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A B S T R A C T

Two popular debilitating illness, unipolar depression (UD) and bipolar disorder (BD), have the similar symptoms
and tight association on the psychopathological level, leading to a clinical challenge to distinguish them. In order
to figure out the underlying common and different mechanism of both mood disorders, resting-state functional
magnetic resonance imaging (rs-fMRI) data derived from 36 UD patients, 42 BD patients (specially type I, BD-I)
and 45 healthy controls (HC) were analyzed retrospectively in this study. Functional brain networks were firstly
constructed on both group and individual levels with a density 0.2, which was determined by a network
thresholding approach based on modular similarity. Then we investigated the alterations of modular structure
and other topological properties of the functional brain network, including global network characteristics and
nodal network measures. The results demonstrated that the functional brain networks of UD and BD-I groups
preserved the modularity and small-worldness property. However, compared with HC, reduced number of
modules was observed in both patients' groups with shared alterations occurring in hippocampus, para hippo-
campal gyrus, amygdala and superior parietal gyrus and distinct changes of modular composition mainly in the
caudate regions of basal ganglia. Additionally, for the network characteristics, compared to HC, significantly
decreased global efficiency and small-worldness were observed in BD-I. For the nodal metrics, significant de-
crease of local efficiency was found in several regions in both UD and BD-I, while a UD-specified increase of
participant coefficient was found in the right paracentral lobule and the right thalamus. These findings may
contribute to throw light on the neuropathological mechanisms underlying the two disorders and further help to
explore objective biomarkers for the correct diagnosis of UD and BD.

1. Introduction

Unipolar depression (UD) is associated with substantial individual
suffering and considered to be the single strongest risk factor for suicide
behavior (Weinberger et al., 2017). Another debilitating illness, bipolar
disorder (BD) also brings serious impacting on patients' living quality
and associates with increased role impairment and suicide mortality
(Han et al., 2018). Since UD and BD have the similar symptoms and
tight association on the psychopathological level (Delvecchio et al.,

2012), it is difficult to correctly distinguish the patients with UD and BD
in clinical practice, especially when the BD patients were during their
depressive episodes (Han et al., 2018; Almeida and Phillips, 2013). The
misdiagnosis of UD and BD may cause negative prognosis and in-
adequate treatment, which impose high costs on health care and sub-
stantial impairment like switching to mania and increasing mortality
due to suicide (Han et al., 2018).

However, current diagnosis of both disorders solely base on the
clinical clues and reports from the patient's relative, which is subjective
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and time consuming. A more precise diagnosis of UD and BD is in ur-
gent need to relief the huge burden of such diseases on individual, fa-
mily and society. Prior studies suggested that exploring biomarkers
based on neuroimaging techniques (such as functional magnetic re-
sonance imaging, fMRI) not only can make the differential diagnosis
between these two mood disorders more accurate, but also achieve
deepening the understanding to the neurobiological background un-
derlying UD and BD (Wang et al., 2017a).

Numerous fMRI studies have dedicated to investigating the dis-
tinctions between UD and BD. Most of them have used emotion, reward
or cognitive processing tasks and focused on the differences in regional
neural activity (Han et al., 2018). One of the major recent develop-
ments in this field is the estimation of temporal synchronization among
brain regions to estimate functional connectivity (FC) and construct
functional brain network (He et al., 2016; Wang et al., 2017a). With the
uptake of graph theory, we can assess how efficiently information can
be transferred among neural circuits and analyze the organizational
properties of the whole brain network such as modularity (Bullmore
and Sporns, 2009).

In most complex systems, modularity is acknowledged as one of the
major organizing principles (Wu et al., 2012; Yong et al., 2009). It is
associated with the community structure in networks, which means the
appearance of modules which represent for densely connected groups of
vertices, with only sparser connections between groups (Newman,
2006). Previous studies suggested that human brain existed a modular
organization whatever in the structure and function network (Betzel
et al., 2016; Ferrarini and Veer, 2010; Wu et al., 2012; Sporns and
Betzel, 2016; Valencia et al., 2009; Wang et al., 2017b; Yong et al.,
2009; Zhang et al., 2008). For UD patients, Peng et al., have reported a
reorganized modular structure relative to healthy controls (HC) and
suggested that this change might contribute to the feelings of help-
lessness in UD patients (Peng et al., 2014). Tian et al., have revealed
intrinsic resting-state networks dynamically interact and reorganize
into distinct functional modules in UD patients and indicated that this
could relate to the abnormal network-based mechanism in depression
(Tian et al., 2018). Wei et al., have reported the abnormal dynamic
community structure of the salience network (SN) in UD patients and
supported the potential importance of the SN in the neuropathological
mechanism of depression (Wei et al., 2017). For BD-II patients, Fleck
et al., have found a similar modular structure of cognitive-emotional
processing but varied activation in response to emotional/neutral cues
compared to HC (Fleck et al., 2018). Wang et al., have detected mod-
ularity in the brain network of UD and BD-II patients and reported si-
milar modular-parameter changes in the two disorders. However, as to
our knowledge, it is far away from making the best of this fundamental
property.

Before the construction of functional brain network, the pair-wise
regions' FC across the whole brain should be computed, resulting in a
full FC matrix. Prior to graph theoretic analysis, this full connectivity
matrix is typically thresholded to remove noisy or spurious associations
and emphasize key topological features, yielding a sparse network.
Although this approach has seen rapid uptake in the neuroimaging
community, a well-known issue is the lack of unified rules for the de-
termination of network density (or sparsity), which represents for the
proportion of supra-threshold connections relative to the total possible
number of connections. As most graph theoretic measures are con-
tingent on the number of nodes and connection density, it is common to
arbitrarily prescribe a network sparsity or consider a range of densities
without multiple comparisons in graph thresholding (Fornito et al.,
2013). A data-driven method for the sparsity determination should be a
solution to this issue.

Imaging studies directly comparing patients with UD and BD are
expected to yield promising markers distinguishing UD from BD. To this
end, graph theoretic analysis was applied to rs-fMRI data obtained from
HC and patients suffering from UD or BD. Drawing the inspiration from
that a stable modular structure should be achieved when the brain

network is suitably abstracted, in this study, we proposed a graph
thresholding method based on the stability of modular structure. For
the resulted network, the modular organization and the classical to-
pological features, such as clustering coefficient, path length, global
and local efficiency, small-worldness and nodal characteristics, were
investigated.

2. Methods

2.1. Participants

A total of 36 currently depressed patients with UD and 42 currently
depressed patients with bipolar I disorder (BD-I) were recruited from
National Yang-Ming University, Taiwan. The diagnoses of UD and BD-I
were based on the Diagnostic and Statistical Manual of Mental
Disorders (4th edition) by two experienced psychiatrists. Each partici-
pant was evaluated by a trained clinician using the Mini-International
Neuropsychiatric Interview to verify the diagnosis of depression. The
clinical state for each patient was assessed using the 21-item Hamilton
Depression Rating Scale (HAMD) and the Young Mania Rating Scale
(YMRS) within the 7-day period prior to the rs-fMRI scan. The inclusion
criterion for the patients with UD was a total HAMD-21 score, whereas
for the patients with BD-I was a total YMRS score and total HAMD-21
score. The exclusion criteria were patients with other Axis-I psychiatric
disorders (except for UD, BD and anxiety disorders), a history of organic
brain disorders, neurological disorders, mental retardation, cardiovas-
cular diseases, alcohol/substance abuse or dependence, pregnancy or
any physical illness. None of the patients had ever received electro-
convulsive therapy prior to participating in the study. In addition, all
the patients with UD had no family history of BD. At the time of
scanning, all the patients were either medication-naive or had been
unmediated for at least 5months. The BD-I patients were in their eu-
thymic stage or recovering phase from manic episode so they can
consent the study protocol and participate in the MRI scanning. None of
BD-I patients was in the depressive episode.

We also recruited 45 HC via local advertisements. They were care-
fully screened using a diagnostic interview, the Structured Clinical
Interview for DSM-IV-Nonpatient Edition, to rule out the presence of
current or past psychiatric illness. Further exclusion criteria for the HC
were any history of psychiatric illness in first-degree relatives and
current or past significant medical or neurological illness. The demo-
graphic and clinical characteristics of the participants were listed in
Table 1. The participants in those three groups were matched for age
(range: 27–70 years), gender and education (range: 6–22 years).

All the subjects were right-handed according to their self-report.
Additionally, all the included subjects were determined to have no
brain abnormalities on conventional MRI by two experienced radi-
ologists. The study was conducted in accordance with the Declaration
of Helsinki, receiving approval from the local Institutional Review
Board. Informed consent was obtained from all participants before
starting the study.

2.2. Data acquisition

All fMRI data were obtained on a 3.0 T Siemens MRI scanner
(Siemens Magnetom Tim Trio, Erlangen, Germany) equipped with a 12-
channel head coil in the morning. During the data acquisition, the
scanner room was darkened and participants were instructed to relax
with their eyes closed, without falling asleep. T2*-weighted images
with blood‑oxygen-level dependent (BOLD) contrast were measured
using a gradient echo-planar imaging (EPI) sequence: repetition time
(TR)=2500ms, echo time (TE)= 27ms, field of view
(FOV)=200mm, flip angle= 77°, matrix size= 64×64, voxel
size= 3.44mm×3.44mm×3.40mm. For each run, a total of 200 EPI
volume images were acquired along the AC–PC plane. High-resolution
structural MR images were acquired with 3D magnetization-prepared
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rapid gradient echo sequence (3D-MPRAGE; TR=2530ms,
TE= 3.5ms, inversion time=1100ms, FOV=256mm, flip
angle= 7°). For each participant, the entire fMRI scan lasted about
15min.

2.3. Data preprocessing

Rs-fMRI data were pre-processed and analyzed using SPM8
(Wellcome Department of Imaging Neuroscience, London, UK) and the
Resting-State fMRI Data Analysis Toolkit (REST) implemented in
MATLAB (Mathworks Inc., Natick, MA). The first five data points
(12.5 s) in each BOLD time series were discarded due to the instability
of initial MRI scanning, leaving 195 data points for analysis. Images
were slice-timing corrected, realigned, and normalized into the stan-
dard stereotaxic space of the Montreal Neurological Institute (MNI) EPI
template and resampled to 3mm cubic voxels. Covariates of BOLD time
series were regressed out before subsequent analyses, including the
time courses of white matter, cerebrospinal fluid and 12 derivative
head motion parameters (6 parameters of motion derived from the re-
alignment procedure and the derivative of each of these parameters).
Temporal low-frequency filtering (0.01–0.08 Hz) was performed to re-
duce the influence of high-frequency noise from confounding physio-
logical factors. Part of study sample has been reported previously and
more detail of the preprocessing of fMRI data has also been described in
our previous report (Yang et al., 2013, 2014, 2015; Xie et al., 2018).

Given the importance of the confounds of motion, the maximum
displacement among all participants was controlled to be<1.5mm at
each axis and the maximum angular motion was<1.5° for each axis.
The mean fractional displacement (FD) values (mean ± standard de-
viation) for UD, BD-I and HC group were 0.077 ± 0.051,
0.062 ± 0.025 and 0.085 ± 0.048 (mm), respectively. No significant
difference (p > .05, ANOVA) was found among groups.

2.4. Functional connectivity matrix

For each participant, the preprocessed images were firstly parcel-
lated into 90 regions of interest (ROIs) according to the Automated
Anatomical Labeling (AAL) atlas (Burgmans et al., 2010; Tzourio-
Mazoyer et al., 2002) and regional BOLD signals were extracted. As
common, the FC matrix can then be obtained by regarding each ROI as
a node and calculating the Pearson correlation coefficients between
nodal BOLD signals. The negative coefficients in the matrix were con-
verted to their absolute values, resulting in a symmetric and non-ne-
gative FC matrix for each individual.

2.5. The modular similarity based method for network thresholding

Individual FC connectivity matrices were obtained from participants
and then averaged within each groups (i.e., the UD, BD-I and HC) to get

the group-level connectivity matrix (GCM). These GCMs were further
thresholded with a series of network densities, resulting in a series of
group-level functional networks (GFNs) for each group. Community
detection was then applied to the obtained GFNs using the algorithm
proposed by Newman (Newman, 2003). Modularity, denoted as Q in
the following, was computed as a measure for the degree to which the
network may be subdivided into clearly outlined and non-overlapping
modules (Newman, 2003). See the Supplementary Table S1 for the
definition of Q.

We proposed to use the similarity of community structures over the
GFNs to find out the most suitable sparsity. For a certain group, as
shown in Fig. 1, when the sparsity s is used, let Ms represent the vector
of module index for all the nodes, and construct matrix As from Ms

according to the formula (1).

= ⎧
⎨⎩

≠
=

i j
M i M j
M i M j

A ( , )
0, ( ) ( )
1, ( ) ( )s

s s

s s (1)

In formula (1), i and j represent for numbers of two ROIs. If the two
ROIs were detected in the same module, the corresponding element in
matrix A was set to 1, otherwise to 0. Then the distance of the detected
community structures under two different sparsities p and q can be
defined following formula (2).

= ∑ ∑d i jC
1

( , )p q i j p q, , (2)

where the matrix Cp, q is obtained by comparing the similarity of
community structures under the two different sparsities p and q, as
shown in formula (3) and Fig. 1.

= ∗A Ai j i i jC ( , ) ( , j) ( , )p q p q, (3)

From the definition of Q and d, it's worth noting that they focus on
different properties of the community structure of a complex network
and there is no association between them. The Q value is generally
utilized as a criterion to obtain non-random and clear community
structure in a complex network, while d measures the similarity of
obtained modules in different networks. In our study, the d value was
proposed as an indicator of the stability of modular structures among
various network spasities. If the modules are stable across different
network sparsity p and q, the proposed metric dp, q in formula (2),
should be small. Therefore, a sparsity located within a continuous range
where the value of d is relative lower is considered to be optimal for the
graph thresholding. Moreover, for the convenience of cross-sectional
comparison among the considered groups, we should pick a sparsity
with lower value of d in all the groups. Using this shared sparsity, all the
group-level as well as the individual FC matrices can be thresholded,
leading to the sparse networks for further analysis.

Table 1
Demographic and clinical characteristics.

UD (n=36) BD-I (n=42) HC (n=45) p

Age (years) 47.61 ± 9.93 48.21 ± 10.14 46.09 ± 8.06 0.56a

Gender(male/female) 13/23 15/27 16/29 0.47b

Education (years) 12.83 ± 3.48 12.43 ± 3.18 13.48 ± 3.05 0.32a

Age of onset (years) 38.86 ± 11.15 28.05 ± 10.78 N/A 5.17e-5c

Duration of illness (years) 8.67 ± 6.14 19.00 ± 10.88 N/A 3.80e-6c

HAMD Scale (scores) 10.64 ± 6.83 5.76 ± 5.01 N/A 6.03e-4c

YMRS (scores) N/A 2.05 ± 3.53 N/A N/A

Abbreviations: UD, unipolar depression; BD-I, bipolar disorder I; HC, healthy controls; HAMD, Hamilton Depression Rating Scale; YMRS, Young Mania Rating Scale;
N/A, not applicable. Values are mean ± SD.

a p-value obtained from an analysis of variance.
b p-value was obtained from Person's χ2-test.
c p-value was calculated from an unpaired t-test.
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2.6. Topological properties for individual network

Global network properties, such as the clustering coefficient (C),
characteristic path length (L), global efficiency (GE) and small-world-
ness (SW), were calculated for all the individual networks.
Furthermore, the nodal measures, such as local efficiency (LE) and
participant coefficient (PC) were computed for each node based on the
individual network. The PC measures the ability of a node to maintain
the communication between its own module and the other modules. A
high PC value for a given node usually indicates that the node has many
inter-module connections. Definitions and brief descriptions of classical
network properties are given in Supplementary Table S1. These prop-
erties were described in more detail in a previous report (Rubinov and
Sporns, 2010).

2.7. Statistical analysis

MATLAB (Mathworks Inc., Natick, MA) software was used for sta-
tistical evaluations. The difference in the global properties and nodal
characteristics derived from individual network between the three
groups (BD-I, UD and HC) were assessed using one-way analysis of
covariance (ANCOVAs) and one-way analysis of variance (ANOVAs),
respectively. For the global properties of network, i.e., C, L, GE and SW,
if the ANCOVAs (age as a covariate) indicates a significant group effect
(p < .05), post-hoc comparisons were done among the three groups.
For the nodal characteristics, i.e., LE and PC, the Bonferroni method
was used to correct the ANOVAs and only when a significant group
effect (p < .05) was detected, then post-hoc comparisons were em-
ployed. Noting that the post hoc pair-wise comparisons were performed
using independent t-tests, where a value of p < .05 was considered
significant.

Furthermore, to investigate the association between network mea-
sures and illness severity, partial correlation analysis (controlling for
age) was conducted between network metrics and clinical status
(HAMD or YMRS scores) for both patient groups.

3. Results

3.1. Network thresholding based on modular similarity

The three GCMs (i.e., UD, BD-I and HC) were thresholded with
varied sparsity from 0.1 to 0.3 with step 0.01. Community detection
and the calculation of Q was conducted on each GFN obtained. It is
generally accepted that a value of Q above 0.3 is indicative of non-
random community structure (Newman and Girvan, 2004). As shown in
the Fig. 2, Q decreased with the increase of network sparsity and the Q
values of UD and BD-I groups became obviously smaller than 0.3 when
the sparsity got larger than 0.22. Thus, in the modular similarity cal-
culation procedure, we only considered the sparsities ranging from 0.1
to 0.22, but with a more precise step 0.005.

Fig. 3 shows the contour plots of normalized d values with sparsity
ranging from 0.1 to 0.22 in steps of 0.005. Here, a linear transformation

Fig. 1. Schematic diagram for the modular similarity based method for graph thresholding. Mp is the vector of module index for each node in Sparsity p. A value of 1
in matrix Ap indicates that the two regions i and j are in the same module. A value of 0 indicates that the two regions are not in the same module. Similarly,Mq and Aq

are obtained for Sparsity q. Then, each element of matrix Cp,q is obtained by multiplying the corresponding elements in Ap and Aq. Finally, d is calculated as the
measure of community structure similarity.

Fig. 2. Modularity Q of group-level networks for UD, BD-I and HC, with sparsity
varying from 0.1 to 0.3. The plot shows that in general, modularity decreased as
the sparsity increased. UD, unipolar depression; BD-I, bipolar disorder I; HC,
healthy controls.
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was used to normalize the d values, by firstly putting the d values for
UD, BD-I and HC group together and then regarding the maximal d
value as 1 and the minimum as 0, respectively. As illustrated in Fig. 3,
the regions with smaller d value, which indicate greater modular si-
milarity, were not the same in the three groups. The UD group exhibited
relative low d value within the sparsity range from 0.19 to 0.21, while
for the BD-I group, lower d value seems to be obtained from 0.19 to
0.21 and for the HC, the range is approximately from 0.19 to 0.22.
Therefore, a shared sparsity value of 0.2, with which the normalized
values of d for three groups were approximately the same and small,
was chosen for the graph thresholding in the present study.

3.2. Modular structure of the group of UD, BD-I and HC

Using the fixed network density (0.2), as shown in the Fig. 2, non-
random community structure were observed in all the three groups as
their Q values of GFN were all larger than 0.3. However, further ana-
lysis of modules for the three groups revealed both shared and distinct
alterations of community structure in the two patients groups (i.e., UD
and BD-I) compared with the HC group.

In the HC group, as shown in Fig. 4(a), the brain networks were
separated into four modules. Module 1 included 16 brain regions, most
of which were involved in visual processing, such as bilateral lingual
gyrus, cuneus, calcarine cortex, fusiform gyrus and occipital gyrus.
Module 2 consisted of 40 nodes, including the main components of
default mode network (DMN), such as precuneus, posterior cingulum
gyrus, prefrontal cortex and angular gyrus. Module 3 included 26 re-
gions, which were primarily associated with sensory-motor functions.
And the regions in module 4, including bilateral hippocampus, para-
hippocampal, amygdala and caudate were related to mnemonic and
affective processing.

Compared with controls, not only the number of modules, but also
the composition of each module changed in both disorders. As shown in
Fig. 4(b-c), there were only three modules in the UD or BD-I group.
Table 2 illustrated the alterations of modular components in UD and
BD-I relative to HC.

3.3. Between-group differences in topological properties of the group of UD,
BD-I and HC

Global network properties including C, L, GE and SW were calcu-
lated and analyzed for the UD, BD-I and HC groups. As illustrated in
Fig. 5, ANCOVA (age as a covariate) indicates significant group effect
on these four properties. Post hoc comparisons further reveal that GE
(F=5.3, p= .006) and SW (F=3.2, p= .041) were significantly lower
in BD-I group than in HC group, while no significant differences were
found in these properties between UD and the other two groups.

As shown in Fig. 6, compared with the HC group, significant decline
of LE was found in seven regions, i.e., the right inferior frontal trian-
gular gyrus, the left rolandic operculum, bilateral cuneus, the right
middle occipital gyrus, the right superior temporal gyrus and the right
superior temporal pole in both mood disorders. However, no significant
difference of LE was found between UD and BD-I group.

As shown in Fig. 7, there is a significant group effect (Bonferroni
corrected AVONA, p < .05) for PC in two brain regions: the right
paracentral lobule and the right thalamus. In these two regions, post
hoc comparisons reveal significant higher values of PC in the UD group
than those in the BD-I and HC groups. There was no significant dif-
ference of PC between BD-I and HC groups.

3.4. Correlation between network metrics and illness severity

As shown in Table 3, a positive correlation between the values of L
and the HAMD scores was observed (r=0.370, p= .017) in the BD-I
group, which might suggest a disruption of functional integration in the
brain network occurring with a high HAMD score. For BD-I group, no
significant association was found between the other global network
measures (C, GE and SW) and HAMD score (p > .05), neither between
all the global network metrics and YMRS scores. For the UD group, no
significant association was found between these network metrics and
clinical status. Moreover, for both groups, no significant correlation
between the illness severity and nodal network metrics (LE or PC)
(partial correlation analysis with Bonferroni correction) was observed
in this study.

4. Discussion

The aiming of this study was to explore shared and specific altera-
tions of functional brain network in UD and BD-I. By using the proposed
method for network thresholding, we firstly analyzed the community
structure in UD, BD-I and HC groups. Then, we investigated the classic
topological characteristics including global properties (i.e., C, L, GE and
SW) and nodal metrics (i.e., LE and PC). The main findings were as
follows: (1) the value of 0.2 should be a rational opinion of brain net-
work density for the UD, BD-I and HC groups; (2) discrepancies existed
in the numbers and composition of modules for the three groups; (3) for
the global network characteristics, decreased GE and SW were only
found in BD-I group, compared with the controls; (4) for nodal metrics,
a decline of LE was found in several regions in both diseases, while UD-
specified increase of PC was found in the right paracentral lobule and
the right thalamus; (4) A positive correlation between the values of L
and HAMD scores was only observed in BD-I group while no other as-
sociation between network metrics and illness severity was found.
These findings may contribute to our understanding of the shared and

Fig. 3. The contour plots of normalized modular similarity (normalized d value) between all pairs of sparsity for (a) UD, (b) BD-I and (c) HC. The areas where the
normalized d value is close to zero indicate strong similarity. UD, unipolar depression; BD-I, bipolar disorder I; HC, healthy controls.
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specific neuropathological mechanisms underlying the two disorders
and be assistant in the diagnosis of UD and BD-I.

4.1. Network thresholding based on modular similarity

As it is essential to compare networks with equivalent nodes and
density, a concerned question is how to reduce the arbitrary in graph

thresholding. The proposed semi-automatic method for sparsification is
based on the stability of community structure across a wide range of
network densities. After utilized this method, it was found that the
modular structures of each group were stable in the following sparsity
ranges which were 0.19–0.21 for UD group, 0.19–0.21 for BD-I group
and 0.19–0.22 for HC group. From this result, we therefore set 0.2 as
the shared network sparsity value for comparing UD, BD-I and HC
groups. Our results are consistent with previous related studies. For
example, sparsity range of 0.15–0.25 has been adopted to explore the
hierarchical organization of human cortical networks in health and
schizophrenia (Bassett et al., 2008), while ranges of 0.122–0.267 (Yong
et al., 2008) and 0.11–0.25 (Lui et al., 2009) have been used to in-
vestigate the small-world feature of brain networks in schizophrenia
and healthy individuals, respectively. Moreover, a sparsity of 0.2 has
been used to examine the alteration of cortical network dynamics
during foot movements (Fallani et al., 2008) and has been found to
maximize the difference between global efficiency and cost of the brain
network (Achard, 2007).

4.2. Altered community structure in UD and BD-I

The shared alteration of modular composition in both mood dis-
orders was mainly found in the limbic/paralimbic regions, including
hippocampus, parahippocampal gyrus, and amygdala, suggesting a
potential dysfunction of these regions in UD and BD-I. This finding
should be a support to the view that the limbic/paralimbic regions were
involved in emotional processing (Mesulam, 1998) and in accordance
with previous studies concerning the functional role of hippocampus or

Fig. 4. Community structures of functional brain networks for the three groups: (a) for HC, (b) for UD, and (c) for BD-I. The label of each node represents the brain
region in the AAL. Links between regions were shown as lines. L, the left hemisphere. R, the right hemisphere. UD, unipolar depression; BD-I, bipolar disorder I; HC,
healthy controls. See the supplement table S2 for the abbreviations of ROIs.

Table 2
Alterations of modular components in UD and BD-I relative to HC.

Alteration Class Abbreviations of ROI Number of Module in
Groups

HC UD BD-I

Shared Alteration in UD and
BD-I

HIP.L, HIP.R 4 1 1
PHG.L, PHG.R 4 1 1
AMYG.L, AMYG.R 4 1 1
SPG.L, SPG.R 1 3 3

Distinct Alteration in UD and
BD-I

CAU.L, CAU.R 4 2 1

BD-I Specific Alteration PUT.L, PUT.R 2 2 1
PAL.L, PAL.R 2 2 1
THA.L, THA.R 2 2 1
ITG.R 2 2 1
MCG.L, MCG.R 2 2 3
TPOsup.L, TPOsup.R 3 3 2

Abbreviations: UD, unipolar depression; BD-I, bipolar disorder I; HC, healthy
controls. L, the left hemisphere. R, the right hemisphere. See the supplement
table S2 for the abbreviations of ROIs.
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amygdala in mood disorders. The hippocampus was found to be one of
the most vulnerable areas to long-term stress (Joëls, 2008) and hippo-
campal atrophy has been reported in patients suffering severe depres-
sion (Kempton et al., 2011; Videbech and Ravnkilde, 2004). A variety of
data shows that the amygdala has a substantial role in mental states. An
association between the amygdala and depression is reported in several
studies (Cullen et al., 2014; Davey et al., 2015; Davis and Whalen,
2001; Kerestes et al., 2014). BD was suggested to be associated with
considerably smaller amygdala volumes and amygdala dysfunction
with elevated responses during face emotion processing is well-docu-
mented in BD (Keener et al., 2012; Thomas et al., 2013).

Compared with the healthy controls, as shown in Table 2, distinct
alteration of modular structure for both mood disorders was found in

the caudate regions of basal ganglia. It was suggested that the basal
ganglia pathways linked to the caudate nucleus direct their outputs to
prefrontal areas, the functions of which has been indicated by many
studies to be associated with a person's will to live and personality
(Deyoung et al., 2010), raising the possibility that basal ganglia mal-
function occurs in mood disorders (Alexander et al., 1986;
Martineztorres et al., 2008). A meta-analysis revealed a decline in vo-
lume of the basal ganglia in UD patients, compared with the structure of
a healthy brain as well as compared with BD patients (Kempton et al.,
2011). Our observation should consolidate the role of basal ganglia in
mood regulation and its different action in UD and BD, although further
investigation is in need to uncover the underlying mechanism.

Furthermore, as shown in Table 2, for the BD-I group, hippocampus,

Fig. 5. Values (mean ± standard deviation) of global network properties. ANCOVA (age as a covariate) indicates significant group effect on all these properties. The
symbol ‘*’ in the figure indicates a significant difference between groups in the post-hoc analysis.UD, unipolar depression; BD-I, bipolar disorder I; HC, healthy
controls; C, Clustering coefficient; L, Characteristic path length; GE, global efficiency; SW, small-worldness.

Fig. 6. Analysis results of local efficiency (LE) across the three groups. Surface representation (BrainNet Viewer, http://www.nitrc.org/projects/bnv/) is used to
indicate the location of regions where significant group effect (corrected ANOVA, p < .05/90) on LE was found. The LE values in these regions were illustrated in the
form of errorbars (mean ± standard deviation). The symbol ‘*’ indicates a significant difference within groups in the post-hoc comparisons. Abbreviations:
IFGtriang.R, the right inferior frontal triangular gyrus; ROL.L, the left rolandic operculum; CUN.L, the left cuneus; CUN.R, the right cuneus; MOG.R, the right middle
occipital gyrus; STG.R, the right superior temporal gyrus; TPOsup.R, the right superior temporal pole. UD, unipolar depression; BD-I, bipolar disorder I; HC, healthy
controls.

Fig. 7. Analysis results of nodal participant coeffi-
cient (PC) across the three groups. Surface re-
presentation (BrainNet Viewer, http://www.nitrc.
org/projects/bnv/) is used to indicate the location
of regions where significant group effect (corrected
ANOVA, p < .05/90) on PC was found. The PC va-
lues in these regions were illustrated in the form of
errorbars (mean ± standard deviation). The symbol
‘*’ indicates a significant difference within groups in
the post-hoc analysis. Abbreviations: PCL.R, the right
paracentral lobule; THA.R, the right thalamus.UD,
unipolar depression; BD-I, bipolar disorder I; HC,
healthy controls.
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parahippocampal gyrus, amygdala and caudate, were stay in a common
module as that in the HC group. However, for the UD group, they were
divided into different modules, suggesting a more disrupted modular
structure relative to the controls and a less interaction among these
regions. Is such a looser connection between hippocampus and basal
ganglia associated with the dopamine release in the basal ganglia and
indirectly affects the integration of information? Why those regions
were reorganized into distinct modules for UD and BD-I, respectively?
Future work is suggested to throw light in these questions.

In this study, on one hand, the main components of default mode
network (DMN), such as precuneus, posterior cingulum gyrus, pre-
frontal cortex and angular gyrus, were all found in the same module
(module II) for UD, BD-I and HC. It is consistent with previous studies
on major depressive disorder (Peng et al., 2014; Ye et al., 2015). On the
other hand, some studies suggested that the central executive network
(CEN) or SN should be anti-correlated with the DMN (Di and Biswal,
2013; Wang et al., 2017b). However, the brain regions relating to the
CEN, such as the dorsolateral prefrontal cortex and posterior parietal
cortex (Fox et al., 2006), as well as the brain regions consisting of SN,
such as the ventrolateral prefrontal cortex, anterior insula and anterior
cingulate cortex (Seeley et al., 2007), were separated into different
modules in all the groups. The underlying mechanism for this ob-
servation should be further investigated in the future.

4.3. Similar and distinct alterations in topological properties of the group of
UD, BD-I and HC

Compared to HC, the topological properties (i.e., the global prop-
erties and the nodal characteristics) in the patients of UD and BD-I
exhibit both similar and distinct alterations. As for the global proper-
ties, our study is in accordance with a previous research (Collin et al.,
2016) in the observed decline of GE in BD-I compared with HC. Ad-
ditionally, a significantly decreased value of SW was found in BD-I re-
lative to the controls, indicating a worsen ability of functional in-
tegration and a disrupted balance between functional integration and
segregation in BD-I patients. Similarly to previous studies (Jerzy et al.,
2012; Lord et al., 2012; Peng et al., 2014), we failed to find any dif-
ferences in global topological properties between UD patients and
controls. We also noticed an inconsistency with a previous study where
the authors reported a decreased L and an increased GE in first-episode
drug-naïve UD patients (Zhang et al., 2011). Such an inconsistency may
be caused by sample heterogeneity or network construction method.
Further validation of the proposed method should be conducted on a
larger sample in the future.

As shown in Fig. 6, the LE altered similarly in both diseases. After
correction for multiple comparisons, significant decreased LE was found
in bilateral cuneus, the left rolandic operculum, superior temporal
gyrus and inferior frontal gyrus (triangular). Prior studies have revealed
an association between gray matter volume in the cuneus with in-
hibitory control in BD patients (Morgan et al., 2008), decreased re-
gional homogeneity in rolandic operculum in depression disorder
(Iwabuchi et al., 2015), reduced superior temporal gyrus activation in
major depressive disorder (Yang et al., 2016), and correlation between
the abnormality of gray matter in the inferior frontal gyrus and ratings

of depressive symptoms (Ntoskou et al., 2018). The present study en-
larged the previous reported abnormalities in these regions by the ob-
served deficits in local efficiency of information processing in both UD
and BD-I.

As shown in Fig. 7, compared to BD-I and HC, PC significantly in-
creased in the right paracentral lobule and right hemisphere of the
thalamus in UD, suggesting a more intensive inter-module connections
linking to these regions. The thalamus is a critical component that
mediate motivation and emotional drive as well as planning and cog-
nition for the development and expression of goal-directed behaviors
(Haber and Calzavara, 2009). Abnormality in the thalamus has been
reported in previous studies of depression (Lui et al., 2009; Peng et al.,
2014; Peng et al., 2011; Veer et al., 2010; Zobel et al., 2005). Moreover,
evidence suggested alterations in functional connections among the
prefrontal cortex, caudate, putamen, and thalamus in the brain func-
tional networks of UD patients (Frodl et al., 2009; Tavares et al., 2008;
Vargas et al., 2013). In our study, the PC of the thalamus was higher in
the UD group, meaning that the thalamus was abnormally extensively
linked to other modules, which might be in line with the excessive
activity of thalamus in UD described by Annibali and Amen (Annibali
and Amen, 2015). Such an excessive activity in the thalamus might
account for the dysfunction of mood regulation and the symptoms such
as the persistent feeling of sadness in UD.

Moreover, as shown in Table 3, for the BD-I group, a positive cor-
relation between the L values and HAMD scores was observed, in favor
to the work of Fournier et al., who suggested that global network
measures is to be related to illness severity in BD-I (Fournier et al.,
2017). According to the theory of complex networks, L is a measure of
the typical separation between two nodes and thus become the most
commonly used indicator of functional integration (Boccalettia et al.,
2006; Rubinov and Sporns, 2010). In clinical, psychomotor retardation
is a frequent symptom in bipolar disorder (Ketter, 2010), which can also
be reflected by HAMD scores (Hamilton, 1960). Studies suggested that
such a psychomotor retardation in BD might be associated with the
disrupted integration of brain functional network (Burgess and
Ekstrom, 2014). Our observation is supportive for this view. However,
no association between network metrics and clinical characteristics in
UD group was found, similar to several previous studies (Zhang et al.,
2011; Ye et al., 2015).

5. Conclusion and limitation

In the present study, we proposed a network thresholding method
and applied it to investigate the shared and distinct alteration of
functional brain networks in patients suffering from UD and BD-I.
Compared with HC, discrepancies were found in the modular numbers
and composition with similar and different patterns in UD and BD-I. For
the topological properties, on one hand, significant alterations of GE
and SW can be only found in BD-I relative to HC and a BD-specified
correlation between L and HAMD scores was observed. On the other
hand, UD-specified increase of PC in thalamic was uncovered. Those
observations may provide potential neuroimaging markers to distin-
guish these two disorders. However, we only examined patients with
BD-I as there is insufficient number of patients with BD-II. Future work

Table 3
Correlations between global network metrics and clinical characteristics.

Groups Scores C L GE SW

R P R P R P R P

UD HMAD −0.168 0.277 0.143 0.354 −0.024 0.875 −0.242 0.114
BD-I HMAD −0.285 0.071 0.370 0.017 −0.240 0.131 −0.186 0.244

YMRS 0.164 0.306 −0.137 0.394 0.144 0.369 0.221 0.166

Abbreviations: UD, unipolar depression; BD-I, bipolar disorder I; HAMD, Hamilton Depression Rating Scale; YMRS, Young Mania Rating Scale; Depression; C,
Clustering coefficient; L, Characteristic path length; GE, global efficiency; SW, small-worldness; R, correlation coefficient; P, probability.
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including the BD-I, BD-II and UD for a more extensive comparison
might provide further information about the neuropathological me-
chanism underlying those disorders.
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