subtracting the resting-state
network values.
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Search Search > Rest

Control

Stroke
>
Control %

Search > Rest
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FIGURE 4 | Within network functional connectivity: stroke vs. control
functional network maps. Independent component spatial maps for the
ipsilesional/contralateral (A) and contralesional/ipsilateral (B) sensorimotor
networks. Stroke and control t-value group averages and differences for rest
and task conditions are overlaid on an inflated cortical map surface. Group
averages with a mean normalized component intensity above three are
colored red. Difference maps show clusters >11 cubic millimeters after
thresholding at p < 0.01. The ipsilesional side is depicted on the left,
contralesional on the right. The colors represent p-values corresponding to the
t-test run after the individual ICA maps were created with dual regression.
Yellow and cyan are p < 0.05, where red and blue are p < 0.01. Blue/cyan
represent significantly lower voxels and red/yellow represent significantly

higher voxels for the test indicated.

Stroke Survivors Have Decreased
Between-Network Interhemispheric
Connectivity and Increased Functional

Connectivity to Visual Areas

Between-network functional connectivity at rest and during the
search task are shown in Figure 5. The resting-state functional
connectivity between left and right sensorimotor networks

was lower (p < 0.05, corrected) in the stroke group. During
both the task and resting state, functional connectivity in
stroke participants showed an increase in connectivity between
the sensorimotor areas and the visual areas in the occipital
lobe as shown in Figure 5A. During the “search” task the
left and right parietofrontal networks demonstrated lower
between-network functional connectivity, both between the
parietofrontal areas and the rest of the networks. Connections
to the cerebellum (Figure 5D) were also lower in participants
with stroke.

Decreased Task-Based Functional
Connectivity With the Cerebellum During
Sensorimotor Integration Correlates With

Motor Impairment After Stroke

Figure 6 shows that with the “search” task, decreases in
network functional connectivity of the cerebellum and
visual association areas were associated with Box and Blocks
score in individuals with stroke. In stroke participants, the
contralesional cerebellum had decreased functional connectivity
with the active sensorimotor cortex as previously mentioned
(Figure5; p < 0.005, corrected). As shown in Figure 7,
this cortico-cerebellar connectivity was significantly and
positively correlated with Box and Blocks score (r> =
0.64). Also, the connectivity of right and left extrastriate
cortical regions (V5) measured during the search task were
significantly and positively correlated with Box and Blocks
score (1> = 0.82). There were no significant correlations
between resting state functional connectivity and the Box and
Blocks score.

DISCUSSION

This study provides several novel findings that advance our
understanding of network function of the brain after stroke.
Consistent with our hypothesis, we found that the search
task activated different parts of the brain dependent on
visual, auditory, or audiovisual cues. For instance, in order to
complete the visual search task control participants used greater
contralateral activation, while stroke participants used greater
ipsilateral activation. The connectivity analysis of the search
task revealed more stroke-related deficits as compared to resting
state. Of particular interest, we found a stroke-related increase
in functional connectivity between the sensorimotor and visual
areas only during the search task (not resting state), suggesting
stroke survivors might rely more on visual feedback for motor
control. The dependence of hand function on cerebellar and
sensorimotor connectivity was only detected during the search
task, indicative of the importance of performing task-based
functional connectivity.

Multisensory Control in Wrist Movement
Evokes Activation in Bilateral Motor and

Association Areas
The activation patterns seen in the neurologically intact
control group revealed that wrist movement during single
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TABLE 4 | Localized group differences in network spatial maps.

Run IC ROI X y z nVox t p(t) corr B&B p (slope)
Rest Right PF ITG_R 44 -1 —44 13 ~3.42 1 0.00360 0.928 Ll 0.00028
DAN/CbIL SMG_R 68 -33 20 11 3.72 1 0.00188 —0.794 f 0.01276
tt
Search V1 Medial LWM_R 12 —81 0 32 -3.18 1 0.00617 0.853 T 0.00377
Left SM Cbl_R 44 —65 —40 54 3.71 1 0.00192 —0.915 ) 0.00049
Left SM Cbl_R 32 -53 —24 39 -3.26 1 0.00515 0.883 ) 0.00171
Left SM POCWM_L —20 -33 40 35 3.52 1 0.00301 —0.857 ) 0.00347
Left SM PrCG_R 36 -5 60 17 —4.43 Tt 0.00043 0.899 ft 0.00097
Right PF AWM_R 36 -53 32 11 2.99 ft 0.00900 ~0.732 f 0.02957
tt
SxorM  Right Insula Fu_R 28 —81 -8 12 2.64 f 0.01955 -0.953 T 0.00020
DMNmpf MTG_L —60 —21 -16 11 —4.28 1 0.00069 0.892 T 0.00305
Left SM Cbl_R 50 —61 —44 22 3.12 1 0.00720 —0.965 t 0.00007
Left SM Cbl_R 36 -53 —28 17 -3.01 1 0.00903 0.810 f 0.01711
Central M1 Cbl_R 36 -77 —40 11 -3.81 1 0.00177 0.913 T 0.00152

'p <0.05 1p <0.01.

MNI spatial coordinates are provided for clusters with significant group differences between stroke participants and age-matched controls.
ROI Acronyms: ITG, inferior temporal gyrus; SMG, supramarginal gyrus; LWM, lingual gyrus; Cbl, cerebellum; PoCWM, postcentral gyrus; PrCG, precentral gyrus; AWM, angular gyrus;

Fu, fusiform gyrus; MTG, middle temporal gyrus.

IC Acronyms: PF, parietofrontal control network; DAN, dorsal attention network; /1 medial, central visual network; SM, sensorimotor network; DMNmpf, default-mode network medial

prefrontal node.

and multisensory search tasks elicits activation patterns mainly
in the contralateral sensorimotor, and the bilateral premotor
and somatosensory association cortices (Figure 2). As expected,
the visual feedback task produced additional activation in the
occipital lobe (44-46), while the auditory feedback produced
activation in the temporal and superior occipital gyrus (47—
49). Interestingly, the combined audiovisual condition in young
adults also recruited areas in the dorsolateral prefrontal cortex
and the bilateral posterior parietal cortex. Similarly, the within-
network and between-network functional connectivity also
suggests that the complex search task used in the current
study connects motor and association areas bilaterally, which
contrasts to the lateralized contralateral activation seen in
finger tapping fMRI protocols (50, 51). This is notable in
Figure 4A, where the independent component network with
the highest temporal correlation with the recorded movement
during the search tasks included the contralateral sensorimotor
cortex, the bilateral premotor cortex, and the ipsilateral
cerebellum (not visible in figure). Our study shows that a
search task paradigm reveals the effects of multimodal sensory
feedback on brain functional networks in neurologically intact
participants, providing evidence that single-joint movement
during multisensory control recruits areas of the brain beyond
contralateral motor regions.

Brain activation was sensitive to the search task fMRI
paradigm in stroke participants. As seen in Figure 3, stroke
participants’ task-related activation was dependent on the type
of sensory feedback. Stroke participants had increased activation
in the bilateral prefrontal cortex, and contralesional posterior
parietal and sensorimotor cortices during the visual search
condition. During auditory feedback, stroke participants had

reduced ipsilesional activity. In the combined audiovisual search
task, activation of the inferior occipital and the posterior
temporal gyri was significantly reduced in stroke, and activation
of these regions positively correlated with the Box and Blocks
score (Table 3). These results suggest that task-related activation
is sensory-dependent, and that multisensory integration is
impacted by stroke (52).

Functional connectivity was also dependent on the search
task in the current study. The within-network functional
connectivity results suggest that stroke participants engage
bilateral motor regions to a higher extent to complete the search
task. Figure4 shows that the functional connectivity within
the ipsilateral sensorimotor network was greater during the
search task as compared to rest in stroke participants. Whereas,
the sensorimotor cortices in the neurologically intact group
became more lateralized toward the contralateral hemisphere,
the stroke group had greater within network participation in
the ipsilateral hemisphere during the search task, suggesting that
stroke participants engage bilateral motor networks during a
search task and wrist movement. This observation is consistent
with prior reports on brain activation (10, 53, 54).

Task-Based Functional Connectivity
Provides Unique Information About
Sensorimotor Integration and Motor
Control After Stroke

Consistent with our hypothesis, the search task revealed
“local specialization” as evidenced by increased within-
network functional connectivity, and greater between-network
connectivity after stroke. The control group saw an increase in
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FIGURE 5 | Group differences in between network functional connectivity. An
inflated pial surface of a template brain is shown with color-coded independent
components and functional network graph overlay. The ipsilesional side is
depicted on the left, contralesional on the right. Stroke-related increased
connections are in red and decreases are in cyan. The overhead view in (A)
shows the connectivity to the left and right sensorimotor network nodes and in
(B) presents connectivity to the bilateral parietofrontal networks. (C) The
posterior views show connectivity differences to four (C) sensorimotor network
nodes, and (D) eight cerebellar nodes. Note that all nodes are within brain

tissue, although some of the network edges are difficult to visualize.

within-network connectivity in the contralateral sensorimotor
areas and bilateral SMA (Figure 4A). As shown in Figure 4B,
cortical areas within the ipsilateral sensorimotor network were
lower during the search task in control participants, further
suggesting task-related inhibition of the ipsilateral cortex in
healthy individuals and lateralization toward the contralateral
hemisphere (22). The increase in bilateral SMA contributions

FIGURE 6 | Functional trends in seed-based functional connectivity.
Differences in functional connectivity in individual stroke survivors during the
search task vary with Box and Blocks Score (colored number indicated on top
of each brain). Note that the z-score is calculated as the difference in
connectivity strength between the age-matched controls and the individual
stroke participant. The ipsilesional side is depicted on the left, contralesional
on the right. Note that all nodes are within brain tissue, although some areas in
the cerebellum are difficult to visualize with this slice.

to the sensorimotor network with the task might be due to
the strong reciprocal connections between the left and right
SM (55). In contrast, the stroke group saw increased within
network connectivity in the ipsilateral SMA and ventromedial
premotor areas during the search task (Figure 4B). Due to lesion
location in the contralateral hemisphere, stroke participants
were unlikely to be able to increase contralateral cortical
participation in the SM network with the task. Thus, the
stroke group appeared to produce local reorganization in the
ipsilateral side.

The task-based fMRI revealed stroke-related network
connectivity changes that positively correlated with motor
impairment (Figure 7). The resting-state functional connectivity
between left and right sensorimotor networks was lower (p <
0.05) in the stroke group, which is consistent with other reports
of decreased interhemispheric connectivity after stroke (21);
however, these changes were not correlated with the box and
blocks scores (Figure 7A). During the “search” task, reduced
functional connectivity between the left and right V5 was strongly
correlated with the box and blocks score in stroke individuals
(Figure 7D). Additionally, the functional connectivity between
the middle temporal gyrus and parietofrontal nodes showed
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FIGURE 7 | Scatterplots of seed-based connectivity during “search” task vs. motor function. Stroke participants are shown with black dots and controls are shown
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stroke-related increases (Figure 5). The middle temporal gyrus
has been shown to play a role in processing motion-related visual
information (56).

Clinical Correlations During the Search
Task Reveal Sensorimotor Integration

Deficits in Stroke

A unique finding in this study is a stroke-related increase in
functional connectivity between the sensorimotor and visual
areas during a search task, suggesting that stroke survivors may
rely on visual feedback for motor control. During the auditory
feedback conditions, stroke participant’s auditory cortex was less
active (Table 3; Figure 3). In contrast, ipsilesional cortical activity
was more widespread in stroke participants than controls during
the visuomotor task. While auditory feedback has been shown
to improve weight bearing and gait characteristics in stroke

survivors (57), individuals with stroke have been shown to rely on
visual feedback for posturing (58). Additionally, visual feedback
during grip-force control increases activation in the visual cortex,
premotor cortex, supplementary motor areas, and the ipsilateral
cerebellum in stroke participants (59), and limb apraxia has
been associated with a deficit in visuo-motor integration due to
lesions in the fronto-parietal motor network (60). The findings
suggest that visual information during a complex motor task is an
important source of feedback in stroke survivors and highlights
the importance of measuring brain activation and calculating
between-network connectivity during task-state fMRI.

Although the results showed an effect during visual feedback
that was not present during the auditory condition, it would be
overreaching to conclude that stroke survivors are more sensitive
to visual over auditory feedback during fine-motor control. We
do not know the visual vs. auditory sensitivity in each subject,
which is information that would require a psychophysical exam.
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Although we did not record the dB gain of the maximum
auditory feedback, a reasonable volume was used during the
experiment. The volume was set such that the subject reported
that the auditory feedback could be heard.

In addition to identifying stroke participant’s dependence
on visual feedback for motor control, this work emphasized
the importance of cerebellar functional connectivity after
stroke, specifically during sensorimotor integration. As indicated
in Figure5, the bilateral cerebellum exhibited stroke-related
decreases in functional connectivity during both at rest and
during the search task. Additionally, the connectivity between
the ipsilateral cerebellar crus VI and the contralateral M1 was
positively correlated with the box and blocks score when tested
using the search task (Figure 7B). Involvement of the cerebellum
in different networks involving movement and multisensory
integration give it a critical role in brain plasticity after stroke
(61). The motor cortex and cerebellum together have been
shown to be involved in plasticity during motor training and in
sensorimotor integration (62). Past imaging studies have shown
that the connectivity between the cerebellum and parietofrontal
areas are related to post-stroke motor function (63, 64).

Study Limitations

This study is limited by its small sample size for each group,
especially for the age matched control and stroke participants.
Head motion is a potential confounding factor in any study
using functional activity or connectivity MRI, especially those
involving task-based paradigms and patient populations. Indeed,
head motion has been found in past studies to be greater
in patients than in controls, and also increases with age
(65). Van Dijk et al. found that although most variability in
functional connectivity is not associated with head movement,
there is significantly reduced functional coupling between the
parietofrontal and default-mode network nodes in young adults.
Furthermore, greater mean head motion leads to increased
local functional coupling and interhemispheric connectivity
between sensorimotor areas. Stroke participants in this study had
significantly greater mean head motion than controls (p < 0.05)
at rest and during the search task. Thus, our findings that stroke
survivors had decreased between-network connectivity to the
bilateral parietofrontal networks and increased within-network
connectivity contralesionally could be in part due to increased
head motion. However, we observed decreased interhemispheric
connectivity, opposite to what was observed by Van Dijk et al.
Since head motion was regressed out of the original data before
our seed-based analysis, we do not believe that it was the prime
contributor to our findings.

Changes in vasculature after stroke can lead to differences
in neurovascular coupling near the lesion, which may influence
correlations of these voxels with distant areas. Differences in
brain structure can have an impact on functional connectivity
metrics due to changes in the partial volume of gray matter
(66). Using simulations, Dukart and Bertolino showed that
between-group differences in brain structure leads to significant
differences in functional connectivity between the groups. Due to
the large variability in lesion location in this study, partial volume
was not expected to have a significant impact on functional
connectivity results.

Non-stroke related lateralization of cortical activation and
functional connectivity is a potential confounding factor in
this study. Studies of healthy adults have shown significant
lateralization of resting-state functional connectivity (67).
Nielson et al. showed that there are 20 “lateralization hubs” that
have the most lateralized functional connectivity. Some of these
hubs included the dorsolateral prefrontal cortex, supplementary
motor area, premotor cortex, Broca’s area, insula, and junctions
between the parietal, occipital, and temporal lobes. Many of
these regions are unimodal and multimodal sensory association
areas. Handedness of our participants and the procedures of
flipping the brain over the mid-sagittal plane to place all lesions
on the same side of the brain could have had an impact on
the results.

Spatial group differences in BOLD contrasts and functional
connectivity could have been affected by group differences in the
level of head motion during the task. The fsl_motion_outliers
program in the FMRIB Software Library was used to estimate
mean frame-wise displacement (FD) and mean square of
successive differences (DVARS) (68) from the BOLD data during
the search task runs of each subject. Shown in Figure $4,
both metrics of head motion were significantly different (p
< 0.01) between groups, but neither DVARS (r2 0.02)
nor FD (r2 0.08) were correlated with Box and Blocks
score. Although head motion regressors were included in
all fMRI analyses in this study, greater motion in stroke
subjects may have reduced the peak values of the functional
connectivity maps.

Differences between study groups in range of wrist movement,
and task performance could also impact the interpretation of
our imaging findings. We report the number of completed
search-task trials as a rough estimate of performance in
Figure S5a. On average, stroke subjects completed 49.4 trials,
which was significantly (p < 0.01) >61.1 trials completed
in age-matched controls. However, the number of completed
trials did not correlate (r2 = 0.04) with the Box and Blocks
score. Shown in Figures S5a-c, the number of search trials
(Figure S5a) and the average error accumulated (Figures S5b,c)
was not correlated with the box and blocks scores. Shown in
Figures S5d,e, the range of wrist motion was not significantly
different between groups nor correlated with Box and Blocks
score in stroke subjects.

CONCLUSION

In conclusion, our novel functional MRI task paradigm
involving wrist movement and multisensory feedback revealed
changes in BOLD activation and functional connectivity
after stroke, suggesting that task-based fMRI can highlight
alterations in brain functional networks after stroke. We
documented widespread bilateral activation in neurologically
intact participants during an audiovisual search task, indicating
that multisensory wrist control recruits primary motor and
association areas. In contrast, stroke participant’s activation
patterns were task dependent; visual feedback produced
increased contralesional activation compared to controls, while
auditory feedback resulted in decreased activation ipsilesionally.
Additionally, our within-network functional connectivity
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analysis detected a task-related lateralization to contralateral
sensorimotor regions in control participants that was not found
in stroke. Lastly, between-network functional connectivity
during the search task revealed decreased connectivity between
the ipsilesional sensorimotor cortex and the contralesional
cerebellum, and between interhemispheric V5 regions, which
both correlated with box and blocks scores of hand function.
These results suggest that task-based functional connectivity
provides detail on changes in brain networks in stroke
survivors. The data also highlight the importance of cerebellar
connections for recovery of arm function after stroke. Future
work will investigate the role of structural connectivity in
these mechanistic changes between sensorimotor and sensory
integration networks.
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Positron emission tomography (PET) represents a unique molecular tool to get in vivo
access to a wide spectrum of biological and neuropathological processes, of crucial
relevance for neurodegenerative conditions. Although most PET findings are based on
massive univariate approaches, in the last decade the increasing interest in multivariate
methods has paved the way to the assessment of unexplored cerebral features,
spanning from resting state brain networks to whole-brain connectome properties.
Currently, the combination of molecular neuroimaging techniques with multivariate
connectivity methods represents one of the most powerful, yet still emerging,
approach to achieve novel insights into the pathophysiology of neurodegenerative
diseases. In this review, we will summarize the available evidence in the field of PET
molecular connectivity, with the aim to provide an overview of how these studies
may increase the understanding of the pathogenesis of neurodegenerative diseases,
over and above “traditional” structural/functional connectivity studies. Considering the
available evidence, a major focus will be represented by molecular connectivity studies
using [18FIFDG-PET, today applied in the major neuropathological spectra, from
amyloidopathies and tauopathies to synucleinopathies and beyond. Pioneering studies
using PET tracers targeting brain neuropathology and neurotransmission systems for
connectivity studies will be discussed, their strengths and limitations highlighted with
reference to both applied methodology and results interpretation. The most common
methods for molecular connectivity assessment will be reviewed, with particular
emphasis on the available strategies to investigate molecular connectivity at the single-
subject level, of potential relevance for not only research but also diagnostic purposes.
Finally, we will highlight possible future perspectives in the field, with reference in
particular to newly available PET tracers, which will expand the application of molecular
connectivity to new, exciting, unforeseen possibilities.

Keywords: amyloid PET, brain networks, connectivity, FDG-PET, multivariate analysis, neurodegenerative
diseases, neurotransmission, tau PET
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INTRODUCTION

During the last decades, positron emission tomography (PET)
has established itself as a relevant tool, in providing in vivo
biomarkers for neurodegenerative diseases associated with
cognitive decline and dementia, and playing a leading role in
the diagnostic work-up of these conditions (Albert et al., 2011;
Gorno-Tempini et al., 2011; McKhann et al., 2011; Rascovsky
et al., 2011; Sperling et al., 2011; Armstrong et al., 2013; Dubois
et al., 2014; McKeith et al., 2017). PET represents a unique
tool to in vivo measure different molecular processes that are
key to the pathophysiology of neurodegenerative conditions (cf.
Taccarino et al., 2017b). Together with well-established tracers,
such as [18F]FDG, measuring cellular glucose metabolism, new
tracers have and are being developed, providing access to a
widespread set of biological and pathological processes, from
neurotransmission to amyloid and tau pathology.

Recently, the field of neurodegenerative diseases has witnessed
a paradigmatic shift, with the research focus shifting from
evaluating the effect of underlying pathology on local neuronal
function to assessing the long-distance effects of brain pathology
on interconnected neural systems (Fornito and Bullmore, 2015).
Pathophysiological models of neurodegeneration now take into
account brain inter-regional anatomical and functional networks,
considered as relevant targets of pathology, on the one hand
(Palop et al., 2006), and as key players in pathology spreading,
on the other hand (Seeley, 2017).

The knowledge on functional and structural brain networks
and connectivity is increased rapidly, with a plethora of studies
focusing on magnetic resonance imaging (MRI), as a widely
available and cost-effective in vivo tool (see for review Fornito and
Bullmore, 2015; Fornito et al., 2015).

Information on molecular brain networks and connectivity,
as assessed by PET, is still scarce, with the few studies mostly
focusing on [18F]FDG-PET metabolic connectivity. Here we
review the most recent advances in this emerging field. Following
a brief introduction on the available PET tracers and on the
theoretical and methodological framework of brain connectivity,
we will review available molecular connectivity studies using PET,
particularly in combination with [18F]FDG tracer, as a functional
measure of brain metabolism. Pioneering studies assessing
molecular connectivity with tracers for neurotransmission and
brain pathology will also be discussed. Finally, methodological
advances and future directions in the field will be reviewed.

PET: RELEVANT TRACERS FOR
NEURODEGENERATIVE DISEASES

Positron emission tomography studies of neurodegenerative
diseases have greatly contributed to the research in clinical
neuroscience (Jagust, 2018), by providing access to a series
of molecular measures impossible to obtain in vivo with
other neuroimaging techniques (Iaccarino et al., 2017b). PET
is increasingly showing its potential in supporting clinical
diagnosis of neurodegenerative conditions, also in the early,
if not preclinical, disease phases, by allowing the detection

of subtle pathological and functional neural changes even
before clinical symptoms become manifest (Albert et al., 2011;
Sperling et al., 2011).

Traditionally, the focus of brain PET studies has been
on brain metabolism, as accurately measured by [18F]FDG-
PET. It is well-established that [18F]FDG-PET signal, reflecting
both oxidative metabolism in neurons and aerobic glycolysis
in astrocytes, is strictly coupled to synaptic function (Stoessl,
2017) and dysfunction. Since synaptic dysfunction can arise
from several neuropathological events, among which altered
intracellular signaling cascades and mitochondria bioenergetics,
impaired neurotransmitter release, accumulation of neurotoxic
protein species, and long-distance disconnections (Perani, 2014),
[18F]FDG-PET can be considered as a “funnel” biomarker,
able to capture all the different pathological events that
produce a perturbation in glucose metabolism. Decades of
research have shown that specific patterns of hypometabolism
can be consistently detected in the major neurodegenerative
conditions, from Alzheimer’s disease to dementia with Lewy
bodies to the different syndromes of the frontotemporal dementia
spectrum (cf. Perani et al., 2014; Cerami et al, 2015, 2016;
Caminiti et al., 2019).

Positron emission tomography can also be used to measure
receptor density (both at pre- and post-synaptic level) and
transporter binding in neurotransmission systems. PET tracers
have been developed for measuring the integrity of several
brain neurotransmission systems, from the aminenergic to the
p-opioid systems. Although the major application of tracers
for neurotransmission is in the field of psychiatric disorders,
some of these tracers have been used to measure neurochemical
alterations in neurodegenerative diseases. Among the most used
tracers, [11IC]MP4A - and analogous tracers for cholinergic
presynaptic function - have shown reduced acetylcholinesterase
activity in the cortex, hippocampus, and amygdala in Alzheimer’s
disease (Herholz et al., 2004; Marcone et al., 2012), and even
more severe reductions in dementia with Lewy bodies and
Parkinson’s disease with dementia (Klein et al., 2010). In parallel,
PET studies targeting the dopaminergic system have allowed to
consistently show, in vivo, reduced dopaminergic transporter
activity - a transmembrane protein regulating extracellular levels
of dopamine - in Parkinson’s disease and atypical Parkinsonian
conditions (Varrone and Halldin, 2010; Caminiti et al., 2017b).
Still, the use of these tracers, usually carbon-labeled and thus
requiring the presence of a cyclotron, on-site, is limited to
research studies, with more restricted applications in daily
clinical practice.

More recently, efforts in tracer development have focused on
targeting brain aggregates of pathological proteins, with successful
validation of tracers for amyloid and (partially) tau pathology,
representing the key pathological aggregates of Alzheimer’s
disease (Jack et al., 2018). The binding properties of currently
available amyloid tracers have been well-characterized, with
tracers binding selectively and with high affinity to the B-sheet
structure of fibrillary amyloid plaques, with low affinity to diffuse
plaques and showing no affinity for other amyloid isoforms, such
as protofibrils or oligomers (Fodero-Tavoletti et al., 2012; Ni
et al., 2013; Sabri et al., 2015). The availability of these in vivo
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markers for amyloid pathology has greatly improved the design
of clinical trials for Alzheimer’s disease, advancing strategies
for patients’ selection and allowing in vivo evaluation of target
engagement (Vandenberghe et al, 2013). As for tau tracers,
available data derive mainly from first-generation tau tracers,
binding with high affinity to tau neurofibrillary tangles (Fodero-
Tavoletti et al., 2011; Xia C.F. et al., 2013; Hashimoto et al.,
2014). Preliminary studies have shown that tau PET imaging
could be a valuable tool for the in vivo staging of Alzheimer’s
disease pathology progression (Scholl et al., 2016; Schwarz et al.,
2016). Still, major areas of concern remain, regarding the type
of tau pathology being targeted, i.e., 3-repeat vs. 4-repeat tau
isoforms, and presence of non-specific binding in the striatum
and choroid plexus, and the off-target binding to neuromelanin
and monoamine oxidase (MAO-A/B) (Saint-Aubert et al., 2017;
Lemoine et al., 2018).

THE BRAIN AS A NETWORK

Although most imaging findings are based on massive univariate
approaches, the increasing interest in multivariate methods has
paved the way to the assessment of unexplored cerebral features,
spanning from resting state brain networks to whole-brain
connectome properties. The advantage of using multivariate
methods is that they allow to assess variations in the relationship
between brain regions, over and above local regional changes,
measureable with univariate methods (Clark and Stoessl, 1986).
The great majority of multivariate findings derive from structural
and functional MRI (fMRI) studies, respectively, providing
information on brain axonal pathways, and on the correlation
of blood-oxygen-level-dependent (BOLD)-signal time course
across brain regions. Still, the first seminal studies assessing
covariations in brain function were performed, already in the
1980s, using brain metabolic data derived from [18F]FDG-PET
(Horwitz et al., 1984, 1987). From the 1990s, the popularity
of multivariate approaches steeply increased, following the
development of fMRI, and the observation that spontaneous
activity in the primary motor cortex correlates with the activity
of a widespread, spatially distributed, network of brain regions
(Biswal et al., 1995). Later, based on [18F]FDG-PET evidence of
coherent metabolic decreases during cognitive tasks vs. resting
condition, it was hypothesized that different sets of brain
regions organize into different brain networks (Raichle et al.,
2001). Subsequent fMRI studies confirmed that other large-scale
networks, whose regions show coherent patterns of dynamic
activity, exist in the “resting brain” (Greicius et al., 2003) and
that brain spontaneous activity can essentially be decomposed
in a series of internally coherent large-scale functional brain
networks (Beckmann et al., 2005). From the 2000s, building
on this evidence, and borrowing methodological tools from
the field of graph theory, a new theoretical framework was
proposed, under the name of “connectomics” (Sporns et al.,
2005). This framework, also known as the new “systems biology
of the brain” uses graph theory indices to investigate the
properties of the brain functional and structural architecture,
on the assumption that a comprehensive characterization of the

brain as a network is necessary to understand brain function
(and dysfunction) (Sporns et al., 2005). In recent years, these
methodological advances have been further extended to PET
data. An excellent review of the analysis methods cited in this
paragraph, and their adaptation to PET imaging data, is also
available (Yakushev et al., 2017).

In the study of neurodegenerative diseases, the relevance of
modeling the brain as a system of interconnected regions spans
from two foundational hypotheses, one conceptualizing brain
networks as passive targets of brain pathology (Palop et al., 2006)
and the other as active players in the spreading of pathology
(Seeley, 2017).

In the first “passive” conceptualization, brain networks
are deemed relevant targets of brain pathology, dynamically
altered by plasticity mechanisms that arise from pathological
processes (Palop et al., 2006). It is assumed that pathological
processes not only alter activity of isolated regions, but also
produce distributed effects on brain networks, by prompting a
reorganization of regional interconnections through induction
of dedifferentiation and compensation processes (Fornito et al.,
2015). A decade of evidence indeed suggests that the effects of
molecular pathological alterations underlying neurodegeneration
invariantly pass through large-scale brain networks, as a
class-wide phenomena affecting each neurodegenerative disease
(Seeley et al,, 2009). The impairment of large-scale brain
networks represents the endpoint of a chain reaction, where
the perturbation of molecular processes at the microscale
level propagates through the mesoscale to eventually affect the
macroscale level. At the microscale level, the abnormal protein
assemblies, that are the very basis of the neurodegenerative
process alter, for example, receptor expression, neurotransmitters
release, and synaptic plasticity, producing synaptic dysfunction
and failure (Bellucci et al.,, 2015). In the long term, synaptic
impairment alters neuronal functioning by affecting activity-
dependent signaling and gene expression, also producing
distributed effects, at the mesoscale, on local neuronal circuits
(Palop et al, 2006). Dysfunction in specific brain circuits
eventually reverberates onto distant brain regions, resulting in
disintegration of large-scale brain networks (Palop et al., 2006).

The idea of an “active” role for neuron-to-neuron
interconnections in the spread of pathology stems from the
observation that stereotypical patterns of pathology spreading are
detectable in every neurodegenerative disease (see Brettschneider
et al,, 2015). Sequential stages of pathology spreading have been
identified from post-mortem data, suggesting that propagation
of pathology follows highly specific topographies (Braak and
Braak, 1991; Braak et al, 2003, 2006; Brettschneider et al,
2013). Specifically, it was shown that tau spreads from the
locus coeruleus to the transentorhinal cortex to cortical areas
(Braak and Braak, 1991; Braak et al., 2006); amyloid plaques,
from the neocortex to subcortical and brainstem regions (Braak
and Braak, 1991); Lewy bodies (composed of immunoreactive
a-synuclein), from the olfactory bulbar/dorsal motor nucleus
of the vagus nerve through the basal forebrain to the neocortex
(Braak et al, 2003); TAR DNA-binding protein 43 (TDP-43)
pathology, from the agranular motor cortex to brainstem motor
nuclei and spinal cord, eventually reaching the neocortex in later
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disease stages (Brettschneider et al., 2013). This post-mortem
evidence is complemented by recent in vivo and in vitro studies,
demonstrating that pathological proteins, similarly to prions,
spread trans-synaptically along neuronal interconnections
(Dujardin et al, 2014; Song et al., 2014; Narasimhan et al,
2017). Notably, injection of pathological proteins triggers protein
spreading to spatially remote but anatomically connected brain
regions, and the pattern of spreading depends only on the site
of injection and on the neural connectome at that specific site
of injection, and not on the type of protein strain (Narasimhan
et al, 2017). Brain networks are thus active players in pathology
spreading, setting the topographical constraints according to
which pathology can propagate from its initial site of aggregation
(Zhou et al., 2013). Available in vivo studies support this view,
as spreading of both pathology and neurodegeneration map onto
functional and structural brain networks (Seeley et al., 2009;
Schmidt et al., 2016; Franzmeier et al., 2019). In this framework,
brain connectomics is a powerful tool to investigate and predict
the pattern of long-distance pathology spreading, as pathology
spreading is strictly dependent on the topology of the underlying
brain connectome (Fornito et al., 2015).

Although both the “active” and “passive” conceptualizations
of brain networks are backed up by solid evidence, it stands to
reason that their relevance might change along the time course
of the disease. We can hypothesize that, at the very beginning
of the neurodegenerative processes, the brain connectome
would indeed act as an hard-wired “roadmap,” determining
the pattern of pathology spreading (Zhou et al.,, 2013). Early
on, pathological changes would affect connectome functional
and structural properties, disrupting the “healthy” neuronal
pathways and brain networks (Prescott et al., 2014). At this
stage, pathology-related alterations of the brain connectome
would progressively superimpose on the “original” connectome,
dynamically interacting with the pre-morbid brain architecture,
to determine subsequent spreading of the disease.

PET MOLECULAR CONNECTIVITY

Molecular evidence on brain networks and connectivity
pathways, obtained from PET imaging data, is now becoming
increasingly available. The first PET connectivity studies,
tracing back to the 1980s, took into account [18F]FDG-
PET data to investigate metabolic molecular connectivity,
defined as the association between inter-regional metabolic
demands on the assumption that regions with similar metabolic
demands are functionally associated (Horwitz et al, 1984).
These pioneering studies remained “isolated experiments,” and
were not replicated until the last decade, when the number
of molecular metabolic connectivity studies steeply increased,
in a “renaissance” (Yakushev et al., 2017) mainly driven by the
renewed interest in the newborn field of connectomics. Together
with [18F]JFDG-PET metabolic connectivity studies, the
application of connectivity approaches has now been extended
to other PET targets, including neurotransmission systems. So
far, molecular connectivity approaches have demonstrated novel
network-level alterations in a wide range of neurodegenerative

disorders. Crucially, the combination of connectivity approaches
with PET molecular data provides extremely specific results on
the underlying target, thus overcoming the “lack of specificity”
typical of functional connectivity, as estimated from fMRI (Hahn
etal., 2018). It is expected that molecular connectivity will greatly
broaden the field of connectomics, providing an integrated,
network-oriented, and biologically rooted, perspective, leading
to a deeper understanding of the complexity of the brain
architecture (Veronese et al., 2019).

Basic Principles and Methods in

PET Molecular Connectivity

Different analytical approaches have been implemented for
molecular connectivity modeling (Yakushev et al., 2017). Three
main analytical approaches are commonly used to estimate PET
molecular connectivity:

(i) Seed correlation or interregional correlation analysis
(IRCA): this voxel-wise approach relies on the selection
of a region of interest (ROI), or seed, from which the
average value of tracer uptake is extracted (Figure 1A).
The correlation between average uptake in the seed
and uptake in each voxel in the rest of the brain is
then tested (Lee et al., 2008), to obtain an estimation
of the connectivity profile, or connectivity map, of
the seed of interest. This method yields a certain
flexibility, as the researcher can select the ROL, or seed,
in either a data-driven fashion (e.g., Morbelli et al,
2013; Taccarino et al., 2018) or based on an a priori
hypothesis (e.g., Ballarini et al.,, 2016; Malpetti et al.,
2018). In the former case, the seed is derived directly
from data analysis, usually by inputting, as seed, the
cluster derived from a first round of univariate analyses
(e.g., Morbelli et al., 2013; Taccarino et al., 2018). In
the latter case, this method has been commonly used
to estimate large-scale brain networks in [18F]FDG-
PET molecular connectivity studies (e.g., Ballarini et al.,
2016; Malpetti et al., 2018). Resulting networks have
similar topographies to the ones obtained with resting
state-fMRI (<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>