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Patients with anxious depression have more severe symptoms, more side effects, and higher resistance to
treatment than patients with non-anxious depression; therefore, it is crucial to clarify the differences between
these two types of patients. In this study, a 5-minute resting EEG was recorded in 15 patients with anxious
depression and 9 patients with non-anxious depression under eyes open and closed conditions. Sixty-eight
subcortical regions were extracted using exact low resolution brain electromagnetic tomography (eLORETA).
The directed transfer function was then used to construct brain networks. Specific features based on graph theory
including the strength of connectivity and betweenness centrality (BC) were calculated from the networks.
Finally, significant features were selected using the Mann-Whitney U test, and patients were classified into
anxious and non-anxious depressive groups using the Support Vector Machine (SVM). Results showed that
features of outward connectivity strength led to the highest accuracy, F-score, and specificity with 91.66%, 87.
5%, and 100% in the eyes-closed state, respectively. Moreover, we found that the strength of connectivity in both
directions increased for the anxious depressive group during the eyes-open state. In particular, higher outward
connectivity was observed in the right hemisphere for the anxious depressive group. Further findings also
revealed that features with the most significant difference were mainly associated with the beta band. In
addition, significant increased inward and outward connectivity and decreased nodal centrality were observed in
the posterior regions of the default mode network. These preliminary findings might provide new insights into
the recognition of anxious depressed patients.

treatment methods.
Some studies have examined the underlying biology of MDD using

1. Introduction

Major depressive disorder (MDD) affects 6% of the global adult
population annually and is one of the most prevalent psychiatric dis-
orders [1]. About half of MDD patients also have anxiety, such as social
anxiety disorder (SAD), generalized anxiety disorder (GAD), or panic
disorder (PD) [2]. When MDD co-occurs with anxiety, the risk of suicide
becomes greater, and patients may require long-term treatment [3,4].
Currently, however, there is a lack of accepted treatment for patients
with anxious depression. They usually receive the same treatment
strategies that are given for depression or anxiety. Consequently, the
rate of treatment resistance is higher for them than for patients with
pure depression or anxiety [5]. Moreover, the rate of medical utilization
increased rapidly for patients with comorbid depression and anxiety [4].
Therefore, it is necessary to distinguish anxious depressed patients from
non-anxious depressed patients in order to improve diagnosis and
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neuroimaging techniques. However, the majority of these works failed
to consider the comorbidity of anxiety. Accordingly, we reviewed
studies that considered the effects of co-occurring anxiety on depression.
van Tol et al. [6], showed a general hyporesponse at the right hippo-
campus during a word-recognition task. Also, they demonstrated a
general reduced rostral-dorsal anterior cingulate volume in MDD pa-
tients with or without anxiety [7]. They also found a higher left dorso-
lateral prefrontal activity during a visual task in the MDD group
compared to the healthy control group [8]. In another study, a lower
blood oxygen-level-dependent signal was observed at the middle frontal
gyrus in the MDD group, whereas no relation was found between
depression and anxiety symptoms [9]. A small number of studies have
successfully found significant differences in patients with anxious and
non-anxious depression based on an fMRI dataset. The main findings
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consisted of higher activity of the insula, and dorsolateral prefrontal as
well as a reduced volume of right medial orbitofrontal, right fusiform,
left temporal pole and left lateral occipital cortices in patients with
anxious depression [10,11]. Another study showed increased thickness
of the left cingulate, right medial frontal gyri, and left paracentral lobe in
anxious depressed patients compared to non-anxious depressed patients
[12].

A few fMRI studies examined the abnormalities of neural circuits in
anxious depressions using connectivity analysis. In a particular study,
the default-mode network (DMN) was investigated in elderly patients
with anxious depression [13]. Their reports exhibited increased func-
tional connectivity in the posterior regions of DMN, and a decreased
connectivity in the anterior regions of DMN in depressed elderly patients
with high anxiety [13]. As for the limbic network, the functional con-
nectivity in the anxious depressive group increased significantly [14].
Concerning the amygdala network, bilateral functional connectivity
significantly decreased in patients with anxious depression [15],
whereas bilateral structural connectivity did not differ [16].

Other neuroimaging studies have been carried out based on elec-
troencephalography (EEG). Most of them showed evidence of greater
neural activity in the right frontal region in depressed patients with
anxiety [17-19]. Nevertheless, some findings showed a lower alpha
power in the right posterior regions [20], higher activity in the right
parieto-temporal lobe [21], a higher high-beta power in the posterior
regions for the anxious depressive group [22], and higher beta power in
the fronto-temporal lobe for the non-anxious depressive group [23].
Even so, there is an EEG study that did not find any significant differ-
ences between anxious depressive groups and healthy controls [24].
Other EEG studies have investigated the subcortical regions by quanti-
tative EEG (QEEG) and Low Resolution Electromagnetic Tomography
(LORETA). By using such techniques, the cingulate, precuneus, and
some regions of the frontal lobe (e.g., right superior and inferior frontal
gyri, and orbitofrontal cortex) were found to have abnormalities in MDD
patients with or without anxiety [18,25].

Evidence from the EEG studies indicates that there is a lack of brain
connectivity analysis regarding anxious depressive disorder. On the
contrary, disruption in the brain network of MDD patients with anxiety
was mainly assessed by the fMRI studies based on functional or struc-
tural connectivity. Nonetheless, these analyses only consider the undi-
rected brain network, and directed interactions between cortical regions
are disregarded [26]. Effective connectivity, on the other hand, can
provide information about the direction of information flow in the brain
network [27]. In this study, the causal interactions using the effective
connectivity analysis based on the resting EEG recorded from anxious
and non-anxious depressed patients in eyes open and closed conditions
have been investigated. The constructed brain network was then
analyzed by graph theory metric to estimate the strength and the cen-
trality of each node. The graph features were also estimated for EEG
frequency bands since the effect of MDD with comorbid anxiety on
various frequency bands has been poorly understood, although some
research suggests that alpha and theta bands could be possible bio-
markers that distinguish MDD from anxiety [28,29]. Several studies
have been carried out to explore brain connectivity based on scalp EEG
electrodes. However, many scalp sensors might collect the activity
originating from the same brain sources, as a result of which multivar-
iate analysis between pairs of EEG channels may produce an inaccurate
brain network [30]. Due to this reason, we reconstructed the brain
sources on the multiple subcortical regions from the surface EEG using a
source reconstruction method called “exact low resolution brain elec-
tromagnetic tomography” (eLORETA) before brain connectivity esti-
mation. eLORETA is a genuine inverse solution that provides exact zero
localization error in the presence of biological and measurement noise
[31]. Following EEG source connectivity estimation, the regions and
frequency bands that showed statistically significant differences in terms
of connectivity strength and centrality were identified by statistical
analysis. The observed regions were also examined in the DMN to study
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how the connectivity changes are reflected in an active large-scale brain
network during the resting state. Finally, a classification was employed
to distinguish between patients with anxious and non-anxious
depression.

The next section of this paper, Section 2, is devoted to describing the
details of EEG recording and signal processing stage including source
reconstruction, estimation of effective connectivity, graph theory anal-
ysis, feature extraction, and classification. The findings of the proposed
method are presented in Section 3, and the discussion and conclusion are
explained in Sections 4 and 5, respectively.

2. Materials and methods
2.1. Participants and psychiatric assessment

Twenty-four patients (20 females and 4 males, mean age: 30.08 +
14.38) with MDD participated in this study. All patients were assessed
with the Symptom CheckList-90 (SCL90). SCLI0 is a 90-item question-
naire that roughly takes 12-15 min and is scored on a scale from O to 4
[32]. Despite the depression, anxiety was also considered to determine
whether it is comorbid with the depression or not. A summary of patient
characteristics and their scores related to depression and anxiety is given
in Table 1. According to the scores, 15 patients were grouped as anxious
depression, and 9 patients were grouped as non-anxious depression.

2.2. EEG recording and preprocessing

EEG data were recorded by Mitsar-EEG 201 system with a sampling
rate of 250 Hz and 19 channels (FP1, FP2, F3, F4, C3, C4, P3, P4, 01, 02,
F7, F8, T3, T4, T5, T6, Fz, Cz, Pz) according to the international 10-20
electrode system with the linked-ears reference. The data of each patient
was collected for 5 min in a resting state under eyes open and closed
conditions. The NeuroGuide software v.3.1 was then used to filter the
noises and unwanted frequencies using a 0.5-40 Hz band-pass filter.
This software was also used to remove physiological and non-
physiological artifacts semi-automatically. In this manner, some arbi-
trarily artifact-free EEG samples were selected manually, afterwards,
NeuroGuide automatically rejected the artifacts from the whole EEG
signal based on the selected segments.

2.3. EEG analysis overview

The pipeline of the proposed methodology is depicted in Fig. 1. It is
mainly divided into three parts. In the first part, 19-channel filtered EEG
signals on the scalp level are transformed into new signals on the cere-
bral cortex level using the EEG source reconstruction technique
including forward modeling and inverse modeling. In the second part,
the causal interactions (effective connectivity) between all recon-
structed signals are computed. In addition, the brain network analysis is
applied to obtain a set of features for each patient. In the last part, a
classifier is utilized to distinguish the anxious and non-anxious depres-
sive groups based on the selected features obtained from graph analysis.
The details of each part are explained in the following sections.

Table 1
Patient characteristics, and results of the SCL9O0 test for depression and anxiety
disorders.

Group No. of Mean age Mean SCL90 Score
tient:
patients Depression Anxiety
Anxious Depression 15 (F:12, 22.66 + 3.21 £0.37 3.14 +£0.35
M:3) 7.48
Non-Anxious 9(F:8,M:1) 4244+ 3.04+024 1.76+0.45
Depression 14.89
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Fig. 1. Block diagram of the proposed method. (BEM: boundary element method, DTF: directed transfer function, BC: betweenness centrality).

2.4. EEG source reconstruction

Generally, all EEG source reconstruction methods consist of forward
and inverse modeling [33]. The forward modeling defines how elec-
trophysiological sources project to the electrical potentials on the scalp
through volume conduction, whereas the inverse modeling finds a so-
lution for the sources given scalp potentials and volume conduction
[33]. As we expected, the amplitude of the filtered EEG signal decreased
remarkably after the inverse modeling due to the linear combination of
source activities (see Fig. 1).

2.4.1. Forward modeling

For forward modeling, it is essential to estimate potential or field
distribution on the scalp known as the Lead Field matrix. Volume
conductor, source model, and electrode positions are required to
compute the lead field matrix. These three elements represent the
geometrical and electrical properties of the head that were derived from
a standard high-resolution MRI downloaded from the FieldTrip FTP
server (ftp://ftp.fieldtriptoolbox.org/pub/fieldtrip/tutorial/Subject01.
zip). To create a volume conduction model, firstly, the anatomical MRI
was segmented into the scalp, skull, and brain tissue. Each surface is
then modeled via vertices and triangles. Finally, the boundary element
method (BEM), as a numerical computational method, was used to
create the head model [34]. Electrode positions were subsequently
aligned on the surface of the head model. It is worth mentioning that the
creation of the head model using BEM was done by the FieldTrip toolbox
in MATLAB R2020a [35].

To create a source model based on the template MRI, FreeSurfer
v.7.1.1 was used [36]. This software converts the 3D MRI to the 2D
triangulated cortical mesh using a series of steps including skull strip-
ping, volume segmentation, estimation of white matter boundary, gray
matter thickness, extraction of cortical mesh, and processing of surface
mesh. These steps mostly run automatically, however, in this study, the
brain stem was not fully removed by FreeSurfer, thus an intervention
was required to remove it manually. FreeSurfer usually creates meshes
with over 100,000 vertices per hemisphere which is too much for the
EEG source reconstruction. As a result, the Connectome Workbench
software v.1.5 was employed to reduce the number of vertices to 8000
vertices (4000 per hemisphere). Finally, the lead field matrix is calcu-
lated for each vertex (voxel) taking into account the head model and the
channel positions. The whole process of forward modeling was imple-
mented only once for all patients.

2.4.2. Inverse modeling
In current study, eLORETA was adopted as a promising source
localization method. Consider the inverse model as:

Ji=TY @

where Y € RNt denotes the EEG measured by N scalp electrodes and
N, time samples. fl € R®>*M: js the virtual channel of x-, y- and z-
component of the equivalent current dipole at the i th voxel (i =1, -,
Ny). Moreover, T; € R¥M is a transformation matrix (spatial filter)
related to the i th voxel that is computed by a weighted minimum norm
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solution:
To=w 'L (LW 'L" +aH)" 2

where L is the lead field matrix estimated from forward modeling, W €
RGNv)<GNY) s the symmetric weight matrix that has non-zero diagonal
entities as w; € R®>*® for each voxel, a > 0 is the regularization param-
eter, and H, known as centering matrix, is an average reference operator

defined as:

H=1- 1 3

Here, 1 € R¥*M is the identity matrix, and 1 € R¥*! is a vector of
ones. Note that superscript ‘+ * in Eq. (2) denotes the Moore-Penrose
pseudoinverse which is equal to the common inverse if the (o) is non-
singular.

Assume that W is initialized as an identity matrix (i.e., w; =1 fori =
1, -, Ny), then the weights of eLORETA are updated in an iterative
equation as follows until the change in the weight matrix becomes
negligible:

1/2

wi = [LT (LW 'L" + aH) L;] @

Finally, the updated W is plugged into the Eq. (2) to compute the
transformation matrix, so that the new time-series in three dimensions
for every dipole (i.e., 8000 dipoles) are obtained by Eq. (1).

2.4.3. Dimension reduction

Connectivity analysis between triplets of 8000 virtual channels
makes the interpretation of results substantially difficult. To tackle this
problem, the created triple signals at each dipole were firstly projected
along an orientation that explains most variance using the singular value
decomposition to find the largest eigenvector. Then, the number of new
one-dimensional signals decreased to 68 signals representing the neural
activity of 68 regions of interest (ROI) obtained from the Desikan-
Killiany atlas [37]. It should be pointed out that the time course of
each region was simply estimated by averaging time-series within their
region.

2.5. Brain connectivity analysis

This important section is referred to as feature extraction in which
the neural activities of subcortical regions are turned into a set of fea-
tures characterizing the pair-wise connections between ROIs. Such fea-
tures can be represented in a square matrix whose rows and columns
indicate network nodes, and entries indicate network links (edges) [30].
In this study, the number of nodes is equal to 68, and links were esti-
mated using an effective connectivity method. Once the nodes and edges
were obtained, we analyzed the network properties via the brain con-
nectivity toolbox (BCT) [38].

2.5.1. Weighted directed network

Effective connectivity is known for the description of directional
influence or causal interaction between pair-wise signals. Unlike func-
tional connectivity, this method yields a non-symmetric matrix, mean-
ing that the information flow from signal i to signal j is different than
from signal j to signal i [39]. Several effective connectivity measures
have been proposed based on the multivariate autoregressive model
(MVAR). The directed transfer function (DTF) is one of the MVAR-based
measures that was utilized in this study [40].

Once the time-series, X € R¥:*N: ' are reconstructed (Nzor = 68),
the MVAR with order p for n = p+1, ---, N, can be defined as:

P

> A(rX(n—r) = E(n) (5)

=0
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where A(r) € RVNorNeor with A(0) = I denotes model coefficients, and
E € RNroNa js multivariate zero mean uncorrelated white noise. The
unknown parameters of Eq. (5) were calculated using the ARFIT toolbox.
Specifically, A(1),--,A(p) and E are estimated through the Stepwise
Least Squares algorithm, and p is approximated based on Schwarz’s
Bayesian criterion [41].

If the MVAR is transformed into the frequency domain, Eq. (5) can be
rewritten in the following form:

X(f) = H(HE(f) (6)

where H(f) denotes transfer function which is given by:

H(f) = (IZ}A(r)ejz”/A”> 7

Assume that the elements of transfer function are Hy(f) indicating the
casual influence from node j to node i at frequency f, then DTF is equal to

|Hy(F)[*

. However, DTF is usually determined by its normalized version:

w0l

Vij ) = ey v~ 1 ®)
2wt [Hin ()]

As a result, the 7i2j (f) ranges from O to 1 yielding a ratio of in-flow
from j th node to i th node with respect to all in-flows to node i at f
frequency.

Some recent studies have shown that the connectivity links are
proportional to the inverse of the square distance between nodes [42].
Whereas most connectivity measures such as DTF did not take into ac-
count the geometric distance in brain networks. According to Eq. (9), we
address this problem by producing a weight matrix, w, the elements of
which are Euclidean distance between node i and node j so that the in-
verse of this matrix is multiplied with the directed matrix, y2(f), to
obtain a weighted directed matrix, 7*(f) € RNror*Nror
7 =W ©)

where () denotes element-wise product. Concerning the frequency
bands of EEG, delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-12 Hz), beta 1
(12-15 Hz), beta 2 (15-18 Hz), and beta 3 (18-25 Hz), the ?z(f) was

calculated only for the median of each band instead of computing for all
frequencies.

2.5.2. Network metrics

Network analyses provide structural and functional information
about the network. BCT is a well-known toolbox that utilizes graph
theory to measure the graph in terms of global and local properties [38].
Global measures produce a single value per network, whereas local
measures assign a value for each node. In other words, a vector with the
length of the number of nodes per network is generated.

Before network evaluation, the weighted directed network matrix
should be normalized while should not contain self-connectivity,
namely, the weight of nodes on the main diagonal should be 0. After
that, we used two local metrics: node strength and betweenness cen-
trality (BC). Node strength is the sum of the entire links connected to a
node. As in this case, we deal with the weighted directed matrix, thus,
inward links (sum of all columns) and outward links (sum of all rows)
are computed separately. On the other hand, the BC is used to identify
the important nodes that play a critical role in the coordination of in-
formation flow and serve as the bridge from one node to the others. The
BC of node i can be computed as:

1 Pii(0)
(NROI - l)(NR()[ - 2) hob i i /J,,j

b = (10$)

where pj; denotes total number of shortest paths between node h and
node j, and py,(i) is the number of shortest paths between node h and
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node j that pass through the node i.

2.6. Feature selection

So far, three feature vectors derived from in-strength, out-strength,
and BC with a length of Nyor have been calculated in six frequency
bands. In other words, the size of the feature matrix per network metric
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is 15 x 6 x 68 (patients x frequency bands x regions) for the anxious
depressive group and 9 x 6 x 68 (patients x frequency bands x regions)
for the non-anxious depressive group. In the next stage, we employed the
Mann-Whitney U test to compare the statistical differences between two
feature matrices. The features showing a significant difference (p <
0.05) are then selected as discriminant features. Consequently, the size
of the feature matrix for each network metric and state of recording was

Fig. 2. Bar plot of selected in-strength features for eyes-open condition (a) and eyes-closed condition (b). Single asterisk denotes p < 0.05, and double asterisks
denote p < 0.01. (CAC: caudal anterior cingulate cortex, CMF: caudal middle frontal gyrus, FG: fusiform gyrus, IC: isthmus cingulate gyrus, PTR: pars triangularis,
PreCAL: pericalcarine, PostCG: postcentral gyrus, PC: posterior cingulate cortex, PCUN: precuneus, SM: supramarginal gyrus, MT: middle temporal gyrus, POR: pars
orbitalis, PreCG: precentral gyrus, RAC: rostral anterior cingulate cortex, RMF: rostral middle frontal gyrus).
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reduced to a 2D matrix (patients x optimal features) which was used as
an input to the classifier.

2.7. Classification

The selected features must be evaluated to explore to what extent
they separate the anxious depressive group from the non-anxious
depressive group. To this end, the support vector machine (SVM) with
the linear kernel was applied to selected features for each network
feature and state of recording. Following model training, the SVM was
tested based on the leave-one-out cross-validation (LOOCV) to measure
its performance using accuracy (Acc), F-score (F1), and specificity (Spe)
which are defined as follows:

TP + TN

S T e e an
2TP
Fl1= TP+ FPLFN x 100% 12)
N
Spe = TN FP 100% 13)

where TP, TN, FP, and FN denote true positive, true negative, false
positive and false negative, respectively.

To avoid information leakage between testing and training sets, the
feature selection was performed only on the training sets in each fold of
LOOCYV while discriminant features of testing sets were chosen based on
the corresponding selected features of training sets.

3. Results
3.1. Strengths of connectivity

3.1.1. In-Strength features

Concerning node strength of inward links, the features showing
significant differences between anxious and non-anxious depressive
groups are depicted in Fig. 2 for open and closed eyes conditions. All
features were normalized between 0 and 1 to compare the groups more
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accurately. According to Fig. 2(a), all in-strength values for the anxious
depressive group in the eyes-open condition are higher than for the non-
anxious depressive group. Among them, the right postcentral gyrus
(PostCG) in all frequency bands and the left PostCG in all bands except
for the alpha band differ at the significance level of 0.05 with Ug = 227.1
and Uy = 225.6 using the Mann-Whitney U statistics. Moreover, the
features that showed significant difference with p < 0.01 can be
observed in beta bands (beta 1, beta 2, and beta 3) at the right caudal
anterior cingulate cortex (CAC) (U = 235), the right precuneus (PCUN)
(U = 223) and the left pars triangularis (PTR) (U = 229.5). In contrast, as
can be seen in Fig. 2(b), fewer features were selected for the eyes-closed
condition. The left precentral gyrus (PreCG) showed significance with p
< 0.01 in delta, theta and alpha bands (U = 141.1) and with p < 0.05 in
beta 1 and beta 3 bands (U = 153). Other features demonstrated sta-
tistical significance across the right hemisphere (U = 178.3, p < 0.05)
including the right insula in beta 1 (U = 221, p < 0.01).

To investigate the in-strength changes between anxious and non-
anxious depressive groups for all ROIs, the brain maps of percent
changes are illustrated in Fig. 3. Herein, the average in-strengths across
all frequency bands were computed, then the high contrast ROIs were
identified using the Mann-Whitney U test. A significant increase is
shown by the red contour, while a significant reduction is illustrated by
blue contour (p < 0.05). For eyes-open recording (Fig. 3(a)), the average
in-strengths of six regions related to the anxious depressive group were
significantly higher than the non-anxious depressive group: bilateral
PostCG (Ug = 231 U;, = 221), right CAC (U = 235), left caudal middle
frontal gyrus (CMF) (U = 213), left PTR (U = 234) and right PCUN (U =
223). For eyes-closed recording, the left PreCG (U = 153) was the only
region that showed a significant decrease in Fig. 3(b). It is worth
mentioning that some ROIs such as the cingulate cortex cannot be seen
in Fig. 3, as they can be observed in medial views of the brain.

3.1.2. Out-strength features

Similar to the interpretation of in-strength analysis, the bar plot of
the significant out-strength features for both conditions is shown in
Fig. 4. However, due to the high number of significant features (p <
0.05) for the eyes-open state, only features with p < 0.01 were

Fig. 3. Brain map of in-strength percentage changes between anxious and non-anxious depressive groups for eyes-open condition (a) and eyes-closed condition (b).
The regions showing significant differences are enclosed with red and blue contours (p < 0.05). (For interpretation of the references to colour in this figure legend,

the reader is referred to the web version of this article.)
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Fig. 4. Bar plot of selected out-strength features for eyes-open condition (a) and eyes-closed condition (b). Single asterisk denotes p < 0.05, and double asterisks
denote p < 0.01. (BSTS: banks of superior temporal sulcus, CAC: caudal anterior cingulate cortex, IP: inferior parietal gyrus, IT: inferior temporal gyrus, IC: isthmus
cingulate gyrus, PC: posterior cingulate cortex, RMF: rostral middle frontal gyrus, TT: transverse temporal gyrus, FG: fusiform gyrus, MOF: medial orbitofrontal
cortex, MT: middle temporal gyrus, PreCAL: pericalcarine, ST: superior temporal gyrus).

considered for further analysis. It can be seen in Fig. 4(a) that 10 ROIs
for the anxious depressive group are higher than for the non-anxious
depressive group during eyes-open recording, and they consist of the
banks of the superior temporal sulcus (BSTS) (U = 223.6), the inferior
temporal gyrus (IT) (U = 235.5), the insula (U = 233), the isthmus
cingulate gyrus (IC) (U = 232) and the rostral middle frontal gyrus

(RMF) (U = 235.5) in the right hemisphere as well as the CAC (U = 238),
the cuneus (U = 235), the inferior parietal gyrus (IP) (U = 234), the
posterior cingulate cortex (PC) (U = 235.5) and the transverse temporal
gyrus (TT) (U = 232) in the left hemisphere. Interestingly, 14 out of 17
features showed significant differences in beta bands (p < 0.01). During
the close eyes-condition (Fig. 4(b)), six features were selected in the
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right hemisphere in which the pericalcarine (PreCAL) was the only re-
gion that was significantly different with p < 0.01 (U = 137) in the beta
2, whereas the fusiform (FG) (U = 153), the IT (U = 222), the medial
orbitofrontal cortex (MOF) (U = 149), the middle temporal gyrus (MT)
(U = 230) and the superior temporal gyrus (ST) (U = 150) did differ at
the p < 0.05 level in the beta 2, beta 1, theta, beta 1 and theta bands,
respectively.

Similarly, it is clear from Fig. 5(a) that the out-strength values for the
anxious depressive group over almost every cortical region, especially
within the right hemisphere, are higher than for the non-anxious
depressive group during eyes-open recording. Generally, in the right
hemisphere, 45.73% of temporal lobe (U = 229), 43.40% of frontal lobe
(U = 215.8), 48.62% of parietal-occipital lobe (U = 219), 23.63% of
cingulate cortex (U = 232) and insula cortex (U = 222) showed signif-
icant higher out-strength in the anxious depressive group compared to
the non-anxious depressive group (p < 0.05), whereas in the left
hemisphere, 4.52% of temporal lobe (U = 221), 5.17% of frontal lobe (U
= 221), 27.63% of parietal-occipital lobe (U = 214.3) and 52.80% of
cingulate cortex (U = 222) accounted for the significant out-strength
increase in the anxious depressive group. Conversely, Fig. 5(b) reveals
that there were no significant changes during the eyes-closed state.
However, some areas showed small changes of roughly + 10% in the
right hemisphere.

3.2. Betweenness centrality features

To find out which nodes were altered in terms of centrality, the same
approach as the node strengths was adopted. Fig. 6 indicates that both
conditions had the same number of significant BC features. For the eyes-
open condition (Fig. 6(a)), 15 features were selected in the beta bands
against 2 features (left lateral occipital sulcus (LO) and lateral orbito-
frontal cortex (LOF)) in the delta band with p < 0.05. Left RMF was the
only region that showed significant contrast in beta 1, beta 2, and beta 3.
Furthermore, five ROIs in the left hemisphere for the anxious depressive
group (superior frontal gyrus (SF), RMF, PreCG, LO, and IT) had higher
BC than for the non-anxious depressive group. In contrast, four regions
in the right hemisphere for the non-anxious depressive group (BSTS,
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lingual gyrus, pars orbitalis (POR), supramarginal gyrus (SM)) showed
significantly higher BC except for the LOF, and the parahippocampal
gyrus (PH). As for the eyes-closed condition (Fig. 6(b)), 12 ROIs mainly
in delta and beta bands showed significantly higher BC in the non-
anxious depressive group. Furthermore, the left superior parietal (SP)
(U = 141) and the bilateral rostral anterior cingulate cortex (RAC) (Ug =
140 Ug = 137) in delta band along with the left IC (U = 139) and the
right lingual gyrus (U = 228) in beta 2 band showed significant differ-
ence with p < 0.01.

The average BC differences between anxious and non-anxious
depressive groups are shown in Fig. 7. Due to inconsistent BC contrast
in the frequency bands, fewer mean significant changes can be seen
across the anatomical regions. During the eyes-open recording (Fig. 7
(a)), the left SP (U = 217) represents considerable higher BC for the
anxious depressive group, whereas significant lower BC was observed at
the left PostCG (U = 158.5). On the other hand, according to Fig. 7(b), a
significant BC increase was observed in the right lingual gyrus (U =
188.5), and considerable reduced BC was observed on the right insula
cortex (U = 158.5) during the eyes-closed condition.

3.3. Default mode network analysis

Irrespective of the frequency bands or the state of data recording, the
spatial anatomy of brain regions with significant network changes (p <
0.05) are depicted across the regions of DMN in Fig. 8 for in-strength,
out-strength, and BC features separately. This figure reveals that
various nodes (regions) of DMN such as medial prefrontal (medial
orbitofrontal cortex and rostral anterior cingulate), medial and lateral
parietal (posterior cingulate, precuneus, inferior parietal, supra-
marginal, and isthmus cingulate gyri), temporal cortices (the middle
temporal gyrus), and parahippocampal gyrus are affected by changes in
connectivity strength and BC between two groups of patient. As illus-
trated in Fig. 8(a, b), higher significant strength connectivity, mostly
out-strength, can be observed in the medial and lateral parietal for
anxious depressive individuals. This increased connectivity is frequently
seen in the right hemisphere comprising more nodes of the posterior
regions of DMN. However, connectivity strength in a few nodes, namely,

Fig. 5. Brain map of out-strength percentage change between anxious and non-anxious depressive groups for eyes-open condition (a) and eyes-closed condition (b).
The regions showing significant differences are enclosed with red and blue contours (p < 0.05). (For interpretation of the references to colour in this figure legend,

the reader is referred to the web version of this article.)
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Fig. 6. Bar plot of selected BC features for eyes-open condition (a) and eyes-closed condition (b). Single asterisk denotes p < 0.05, and double asterisks denote p <
0.01. (BSTS: banks of superior temporal sulcus, IT: inferior temporal gyrus, LO: lateral occipital sulcus, LOF: lateral orbitofrontal cortex, PH: parahippocampal gyrus,
POR: pars orbitalis, PTR: pars triangularis, PostCG: postcentral gyrus, RMF: rostral middle frontal gyrus, SF: superior frontal gyrus, SM: supramarginal gyrus, IC:
isthmus cingulate gyrus, POP: pars opercularis, PreCAL: pericalcarine, PCUN: precuneus, RAC: rostral anterior cingulate cortex, SP: superior parietal).

the right middle temporal gyrus and right medial orbitofrontal cortex
decreased significantly. Also, the spatial distribution of node centrality
demonstrates nodes with significant lower BC in the medial and lateral
parietal (precuneus, supramarginal, and isthmus cingulate gyri) and
bilateral rostral anterior cingulate as well as higher BC in the left su-
perior frontal gyrus and bilateral parahippocampal gyri (see Fig. 8(c)).

3.4. Classification results

The SVM was used to determine which graph theory feature is
capable of discrimination between anxious and non-anxious depressive
groups. To evaluate the performance of SVM applied on each input
matrix, we compared the values of accuracy, F-score, and specificity in



H. Shokouh Alaei et al.

Biomedical Signal Processing and Control 83 (2023) 104666

Fig. 7. Brain map of BC percentage change between anxious and non-anxious depressive groups for eyes-open condition (a) and eyes-closed condition (b). The
regions showing significant differences are enclosed with red and blue contours (p < 0.05). (For interpretation of the references to colour in this figure legend, the

reader is referred to the web version of this article.)

Table 2. Compared with in-strength and BC, the out-strength feature
achieved higher accuracy, F-score, and specificity in both states while
the highest results were obtained in the eyes-closed condition with
91.66% accuracy, 87.5% F-score, and 100% specificity. On the other
hand, in-strength outperformed BC features in the eyes-open state but
resulted in roughly similar performance with BC in the eyes-closed
condition. In addition, according to Table 2, the features of strength
and BC resulted in higher accuracy, F-score, and specificity in the eyes-
closed state compared to the eyes-open state.

4. Discussion

In this study, we analyzed the connectivity strength and centrality of
the directed network within 68 cortical regions in MDD patients with
and without anxiety. The classification results showed that out-strength
features performed better than in-strength and BC features in the sepa-
ration of the depressive groups. We also investigated the effect of eyes
open and closed conditions on resting-state EEG for discriminating
anxious and non-anxious depressive patients. Compared with the clas-
sification results of the eyes-open state, we found that the SVM achieved
a higher accuracy, F-score, and specificity in the eyes-closed state for all
features, although more statistically different features were observed in
the eyes-open condition for connectivity strength. These results proved
that not only the information flow between cortical regions is changed in
both directions, but also the brain network is altered in different resting
states. As other studies claimed a similar interpretation including
asymmetric information flow between the left and right hemispheres in
MDD patients and altered resting-state EEG in eyes open and closed
conditions for MDD patients [27,43].

The topographic maps demonstrate that the out-strength across a
large proportion of the brain in the low-to-high frequency bands for the
anxious depressive group is greater during the eyes-open recording. This
implies that the increased outward information flow might reflect the
presence of comorbid anxiety in MDD patients. On the other hand, the
inward information flow to some certain ROIs including fronto-central
regions (bilateral postcentral, left caudal middle frontal, and left pars
triangularis gyri), and right precuneus increased substantially in low-to-
high frequency bands for eyes-open anxious depressed individuals. This
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result is somewhat consistent with what other studies have achieved
since they have reported that anxious depressed subjects have higher
functional connectivity at the middle frontal gyrus and the precuneus
[13,14]. Furthermore, we found that, during eyes-closed condition, the
information flow of a few ROIs exhibited significant differences such as
the left precentral gyrus where the in-strength reduced predominantly in
the anxious depressive group, it is while a study suggested that the
functional connectivity in such group increases at the right precentral
gyrus [14].

Our statistical analysis also showed that the out-strength changes
become stronger in the right hemisphere. The out-strength over almost
half of the right frontal, right temporal, and right parieto-occipital lobes
in the anxious depressive group increased significantly. Several studies
have repeatedly reported abnormal changes in the right hemisphere for
anxious depressed patients such as increased activation in the right
frontal and right parieto-temporal regions [17-19,21]. In addition, apart
from the studies that have taken into account both depression and
anxiety, some studies have also confirmed that the dysfunction of the
right hemisphere is associated with MDD patients in comparison to
healthy controls [27,44].

Another important finding of this study indicates that the brain
network disruption is mainly related to the beta bands (beta 1, beta 2,
and beta 3) in which the cingulate cortex, posterior regions (right lingual
gyrus, right precuneus, and bilateral pericalcarine), frontal regions
(rostral middle frontal and left pars triangularis), the motor cortex (left
paracentral, left precentral and bilateral postcentral gyri), temporal lobe
and insula displayed significant difference. There is also some evidence
of increased beta activity in the entire brain region for MDD patients
with comorbid anxiety and high-beta power at the fronto-temporal for
the non-anxious depressive group and the posterior cortices for the
anxious depressive group [22,23,45]. It is further stated that the
prominence of beta bands may lead to anxiety and stress, while its
suppression may cause depression and poor cognition [46]. These
findings indicate the role of the beta band to distinguish anxious or non-
anxious depressions.

Based on the BC results, we observed multiple brain regions have
been changed significantly. Some of these observations are consistent
with the results of other studies. For example, a study found an increased
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Table 2
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Fig. 8. Anatomical locations of regions indicating
significant difference (p < 0.05) in in-strength (a),
out-strength (b), and BC (c) within the default mode
network (DMN). Red nodes: increased values of
network metrics in the anxious depressive group.
Blue nodes: decreased values of network metrics in
the anxious depressive group. Black nodes: DMN
nodes that did not change significantly. (For inter-
pretation of the references to colour in this figure
legend, the reader is referred to the web version of
this article.)

Classification results between anxious and non-anxious depressive groups for both conditions based on the selected in-strength, out-strength and BC features.

Eyes Open Condition

Eyes Close Condition

Accuracy F-score Specificity Accuracy F-score Specificity
in-Strength 66.66% 60% 66.66% 75% 66.66% 80%
out-Strength 79.16% 66.66% 93.33% 91.66% 87.5% 100%
BC 58.33% 54.54% 53.33% 75% 70% 73.33%

nodal centrality in the left postcentral and right supramarginal gyri for
the non-anxious depressive group [47]. This study also suggested that
the nodal centrality in the bilateral lingual gyrus decreased for MDD
patients. According to our results, this finding was observed only in the
right lingual gyrus during the eyes-closed state. Furthermore, our pre-
liminary results revealed that the BC in the left superior frontal gyrus
increased for the anxious depressive group but decreased in the bilateral
insula. In subsequent research work, abnormal neural activities in the
bilateral superior frontal gyrus and insula for anxious depression pa-
tients have also been reported [10]. The present study also claims that
the BC in the left lateral occipital cortex increases for the anxious
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depressive group. Further support for this finding can be found in
another fMRI study. In particular, a cortical thinning in the left lateral
occipital cortex for the anxious depressive group was reported [11].

In addition to graph analysis (i.e., connectivity strength and
betweenness centrality), we identified the overlapped contrast regions
with the regions of the default mode network to assess the differences in
brain activity between anxious and non-anxious depressive patients. Our
prominent result indicated that only the supramarginal and isthmus
cingulate gyri, as two main components in the posterior area of DMN,
showed a significant difference in terms of inward and outward con-
nectivity strength, and betweenness centrality. However, most nodes in
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the posterior of DMN showed increased connectivity strength in both
directions for anxious depressive patients but decreased node centrality.
Similarly, a study observed increased functional connectivity in the
posterior of DMN in anxious depressive elderly patients [13].

All in all, various brain regions in different frequency bands showed
significant differences in the two groups of depression. Some brain re-
gions exhibited constant significant differences in all network features of
strength and BC. As evident in the results, the network features in the left
postcentral gyrus were changed significantly in open eyes recording.
This region as a part of the somatosensory cortex plays a key role in
emotional processing and is associated with anxiety disorder [48]. The
right supramarginal gyrus is another crucial region that also differed in
open-eye condition. It is reported that disrupting neural networks in the
right supramarginal gyrus has a detrimental influence on the sense of
empathy and makes people more egocentric [49]. Moreover, several
significant differences in features of the network were observed in the
right insula and pars orbitalis, which both involve semantic and
emotional processing, and thereby impairment in such regions brings
about anxiety and depression [50-53].

Our study is not devoid of limitations. First, we did not include the
healthy control group in our experiment since we only attempted to
provide a picture of different brain networks between anxious and non-
anxious depressive groups. Second, the patient population size in each
group was small. Therefore, a large number of patients are required to
verify the robustness of the results. Third, the quality of source esti-
mation could be significantly improved if we utilized a high number of
EEG channels such as a recording system with dense electrode arrays (i.
e. 64-256 electrodes). Finally, we considered two of the most common
graph metrics including connectivity strength and betweenness cen-
trality for the assessment of brain network function and hub nodes
(highly connected brain areas). It is suggested in future research to
consider other features of the graph network such as the clustering co-
efficient, which may offer other aspects of brain networks in MDD pa-
tients with and without comorbid anxiety.

5. Conclusion

To the best of our knowledge, this is the first study that has inves-
tigated differences in the directed brain network in anxious and non-
anxious depressed patients using an effective connectivity measure
and the EEG source connectivity method. Network metrics comprising
directed node strength and BC were analyzed by a statistical test and the
machine learning approach. Classification results demonstrate outward
connectivity strength had the highest performance in separating the two
groups of patients, while all features performed better in the eyes-closed
state than in the eyes-open state. Our main findings related to the
strength of connectivity consist of increased node strength during the
eyes-open condition, especially a higher out-strength in the right
hemisphere for the anxious depressive group. In addition, we found that
beta oscillations reflect the most altered brain network in terms of node
strength and BC. Further analysis revealed that connectivity and cen-
trality in most regions of posterior DMN were changed significantly. To
conclude, the obtained results could potentially lead to the under-
standing of the underlying brain network of patients with comorbid
depression-anxiety disorder, however, more research still is needed
regarding the anxious depressive disorder.
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