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(IDIBAPS), Barcelona, Spain
5
Centro de Investigacion Biomedica en Red en Bioingenierıa, Biomedicina y Nanomedicina
(CIBER-BBN), Zaragoza, Spain
6
Centro de Diagnostico por Imagen, Hospital Clınico, Barcelona, Spain
7
Department of Psychiatry and Psychotherapy, Jena University Hospital, Friedrich Schiller
University Jena, Jena, Germany
8
Institucio Catalana de la Recerca i Estudis Avançats (ICREA), Universitat Pompeu Fabra,
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Abstract: Recent findings indicate that alterations of the amygdalar resting-state fMRI connectivity
play an important role in the etiology of depression. While both depression and resting-state brain
activity are shaped by genes and environment, the relative contribution of genetic and environmental
factors mediating the relationship between amygdalar resting-state connectivity and depression remain
largely unexplored. Likewise, novel neuroimaging research indicates that different mathematical representations of resting-state fMRI activity patterns are able to embed distinct information relevant to
brain health and disease. The present study analyzed the influence of genes and environment on
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amygdalar resting-state fMRI connectivity, in relation to depression risk. High-resolution resting-state
fMRI scans were analyzed to estimate functional connectivity patterns in a sample of 48 twins (24
monozygotic pairs) informative for depressive psychopathology (6 concordant, 8 discordant and 10
healthy control pairs). A graph-theoretical framework was employed to construct brain networks using
two methods: (i) the conventional approach of filtered BOLD fMRI time-series and (ii) analytic components of this fMRI activity. Results using both methods indicate that depression risk is increased by
environmental factors altering amygdalar connectivity. When analyzing the analytic components of the
BOLD fMRI time-series, genetic factors altering the amygdala neural activity at rest show an important
contribution to depression risk. Overall, these findings show that both genes and environment modify
different patterns the amygdala resting-state connectivity to increase depression risk. The genetic relationship between amygdalar connectivity and depression may be better elicited by examining analytic
components of the brain resting-state BOLD fMRI signals. Hum Brain Mapp 36:3761–3776, 2015.
C 2015 Wiley Periodicals, Inc.
V
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INTRODUCTION
Depressive disorders are becoming one of the leading
causes of economic burden globally [Murray et al., 2012],
with lifetime prevalence estimates reaching up to 20% in
some cases [Kessler et al., 2007]. It is generally accepted
that depression can partly be traced back to environmental
factors such as adverse childhood familial environment,
personality traits and stressful adult life events, among
others [Kendler et al., 2003; Moffitt et al., 2007]. Likewise,
research has demonstrated that an important extent of the
risk for this psychopathological disorder can be explained
by genetic influences and by the synergic effect of genes
and environment [Domschke and Reif, 2012; Leonardo and
Hen, 2006; Sullivan et al., 2000].
In this sense, parsing out genes and environment has
enormous importance in the search for the etiological origins of mental disorders, as (i) it has been suggested that
some alternative phenotypes (i.e., endophenotypes) may
have a stronger link to the genetic basis of psychopathology than phenomenologically-derived clinical diagnoses
[Glahn et al., 2014; Gottesman and Gould, 2003] and (ii)
the identification of non-genetic influences on psychiatric
conditions has several epidemiological and public health
implications [Duncan and Keller, 2011; Freeman and Stansfeld, 2008; Lundberg, 1998].
Importantly, neuroimaging studies may provide an
important reference framework to understand such complex multifactorial basis of disease [Blokland et al., 2012;
Hyde et al., 2011; Paus, 2013], and research has shown
that resting-state functional magnetic resonance imaging
(fMRI) brain network alterations may serve as endophenotypic markers of neuropsychiatric disorders [Glahn et al.,
2010].
Novel findings on the genetics of the connectome have
pointed out that resting-state functional brain connectivity,
as measured by blood-oxygen-level dependent (BOLD)
fMRI signals, is influenced by both genes and environment.
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Specifically, three quantitative genetic studies have reported
on the heritability of important resting-state fMRI network
features. Glahn et al. [2010] analyzed data of 333 individuals
from 29 families to conclude that several features of the
default mode network are partly heritable and may be used
as endophenotypic measures for psychiatric disorders. In
addition, Fornito et al. [2011] examined a sample of 16
monozygotic (MZ) and 13 dizygotic adult twin pairs, and
found strong genetic influences on global network efficiency. Likewise, a more recent report by van den Heuvel
et al. [2013] using a sample of 21 MZ and 22 dizygotic twin
pairs; their main findings indicate an important role for
genetic factors on global network metrics of the resting
brain. While these three reports constitute sound evidence
of large genetic influences–as well as unique environmental
factors–underlying BOLD fMRI connectivity patterns during rest, they have mainly focused on global network measures at either the whole-brain or the default mode network
in healthy individuals. Complementarily, studies of candidate genes in samples of genetically unrelated individuals
have suggested a role for genes such as ZNF804A, APOE,
COMT, and MET as modulators of different resting-state
fMRI network parameters in neuropsychiatric phenotypes
such as Alzheimer’s disease, schizophrenia and autism
[Esslinger et al., 2011; Filippini et al., 2009; Liu et al., 2009;
Martin et al., 2014; Rudie et al., 2012; Trachtenberg et al.,
2012; Tunbridge et al., 2006].
Overall, these ample evidences indicate that resting-state
networks extracted from BOLD fMRI measurements have
separate genetic and environmental influences. Likewise,
they suggest that the association between some specific
genetic or environmental factors and several psychopathological outcomes may be mediated by the disruption of
the resting-state networks. Despite this, to the best of our
knowledge, no previous study has evaluated the potential
genetic or environmental etiology of the resting-state fMRI
network alterations underlying depressive disorders. This
is an important issue, as recent studies of have consistently
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shown alterations of the resting-state fMRI activity patterns in depressed individuals [Dutta et al., 2014].
Specifically, one of the most consistently replicated finding in resting-state fMRI studies of depression is a disruption of the amygdalar activity [Cullen et al., 2014; Dutta
et al., 2014; Wang et al., 2014; Zeng et al., 2014]. Briefly,
these recent reports have shown alterations of amygdalar
connectivity in adolescent depression [Cullen et al., 2014];
disrupted connectivity strength in major depressive disorder patients who previously suffered childhood neglect
[Wang et al., 2014]; and important amygdalar modifications that may serve to discriminate a depressed from a
healthy brain [Zeng et al., 2014].
Other alterations of the amygdalar activity in resting-state
fMRI networks of depressed individuals have widely been
described across the literature [Dutta et al., 2014]. For
instance, a number of disruptions in the affective network
comprising the amygdala, the hippocampus and related
regions have been found in depression [Zeng et al., 2012;
Zhang et al., 2014a]. These results are somehow consistent
with the findings by Sheline and colleagues, who described
alterations in sets of brain regions comprising the amygdala,
such as the affective and the default mode networks [Sheline
et al., 2009, 2010]. Similarly, network alterations of pathways
connecting the amygdala and the prefrontal cortex have
been found after selective serotonin reuptake inhibitor antidepressant treatment [McCabe and Mishor, 2011]. Overall,
these and other related studies support the idea of a disruption of amygdalar resting-state connectivity as one of the
main mechanisms underlying large-scale network disruptions in depression [Kaiser et al., 2015].
These resting state connectivity alterations index modifications in the communication between the amygdala and a
wide set of regions across the whole brain. In the context
of large-scale networks, these disruptions may be thought
of as changes in the information processing mechanisms
between the amygdala and other cerebral structures [van
den Heuvel and Hulshoff Pol, 2010]. It is worth mentioning that resting-state communication between regions can
be understood from several alternative viewpoints, some
of which have–at least in principle–their own potential
relevance in clinical settings [Lee et al., 2013]. Among
numerous methods to study brain activity at rest, one of
the most promising approaches is the assessment of the
spatio-temporal patterns of coactivation between regions
through network modeling [Richiardi et al., 2011; Smith,
2012; van den Heuvel and Hulshoff Pol, 2010]. Conventionally, low-frequency periodic time courses of restingstate activation patterns are extracted from a set of anatomical regions, and strong first-order correlations in the
temporal configuration of activity between two anatomically separated regions is abstracted as a functional connection [De Vico Fallani et al., 2014; van den Heuvel and
Hulshoff Pol, 2010].
While this method of extracting networks from correlated
temporal activity between brain regions has undoubtedly
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led to outstanding neurobiological and clinical findings [Lee
et al., 2013], it is essential recognizing that periodic waves
can carry information via several different coding systems,
some of which constitute the basis of standard devices in
communications theory and related technical disciplines
[O’Reilly, 1984]. In effect, there is compelling evidence that
higher-order brain function may be tightly related to neural
communication emerging from the coherent oscillatory
activity of the brain regions at specific frequencies [Fries,
2005, 2009]. Namely, information can efficiently be coded
and transmitted within different components of neuronal
activity waves, which are not straightforwardly deduced by
examining its raw time course.
For instance, a common method to analyze brain signals
in magnetoencephalography and electroencephalography
is the estimation of their analytical representation, which
allows transforming one time function—a magnetic or an
electric wave recorded over time—into two time functions
with meaningful mathematical properties. Of note, novel
neuroimaging research has shown that distinct properties
of wave-like temporal patterns of fMRI brain activity are
able to embed information of particular biological relevance [Glerean et al., 2012], which may have implications
for depression [Liu et al., 2014]. It is important noting that
recent findings indicate that analytic properties such as the
phase or the amplitude envelope of resting-state fMRI
oscillations may explain an important extent of the relationship between brain structure and function [Glerean
et al., 2012; Guggisberg et al., 2014; Ponce-Alvarez et al.,
2015], suggesting such properties could be feasible endophenotype candidates in depression.
Considering these elements, the current study was aimed
at determining the relevance of genetic and environmental
factors leading to depression by altering amygdalar restingstate fMRI activity. To do so, whole brain resting-state fMRI
time series were extracted from a group of 48 MZ twins (24
pairs) informative for depressive psychopathology. Insofar
as members of a monozygotic (MZ) twin pair have almost
identical DNA sequences, this work studied their phenotypic similarities and differences to obtain insights on
familial and environmental influences. Different centrality
measures of amygdalar connectivity were estimated by constructing whole-brain networks from resting-state time
series, using two distinct methodologies: (i) the conventional examination of correlations between band-pass filtered time series [Smith et al., 2013] and (ii) a technique for
extracting analytical components of fMRI signals, which is
able to explain a considerable extent of the relationship
between brain morphology and resting-state fMRI activity
[Glerean et al., 2012; Ponce-Alvarez et al., 2015].

METHODS
Sample Description
The present sample was gathered from a set of 115
Spanish Caucasian adult twin pairs (230 individuals) from
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the general population, who gave permission to be contacted
for research purposes. All twins were contacted by telephone
and invited to participate in a general study of adult cognitive
and psychopathological traits. A battery of psychological and
neurocognitive tests was administered to the twins by trained
psychologists. Similarly, they were interviewed for medical
records. Exclusion criteria applied were age under 18 and
over 65 years, current substance misuse or dependence, a
medical history of neurological disturbance and presence of
sensory or motor alterations. Written informed consent was
obtained from all participants after a detailed description of
the study aims and design, approved by the local Ethics
Committee. All procedures were carried out in accordance
with the Declaration of Helsinki.
Zygosity of all pairs was assessed by genotyping 16
highly polymorphic microsatellite loci from DNA samples
R 16 System Promega Corporation). Iden(SSRs; PowerPlexV
tity on all the markers can be used to assign monozygosity
with greater than 99% accuracy [Guilherme et al., 2009]. In
the whole sample (115 twin pairs), 86 duos were MZ.
From that group of participants, using the previously
collected data, a subset of 54 individuals (27 MZ twin
pairs) was selected, as they were informative for obstetric
and psychopathological traits and gave consent to participate in the MRI part of the present study.
Twins included in this subset of 54 participants met the
following criteria: (a) age at scan between 20 and 56 years,
(b) both twins right-handed, and (c) none of the twins
manifested liability for DSM-IV-R psychiatric diagnoses
other than depression and/or anxiety. Pairs where one or
both twins manifested either neurological or major medical
illnesses were excluded as well (see Measures).
After this point, due to image artifacts or lack of data
about six participants, the final sample (i.e., the subset
included in all statistical analyses) consisted of 48 individuals (20 males, mean age: 33.6 years).

Psychometric Measures
To evaluate liability for psychopathology in this general
population sample, a clinical psychologist applied the
Structural Clinical Interview for DSM-IV Axis I Disorders
(SCID-I) [First, 1997] in a face-to-face interview to screen
for presence of any lifetime psychiatric disorder.
Participants were asked to report if they had received
pharmacological or psychological treatment or had consulted a psychiatrist or psychologist as they first participated in the study. Only one individual had life-time
exposure to psychopharmacological treatment for depression. However, excluding this individual from the group
analyses did not change the significance of the results.
A clinical psychologist applied the Structural Clinical
Interview for DSM-IV Axis I Disorders (SCID-I) in a faceto-face interview to screen for the presence of any lifetime
depression or related anxiety spectrum disorder. In this
sample, six individuals with a history of (mainly) anxious
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psychopathology were included in the psychopathologyaffected group. This apparently broad category of outcomes was used in conjunction with evidence on the
comorbidity, shared etiopathology and diagnostic criteria
overlap between depressive and anxious disorders [Mosing et al., 2009; Ressler and Mayberg, 2007; Wittchen et al.,
2002; Zbozinek et al., 2012], as well as taking into account
evidences of amygdalar resting-state alterations across
both diagnoses [Oathes et al., 2014]. Remarkably, repeating
the statistical analyses removing predominantly anxious
individuals did not alter the significance of the results.
Overall, there were ten healthy pairs, six concordant and
eight discordant pairs for lifetime DSM-IV diagnoses. Additionally, current depression status and other psychiatric
symptoms were evaluated using the Brief Symptom Inventory (BSI) [Derogatis and Melisaratos, 1983; Ruiperez et al.,
2001]. The BSI is a self-administered 46-item screening
instrument aimed at identifying the experience of psychopathological symptoms during the last 30 days. It is composed
by six subscales (depression, phobic anxiety, paranoid ideation, obsession-compulsion, somatization, and hostility)
conceived for use in both clinical and nonclinical samples.
Items are rated on a five-point scale of distress, according to
self-perception of symptoms. Descriptive data from the current sample is summarized in Table I. As shown, all diagnostic concordant pairs were females, and twins with no
lifetime history of DSM-IV diagnosis had lower BSI scores—
fewer self-reported symptoms—in both the depressive subscale and the whole questionnaire. In addition, neurocognitive data for this sample was collected using the Wechsler
Adult Intelligence Scale [Sattler, 2001; Wechsler et al., 1997].
The intelligence quotient (IQ) was estimated from five subtests (block design, digit span, matrix reasoning, information
and vocabulary) of this battery. As shown in Table I, IQ
scores were similar to those from demographically similar
samples [Lynn and Meisenberg, 2010]; of note, there were
no intra-group differences in IQ, indicating that neurocognitive influences on resting-state brain signals [Douw et al.,
2011; Wang et al., 2011] are not likely to influence subsequent statistical analyses.

MRI Acquisition and Preprocessing
The images were acquired at the MRI Unit of the Image
Platform (IDIBAPS, Hospital Clınic de Barcelona), using a
TIM TRIO 3 T scanner with an 8-channel head coil (Siemens,
Erlangen, Germany). Resting-state fMRI data comprised 210
echo-planar (EPI) BOLD sensitive volumes (TR 5 2790 ms,
TE 5 30 ms, 45 axial slices parallel to anterior-posterior commissure plane acquired in interleaved order, 3.0 mm slice
thickness and no gap, FOV 5 2075 3 1344 mm2, voxel
size 5 2.67 3 2.67 3 3 mm3).
Additionally, high resolution 3D structural datasets were
obtained for anatomical reference, using a T1-weighted magnetization prepared rapid gradient echo, with the following
parameters: 3D T1-weighted MPRAGE sequence, TR 5 2300
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TABLE I. Demographic, psychopathological and neurocognitive data for DSM-IV diagnostic concordant, discordant,
and healthy MZ twin pairs

Age
IQ
Current psychopathology (total BSI)
Current depressive
symptoms (BSI subscale)

Concordant
(12 subjects, 10 female)

Discordant
(16 subjects, 10 female)

Healthy (20 subjects,
8 female)

Mean (SD)

Range

Mean (SD)

Range

Mean (SD)

Range

Group comparison
X-squareda; P

42.5 (13)
105.1 (12.5)
27.9 (16.5)

22–54
87–127
6–57

37 (10.9)
108.1 (11.8)
20.9 (13.3)

20–50
87–131
4–45

30.3 (7.3)
110.5 (5.5)
10.6 (9.3)

19–39
103–118
1–33

5.9; 0.052
1.9; 0.393
8.7; 0.013b

6.9 (6.5)

1–20

3.5 (2.7)

0–9

0–6

6.4; 0.04b

1.7 (1.8)

Notes: SD, standard deviation; IQ, intellectual quotient; BSI, Brief Symptom Inventory
a
Kruskal–Wallis X-squared, as these variables were continuous
b
Statistically significant P-value

ms, TE 5 3.03 ms, TI 5 900 ms, Flip angle 5 98, 192 slices in
the sagittal plane, matrix size=256 3 256, 1 mm3 isometric
voxel.
Resting-sate time series were obtained by means of standard image processing protocols implemented in the Statistical Parametric Mapping software, version 8 (SPM8) [Friston
et al., 1995], running under MATLAB (The Mathworks,
Natick, MA). Briefly, after correction of slice-timing differences and head-motion, the fMRI images were coregistered
to the 3D (T1) anatomical image and the mean functional
image; then, the images were spatially normalized to the
standard stereotaxic space MNI [Evans et al., 1993]. Additionally, artifacts related to blood pulsation, head movement and instrumental spikes were removed from the
BOLD time series in MNI space, using independent component analysis as implemented in GIFT [Calhoun et al., 2009;
Sui et al., 2009]. No global signal regression or spatial
smoothing was applied. Mean BOLD time series were
extracted from the 90 regions of interest (ROIs) in the standard Automatic Anatomical Labeling (AAL) atlas [TzourioMazoyer et al., 2002]. The atlas was previously masked
with the binarized subjective tissue probability maps to isolate the mean value of the regions from the gray matter via
a conventional protocol [Power et al., 2014; Villain et al.,
2010]. The following mask was used: [Atlas * (GM > WM) *
(GM > CSF) * (GM > 0.1)], where GM stands for gray matter, WM is the white matter and CSF stands for cerebrospinal fluid. Afterward, the BOLD time series for each region
were band-pass filtered within the resting-state fMRI narrowband going from 0.04 to 0.07 Hz [Achard et al., 2006;
Glerean et al., 2012]. A schematic representation of these
steps is shown in sections A and B of Figure 1.

time series described above. First, a conventional approach
to examine correlations between fMRI BOLD time series
[ninety xðtÞ series per individual: one for each AAL ROI]
was used [Smith et al., 2013]. Briefly, the partial correlation
matrix was obtained from the 90 ROIs at the 210 slices
scanned over time. Partial correlation coefficients give a
measure of the extent of association between two variables
(i.e., every pair of ROIs) controlling for the effect of the
other variables (i.e., the remaining ROIs). This step produced a 90 3 90 matrix representing the functional connectivity (FC) between each pair of brain ROIs, which was
then normalized using Fischer’s z transform [Fox et al.,
2005; Jenkins and Watts, 1968]. Then, following a previous
technical report [Schwarz and McGonigle, 2011], a soft
threshold procedure was implemented to remove negative
edges, as their particular network topology can drastically
alter the properties of brain fMRI connectivity networks.
The leftmost part of sections D and E in Figure 1 schematizes this procedure, applied to a random individual’s
data.
Complementarily, in view of recent reports showing a
major role for the analytic components of resting-state
BOLD time series in shaping the relationship between
structure and function of the brain [Ponce-Alvarez et al.,
2015], the time series from the 90 ROIs were further
processed. Specifically, the analytic representation of the
real valued signals built from the band-passed (0.04–0.07
Hz) BOLD time series was computed with the Hilbert
transform. Namely, given a BOLD time series xðtÞ for a
particular ROI, its analytic representation is the complex
signal
xa ðtÞ ¼ xðtÞ1iH½xðtÞ;

Statistical Analyses
Extraction of functional connectivity networks
for each individual
Two different approaches were used in this study to
estimate functional connectivity from the band-passed

r

pﬃﬃﬃﬃ
where H½ is the Hilbert transform, and i stands for 2 -1.
This new signal xa ðtÞ has the same Fourier transform as
xðtÞ, but is defined only for positive frequencies. Likewise,
if xðtÞ is expressed as an amplitude-modulated signal aðtÞ
with carrier frequency uðtÞ, so that xðtÞ ¼ aðtÞcos ½uðtÞ. Its
Hilbert transform gives
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Figure 1.
Schematic representation of the construction of two functional
networks for one brain. (A) The 210 resting-state fMRI volumes
(slices) are co-registered to the anatomical T1 3D reference volume, and each voxel is mapped to one of the 90 ROIs in the
AAL atlas. (B) After artefact removal, a time-series of the mean
(BOLD) activation probability for each of the 90 ROIs is obtained.
This is built upon the 210 fMRI slices acquired through 9:56
minutes of scan time. (C) (Top): A band-pass filter is applied to
obtain the resting-state fMRI narrowband signal (0.04–0.07 Hz).
(Bottom): An additional processing step to the above band-passed
(0.04–0.07 Hz) time-series: the envelope extraction using the

Hilbert transform. (D) Two partial correlation matrices are
obtained from the previous time-series (band-passed and Hilbert
transformed); they are z-transformed to normalize correlation
values across individuals. Warm (cold) colors in these matrices
represent large (small) correlation values between ROIs. The left
tail of these correlation matrices (i.e., edges with negative
z-scores) are set to 0 following a soft-thresholding procedure.
(E) Graph-theoretical measures of nodal centrality are obtained
for each brain region. [Color figure can be viewed in the online
issue, which is available at wileyonlinelibrary.com.]

xa ðtÞ ¼ aðtÞei/ðtÞ ;
where aðtÞ represents the instantaneous envelope and /
ðtÞ stands for the instantaneous phase. In the present
study, the value of the signal envelope aðtÞ is used to
later estimate a 90 3 90 partial correlation matrix as
described above, which is later z-transformed and softthresholded. The lowermost part of sections D and E in
Figure 1 represent this procedure applied to data from
one participant.

Measures of amygdalar centrality within the brain network

r

The AAL 90 atlas contains two amygdalar ROIs, from
the left and right brain hemispheres. Graph-theoretical
measures of amygdalar centrality within the brain were
computed to later evaluate potential impairments amygdalar resting-stat fMRI activity within the context of the
whole brain, and parsing out genetic and environmental
factors. It is worth noting that there is previous evidence
of differential genetic and environmental influences on
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BOLD fMRI-derived graph-theoretical metrics in the brain
[van den Heuvel et al., 2013], which justifies the adoption
of this perspective.
Four different nodal centrality measures were separately
computed for both left and right amygdala ROIs (i.e., eight
independent scalars for each individual): (i) degree, (ii)
betweenness centrality, (iii) local clustering coefficient, and
(iv) eigenvector centrality. These four specific quantities
were included in view that they have widely been studied
in the literature [Borgatti and Everett, 2006], and as most
nodal centrality metrics can be obtained by parametertuning from degree to eigenvector centrality, which represent limiting cases [Benzi and Klymko, 2015]. Due to the
soft-thresholding procedure [Schwarz and McGonigle,
2011] adopted here, the weighted version of these metrics
was estimated, and the centrality measures were computed using the Massachusetts Institute of Technology’s
Matlab Tools for Network Analysis toolbox [Bounova and de
Weck, 2012]. Detailed mathematical descriptions of these
metrics can be found elsewhere [Borgatti and Everett,
2006; Bounova and de Weck, 2012].
In the present context, these quantities represent: the
number of links directly incident upon the amygdala (i,
degree), how often the amygdala bridges through the
shortest path between any two other nodes (ii, betweenness centrality), the extent to which the amygdala’s neighbors are neighbors of each other (iii, local clustering
coefficient), and the frequency of connections between the
amygdala and highly connected brain regions (iv, eigenvector centrality).

Intersubject analyses: estimation of genetic and
environmental influences on amygdalar
resting-state activity
To determine the relationship between depression risk
and both genetic and environmental factors altering amygdalar functional connectivity at rest, general linear models
were executed, using a regression procedure described
elsewhere [Begg and Parides, 2003], as implemented using
the R’s software packages rms and mztwinreg [C
ordovaPalomera, 2015; Harrel, 2014; R Development Core Team,
2011]. Specifically, the logistic model
 


logit pij ¼ b0 1bB li: 1bW Xij -li:
is built by first obtaining estimates of both (a) familial factors
(genetic plus shared environment, bB ) and (b) unique environmental influences (from nonshared events within a pair,
bW ) on a graph-theoretical nodal centrality measure (i.e.,
degree, betweenness centrality, local clustering coefficient
or eigenvector centrality). Subindex i 2 f1; . . . ; ng stands for
pair number (here, n 5 24 MZ pairs) and j 2 f1; 2g refers to
co-twin number (randomly assigned). pij stands for the
probability that co-twin j from the i-th pair has of being
affected by depression. b0 represents the intercept; li:
¼ ðXi1 1Xi2 Þ=2 is the mean nodal centrality measure of the i-

r

r

th pair, and Xij -li: denotes the deviation of cotwin j from the
pair’s mean nodal centrality measure. In the next set of analyses, each of the four nodal centrality measures is considered in a regression model; left and right amygdalar
measures (parsed out as familial and unique environmental
estimates) are included in it. To control for potential confounding demographics (Table I), all analyses were adjusted
for gender and age. Besides, the Huber–White method was
used to adjust the variance-covariance matrix of these
regression fits, to account for the non-independence of twin
data (i.e., heteroskedasticity) [DeMaris, 1995; Harrel, 2014;
White, 1982]. Previous reports have shown the usefulness of
this between-within model to parse out familial and unique
environmental factors underlying phenotypic relationships
[Carlin et al., 2005; Frisell et al., 2012].
Power analysis estimations for these multiple regression
models were conducted following standard protocols
[Cohen, 1988; Champely, 2012]. After including all covariates, each of the above mentioned models has 4 and 71
numerator and denominator degrees of freedom. Using the
conventional significance level of 0.05, the present sample
has a power of 80.6% to detect moderately large effects
(Cohen’s f2  0.35), which are expected for neuroimaging
endophenotypes of brain disorders [Glahn et al., 2007; Rose
and Donohoe, 2013]. However, to examine all 90 ROIs, lowering the significance level to 0.05/90—to adjust for multiple
testing—would have decreased the power to 20.9%. Instead
of analyzing all 90 ROIs, and given the scope and the aims
of the present study, five different types of amygdalar communication mechanisms were studied in detail. This choice
of biologically feasible mechanisms in hypothesis-driven
research to avoid overly conservative multiple testing
adjustments has previously been proposed as an adequate
paradigm in epidemiological and medical statistics [Cook
and Farewell, 1996; Perneger, 1998]. Exploratory post-hoc
tests compared the number of statistical associations found
for the amygdala with the results that would have been
found for the other 89 ROIs (see Results and Supporting
Information Figure); they suggested that the amygdala
could be the most relevant ROI in this fMRI design.
Although part of the phenotypical variance of depression may be explained by gene-environment interaction
effects, the current data may have limited statistical power
to detect such associations [Jaccard and Wan, 1995; Jaccard
et al., 1990; Mathieu et al., 2012]. Accordingly, the results
presented here focus mainly on the separate influence of
familial and environmental factors.
Finally, when appropriate, multiple testing adjustments
of the regression coefficients from the different (independent) regression models were implemented using the false
discovery rate (FDR) approach. The adoption of this TypeI error rate correction is based on previous literature of
statistical analysis for biological and behavioral data [Benjamini and Hochberg, 1995; Cook and Farewell, 1996;
Glickman et al., 2014; Liu et al., 2004; Nakagawa, 2004;
Perneger, 1998].
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TABLE II. Descriptive data of the four centrality measures analyzed for both left and right amygdalar ROIs
Individual level (n 5 48 subjects)

Amplitude correlationa
Nodal centrality
Brain
Range
measure
hemisphere Mean (S.D.)
Degree
Betweenness
centrality
Local clustering
coefficient
Eigenvector
centrality

Left
Right
Left
Right
Left
Right
Left
Right

12.9 (2.3)
12.5 (2)
0.2 (0.2)
0.3 (0.4)
0.3 (0.1)
0.3 (0.1)
0 (0.1)
0 (0.1)

Intrapair differences (n 5 24 MZ pairs)

Amplitude envelope
correlation
(Hilbert-transformed)b
Mean (S.D.)

Range

9.1 to 19.1 36.7 (21.9)
6.3 to 110
8.7 to 15.9 32.2 (19.5)
4.4 to 88.9
0 to 1.1
0.3 (0.3)
0 to 1.2
0 to 1.3
0.4 (0.5)
0 to 2.3
0.2 to 0.4
0.4 (0)
0.3 to 0.5
0.2 to 0.4
0.4 (0)
0.3 to 0.5
20.2 to 0.1
0 (0.1)
20.1 to 0.2
20.1 to 0.1
0 (0.1)
20.1 to 0.1

Amplitude correlationa

Amplitude envelope
correlation
(Hilbert- transformed)b

Spear-man’s Rhoc P-value Spear-man’s Rhoc P-value
20.05
20.2
0.3
20.51
20.43
20.21
20.07
20.09

0.827
0.357
0.159
0.014c
0.043c
0.331
0.739
0.682

0
0.11
20.22
20.22
0
0.12
0.1
0.05

0.991
0.617
0.308
0.307
0.977
0.589
0.663
0.834

As mentioned above (Section Extraction of functional connectivity networks for each individual), two different functional connectivity
network construction procedures were employed. Namely,
a
The conventional soft-thresholding method of band-passed low-frequency oscillations [Smith et al., 2013].
b
The amplitude envelope extraction from the previous band-passed time-series [Glerean et al., 2012].
c
Statistically-significant P-value. S.D., standard deviation; MZ, monozygotic.

RESULTS
As mentioned before, though scarce, there is some evidence of dissimilarities within MZ pairs for graphtheoretical measures of brain functional connectivity at
rest [van den Heuvel et al., 2013]. Hence, to verify that
these parameters are driven not only by genetic but also
by environmental factors, a preliminary step consisted in
the estimation of intrapair correlations in graphtheoretical-based connectivity measures. Table II shows
these descriptive parameters.
As presented in Table II, there was an important extent
of MZ intrapair differences across all these metrics, as
indicated by their low and mostly nonsignificant correlation coefficients. Of note, even when there were statistically significant intrapair correlations in nodal centralities
(left local clustering coefficient and right betweenness centrality in the conventional processing protocol), the correlation coefficients were moderate (Spearman’s rho
equaling 20.41 and 20.51, respectively). Remarkably, no
statistically significant intrapair correlations are observed
when the resting-state time series are Hilbert-transformed.
These observations justify the ensuing procedure to parse
out genetic and environmental factors underlying amygdalar resting-state activity centrality.
It is also worth noting that the nodal centrality measures
computed from the amplitude envelope of the lowfrequency envelope (i.e., using the Hilbert-transform of the
0.04–0.07 Hz signal) consistently showed less intrapair correlations than their non-transformed counterparts (typically smaller absolute rho and larger P-values, as
displayed in Table II). This fact probably indicates that
some environmental factors are cannot be straightforwardly deduced from the raw fMRI time-series but may

r

probably be disclosed by performing different signal processing techniques such as amplitude envelope extraction.
The last set of analyses conducted here allowed the estimation of both genetic and environmental influences on
amygdalar resting-state fMRI activity that may influence
risk on depressive psychopathology. As indicated in Table
III, the conventional brain network construction by examining the (band-pass filtered) low-frequency oscillations
during rest indicated that nongenetic factors that alter
amygdalar communication with the whole brain can
increase depression risk. More explicitly, nongenetic factors alter left amygdalar connectivity to increase depression risk in two ways: by increasing its degree centrality
and by decreasing its local clustering coefficient (i.e., leftamygdalar hypersynchronization with the rest of the brain,
and less synchronization between its functional neighbors).
Likewise, environmental factors may induce reductions in
right-amygdalar betweenness centrality (i.e., its intermediate role in the synchrony between any two brain regions)
to rise depression risk. It is important noting that these
three associations between environmental factors altering
amygdalar activity and depression risk should be taken
with caution, as two of them were significant only at a
trend level when adjusting for multiple comparisons
(FDR-adjusted P-values: left degree 5 0.08, left clustering
coefficient 5 0.02, right betweenness centrality 5 0.075).
The above mentioned environmental influences on
resting-state amygdalar connectivity—for both bandpassed amplitude correlations and Hilbert-transformed
amplitude envelope correlations—, as well as how they
may influence depression risk, are depicted in Figure 2.
Moreover, it is interesting noticing that the influence of
familial factors on amygdalar connectivity was detected
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Figure 2.
Environmental factors altering resting-state amygdalar connectivity relate to depression. Only results that survived FDR multiple
testing adjustments are shown. (A) The conventional approach
to resting-state connectivity analysis, based on the estimation of
a whole-brain partial correlation matrix allowed detecting
environmentally-induced amygdalar connectivity alterations
potentially linked to depression (as shown in sections B and C).
(B, C) The environmental influences on the left amygdala (highlighted node) may decrease its local clustering coefficient to
induce depression. (D) The amplitude envelope obtained from

the Hilbert-transformed resting-state signal allowed identifying
more environmentally-induced modifications of the amygdalar
connectivity that could be related to depression (as shown in sections E and F). (E, F) Some environmental factors may alter the
left amygdala (highlighted node) to induce depression, mainly by
increasing its nodal degree (leftmost panels in E, F) and decreasing
its betweenness centrality (rightmost panels in E, F). For simplicity, the logistic regression curves shown in C and F were estimated from univariate models. [Color figure can be viewed in the
online issue, which is available at wileyonlinelibrary.com.]

only when computing the Hilbert-transformed amplitude
envelope correlations (Fig. 3).
Notably, the additional processing step of amplitude
envelope estimation using the Hilbert transform showed
complementary results, with logistic regression models
outperforming their conventional processing counterparts.
As indicated by the better discrimination indexes obtained
using amplitude envelopes (overall R2’s in Table III), fMRI

resting-state amygdalar centrality measures typically provide better indications of depression risk when they are
derived from the Hilbert-transformed signal. This was the
case when analyzing left and right amygdalar degree,
betweenness centrality and local clustering coefficient. It is
important mentioning that amygdalar eigenvector centrality did not seem related to depression risk in none of the
models considered here.

r
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Figure 3.
Familial factors altering resting-state amygdalar connectivity
relate to depression. Only results that survived FDR multiple
testing adjustments are shown. (A) The amplitude envelope,
derived from the analytical representation of resting-state fMRI
signals, allowed identifying amygdalar connectivity alterations
induced by familial factors (genes and shared environment)
potentially linked to depression (as shown in sections B–E). (B,
C) The familial influences on the left amygdala (highlighted

node) may increase its betweenness centrality (leftmost panels in
B, C) and decrease its local clustering coefficient (rightmost panels in B, C) to induce depression. (D, E) Some familial factors
may alter the right amygdala (highlighted node) to induce depression, mainly by decreasing its local clustering coefficient. For simplicity, the logistic regression curves shown in C and E were
estimated from univariate models. [Color figure can be viewed in
the online issue, which is available at wileyonlinelibrary.com.]

Remarkably, the amplitude envelope of the whole-brain
resting state fMRI signal confirmed the previous finding of
an environmentally induced amygdalar hypersynchronization in depression (FDR-adjusted P-value for degree centrality 5 0.007), and also suggested a role for left amygdalar
betweenness centrality (FDR-adjusted P-value 5 0.007).
While the above mentioned findings mainly support the
role of amygdalar connectivity alterations in mediating
associations between exclusively environmental factors and
depression, the results of the novel Hilbert-transform
approach showed a different and very interesting property:

they permitted recognizing that some familial factors (i.e.,
genes plus shared environment) that determine amygdalar
resting-state fMRI activity are significantly contributing to
the depression risk. Specifically, some familial factors
seemed to alter both left and right amygdalar clustering
coefficients (a measure of the synchrony among brain
regions partly synchronized with the amygdala) to induce
depression (FDR-adjusted P-values: left 5 0.011, right5 0.021). Likewise, familial factors increased both left and
right amygdala’s betweenness centrality in depression
(FDR-adjusted P-values: left 5 0.007, right 5 0.064).

r
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TABLE III. Estimation of the genetic and environmental influences on amygdalar resting-state activity
that lead to depressive psychopathology
Amplitude envelope correlation
(Hilbert-transformed)b

Amplitude correlationa

Nodal centrality
measure

Brain
hemisphere

Degree

Left
Right
Left
Right
Left
Right
Left
Right

Betweenness
centrality
Local clustering
coefficient
Eigenvector
Centrality

Familial factors

Unique
environment

Familial factors

Unique
environment

bB

P-value

bW

P-value

Overall R2

bB

P-value

bW

P-value

Overall R2

0.12
0.06
1.69
21.47
20.62
22.34
5.6
27.56

0.609
0.771
0.489
0.415
0.956
0.833
0.771
0.723

0.39
20.17
0.2
2.4
218.4
4.86
10.95
218.73

0.04c
0.41
0.862
0.019c
0.005d
0.474
0.454
0.222

0.224

0.01
0
7.01
2.44
82.18
270.55
27.38
0.13

0.817
0.985
0.002d
0.032c
0.006d
0.005d
0.471
0.992

0.07
0
24.65
20.41
213.87
12.98
2.9
0.5

0.002d
0.853
0.003d
0.739
0.316
0.366
0.73
0.937

0.316

0.257
0.263
0.219

0.508
0.317
0.18

a

The conventional soft-thresholding method for band-passed low-frequency oscillations [Smith et al., 2013].
The amplitude envelope extraction from the previous band-passed time-series [Glerean et al., 2012].
c
Statistically significant at unadjusted P  0.05, but showing only a trend towards association (P  0.1) after FDR adjustment
d
Statistically significant before and after FDR adjustment at P  0.05.
b

DISCUSSION
This study implemented a genetically-informative
design to test the potential relationship between amygdalar resting-state fMRI activity and depression risk. The
separate influence of familial and unique environmental
factors altering the relationship between amygdalar activity and depression was analyzed using two different
approaches to functional connectomics from resting-state
fMRI. First, the conventional procedure to estimate temporal correlations between BOLD activity of paired brain
ROIs was used to construct brain networks. Results using
this method suggested that unique environmental factors
modify the amygdalar resting-state activity to increase
depression risk. Afterward, the amplitude envelope of the
whole-brain resting-state activity patterns was computed
to search for other informative patterns potentially embedded within the BOLD signal. This approach confirmed
that the environment may modify the amygdalar functionality to lead to depression; it also set forth that familial
factors (genes plus shared twin environment) affecting
amygdalar resting-state patterns could play a role in
depression risk.

The Environment and Amygdalar Centrality in
the Depressed Brain
A first noteworthy result is the indication that the amygdalar degree—which here represents the extent of
amygdala-whole-brain synchronization—is increased in
depressed individuals. This communicational impairment
somehow parallels previous findings of hypersynchronized oscillations in other pathological states. For
instance, there is evidence of a decreased resting-state
communicational complexity (i.e., a synchronization

r

increase) in schizophrenia and autism [Andreou et al.,
2014; Billeci et al., 2013; Sokunbi et al., 2013]; these hypersynchronized patterns have their limit expression in the
neural activity of epileptic individuals [Stamoulis et al.,
2010; Zhang et al., 2014b]. Of note, reduced communicational complexity, as indexed by redundant information
across distinct sources, has largely been studied in other
mathematical disciplines [Shannon, 1997]. The present
findings are in this direction by suggesting a diseaseassociated overlap in the information carried by oscillations in the amygdala and in the rest of the brain. They
also point out that environmental factors prompt such
increased connectivity; this result was detected when analyzing the conventional resting-state time-series, and was
clearer when examining their amplitude envelope synchronization (Fig. 2 and Table III).
Likewise, unique environmental factors altering left
amygdalar betweenness centrality and local clustering
coefficient seemed to predispose to depressive psychopathology (Fig. 2 and Table III). The potential biological
meaning of these functional alterations can be interpreted
as follows: first, the nodal clustering changes observed
here would indicate a functional decoupling between brain
regions with BOLD oscillatory patterns similar to (i.e.,
synchronized with) those of the amygdala. Similar local
clustering coefficient alterations have been shown in the
structural connectivity networks of MDD patients, across a
number of limbic-emotional regions such as the left hippocampus [Qin et al., 2014]. Second, resting-state network
alterations such as betweenness centrality of a number of
brain regions have been found to predict depression status
[Lord et al., 2012]. In the present context, these centrality
disruptions may implicate a failure of the amygdala to
bridge the shortest paths between pairs of synchronized
nodes.
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Familial Factors Altering Amygdalar Centrality
in the Depressed Brain
When observing the model-fitting statistics across the
distinct models considered here, the analysis of amygdalar
betweenness centrality gave the best discrimination
indexes (R2 5 0.508; Table III). Of note, both genetic and
environmental influences on left amygdalar betweenness
centrality were significantly associated with depressive
psychopathology, even after multiple testing adjustments.
Similarly, depression risk was associated with the familial factors altering both left and right amygdalar betweenness centrality of the Hilbert-transformed data (Fig. 3 and
Table III).
The results of this study advocate for the use of analytic
components of BOLD fMRI signals—such as the amplitude
envelope—, particularly when studying the genetic influences leading to functional alterations of the amygdala in
depression. This may have important implications considering the relevance of genetic factors such as the serotonin
transporter genotype (5-HTTLPR) in modulating the amygdala during both resting-state and task-related fMRI paradigms [El-Hage et al., 2013; Li et al., 2012; Munafo et al.,
2008]. The present findings suggest that the genetic bases of
amygdalar activity may probably be better elicited by examining specific analytical properties of fMRI signals.

Additional Considerations
It is important mentioning that the left amygdala
showed more robust statistical associations with depression than its right counterpart; most of its associations
remained multiple testing adjustments. This is consistent
with previous reports of partially lateralized amygdalar
activity patterns at rest [Roy et al., 2009].
None of the analyses conducted here suggested a role
for eigenvector centrality alterations of the amygdala in
depression. As mentioned above, Benzi and Klymko [2015]
have previously shown that degree and eigenvector centrality constitute limiting cases across a wide range of different nodal centrality measures, including the clustering
coefficient. Though graph metrics derived from spectral
graph theory (such as eigenvector-related measures) may
be a landmark of brain anatomy across different species
[de Lange et al., 2014], the current results suggest that
such measures are not disrupted in the resting-state functional activity of the amygdala in depression. As likewise
noticed, eigenvector centrality represents, in this context,
the extent of synchrony between the amygdala to other
highly synchronized brain regions.
Finally, some methodological limitations of this study
should be noted. First, the sample size was modest; nevertheless, the associations found here (and their corresponding model fitting statistics shown in Table III) would
support the presence of relatively strong effects. Likewise,
the parcellation scheme adopted to construct the brain
connectivity matrix was built upon the AAL atlas, which

r

r

contains 90 ROIs across the whole brain. Hence, the present results are not directly comparable with other studies
using different parcellation schemes. While this is certainly
important, it is worth noting that it is not a problem only
within the current report; choice of parcellation schemes is
an important subject with large implications for brain connectomics research [de Reus and van den Heuvel, 2013].
To address this issue, future studies may combine higherresolution neuroimaging scans with finer-grained anatomical atlases.
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