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Abstract
Recent neuroimaging studies have identi�ed altered activations and connectivity among many brain
regions as potential biomarkers for panic disorder. However, little was known about how topological
properties would change in panic disorder. Therefore, a graph-theoretical approach was applied in this
study to construct functional networks of patients and healthy controls to discover topological changes
in panic disorder. 31 patients and 33 matched healthy controls underwent resting-state functional
magnetic resonance imaging. Brain network of each participant was structured using the Anatomical
Automatic Labeling template as nodes and connectivity matrixes as edges. Then, topological
organizations of networks were calculated. Network-based statistic analysis was conducted and global
and nodal properties were compared between patients and controls. Patients with panic disorder showed
small-world attribute, which was lower than that in controls. Patients revealed decreased nodal e�ciency
in superior and middle frontal gyrus, right superior temporal gyrus and left middle temporal gyrus.
Decreased functional connectivity was found in panic disorder between right middle temporal gyrus and
extensive temporal regions. Results indicated decreased function of global and regional information
transmission in panic disorder, highlighted the disrupted “top-down” processing in fronto-temporal
regions and emphasized the role of temporal regions in the pathology of panic disorder.

1. Introduction
Patients with panic disorder (PD) suffer from core symptom of recurring panic attacks which is often
manifested as palpitations, dizziness, accelerated heart rate, trembling, sweating and fear of going crazy
or even dying (Sobanski & Wagner, 2017). Besides panic attacks, PD patients also experience related
cognitive and behavioral changes resulting in anticipatory anxiety and avoidance behaviors.
Epidemiological study showed PD’s lifetime prevalence is 4.7% (Kessler et al., 2006).

1.1 Fear network hypothesis in PD
The fear network hypothesis was the �rst modal raised by Gorman (Gorman & M., 2000) in the
neuropathology of PD, which pointed that overactivation of amygdala and disrupted inhibitive function of
prefrontal cortex (PFC) were the main cause of panic attacks. This modal has been supported by many
studies reporting abnormal top-down processing (Kent et al., 2005; Lueken, Straube, Reinhardt,
Maslowski, & Kircher, 2014; Nash et al., 2008). Except PFC and limbic regions, recently sensory regions
including temporal and occipital regions were reported to be changed in PD. Lai proposed an advanced
modal of fear network, adding temporal, parietal and occipital regions in the modal (C. H. Lai, 2019),
which emphasized disrupted sensory information transmission from sensory regions to frontal regions.
In line with Lai’s hypothesis, our previous meta-analysis of voxel-based morphometry (VBM) studies also
identi�ed decreased gray matter volume (GMV) in middle temporal gyrus (MTG) and superior temporal
gyrus (STG) in PD (Wu et al., 2018). Changes in extensive temporal regions have been reported repeatedly
but with different subregions such as STG, MTG and inferior temporal gyrus (ITG), and inconsistent



Page 3/22

change directions (Lee et al., 2006; Spoormaker et al., 2011). The role of different temporal regions in the
pathology of PD remains unclear.

1.2 Introduction of functional connectome analysis
For its stability and convenience of implementation, resting-state functional magnetic resonance imaging
(fMRI) is often used to identify abnormal activations of brain regions and functional connectivity (FC) in
psychiatry researches. Recently, the emerging method of connectome analysis based on graph theory has
been applied in psychiatric studies, such as schizophrenia (Liu et al., 2008), MDD (Zhang et al., 2011) and
anxiety disorders like social anxiety disorder (Zhu et al., 2017). This method provides a way of
understanding mental illnesses from the angle of information transmission between brain regions. It has
been widely proved that human brain is characterized by small-worldness under multiple task conditions
(Eguiluz, Chialvo, Cecchi, Baliki, & Apkarian, 2005), as well as in resting-state conditions (van den Heuvel,
Stam, Boersma, & Hulshoff Pol, 2008), which implies both high global e�ciency of information
transmission across the whole brain and high local e�ciency within each local functional network.
Patients with psychiatric disorders were found to have decreased small-worldness (Liu et al., 2008; L.
Wang et al., 2009).

1.3 Objectives of the study
Although there have been many psychiatric studies focusing on connectome changes, we found only one
study conducting graph-based network analysis on PD (C. H. Lai & Wu, 2016). Lai’s study reported
connectome changes of PD, identifying extensive decreases of FC among regions, such as left
parahippocampal gyrus and bilateral precentral gyrus, which emphasized the importance of limbic
regions and the connection between sensory and motor regions. However, topological property changes
were not mentioned in the study.

Therefore, the present study aimed at exploring the pathology of PD from a new perspective of
information transmission in a more comprehensive way, including changes of FC and topological
properties in PD.

2 Materials And Methods

2.1 Participants
The study aimed to enroll 40 patients with PD and 40 age- and gender-matched healthy controls (HCs).
PD patients were recruited from Brain Hospital of Nanjing Medical University, and healthy participants
were recruited from the community from September 2014 to January 2019. Patients were assessed for
study eligibility as follows. The inclusion criteria for PD patients included: (1) PD diagnoses were made
according to DSM-V criteria and the Chinese version of the Mini-International Neuropsychiatric Interview
criteria; (2) Age between 18 and 55 years old; (3) Right-handed. Patients were excluded if they have the
following conditions: (1) Neurological or other psychiatric illnesses; (2) Severe somatic diseases; (3)
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Contraindicated factors for MRI, such as claustrophobia, discomforts while undergoing MR examination,
a pacemaker in the body, pregnant or nursing.

This project was approved by the Ethics Committee of the Nanjing Brain Hospital, a�liate of Nanjing
Medical University. After complete explanation of the procedures to participants, written informed consent
was obtained.

2.2 Clinical assessments
Clinical symptoms were measured through 3 scales. Panic Disorder Severity Scale (PDSS) was used by
several trained psychiatrists to assess the severity of panic symptoms; Hamilton Anxiety Scale (HAMA)
was used to assess the anxiety level of patients; The Chinese revision of the Anxiety Sensitivity Index
(ASI-R) was also used to evaluate the anxiety sensitivity of patients.

2.3 Resting-state fMRI acquisition
All imaging data were obtained with a 3.0 T Siemens version scanner in the afternoon between 14:00–
16:00 as soon as the participants were induced in the study. Whole-brain fMRI was acquired using an 8-
min echo-planar imaging sequence (repetition-time/echo-time = 2000 / 30 ms, �ip angle = 90o). The slice
thickness was 4 mm and the matrix size was 64 × 64, resulting in voxels of 3.75 × 3.75 × 4.0 mm3.
Participants were instructed to close their eyes and rest, to stay awake and not to sleep. High-resolution
T1-weighted structural MRI was obtained for subsequent process of BOLD data co-registration using
three-dimensional spoiled gradient-echo sequence (repetition-time/echo-time = 1900 / 2.48 ms, voxels 1 × 
1 × 1 mm3).

2.4 Data preprocessing
Functional data were preprocessed using the Data Processing Assistant for Resting-State fMRI
(DPARSF_V4.0) in DPABI (http://rfmri.org/dpabi) (Yan, Wang, Zuo, & Zang, 2016). This toolbox is based
on Statistical Parametric Mapping (SPM8, http://www.�l.ion.ucl.ac.uk/spm) and the Matlab platform
(http://www.brain-connectivity-toolbox.net). DPARSF is developed for more convenient preprocessing
steps and widely used in resting-state fMRI studies (Chao-Gan & Yu-Feng, 2010). To attain magnetization
equilibrium, �rst 10 time points were discarded. For each participant, images were slice-timing corrected
using sinc interpolation and then realigned. After head motion correction, linear regression was performed
to remove Friston’s twenty-four head motion parameters and confounding signals of white matter,
cerebrospinal �uid and global signals. All the images were normalized by using each participant’s T1
image uni�ed segmentation and spatially smoothed with a 6-mm full-width half maximum Gaussian
kernel. Finally, temporal band-pass �ltering was performed using a cut-off frequency of 0.01–0.1 Hz.
Participants whose head motion exceeded 2.5 mm or 2.5 degrees were excluded.

2.5 Network construction
According to graph theory, a network is composed of nodes and edges between nodes. The atlas of
Automated Anatomical Labeling (AAL) was used to represent 90 nodes of the network since it has been
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widely used in many neuroimaging studies (Tzourio-Mazoyer et al., 2002). The network edges were
de�ned using resting-state FC, which was calculated using pairwise Pearson correlations between any
two regions’ mean time series. Then, FC values were normalized to z-scores by Fisher’s transformation.
From this, a 90 × 90 correlation matrix, or a binarized (based on a range of sparsity), undirected graph
was derived for each subject.

2.6 Network-based statistic analysis
A non-parametric approach called network-based statistic (NBS) (Zalesky, Fornito, & Bullmore, 2010) was
used to evaluate connectivity disruption by computing multiple test statistics while controlling the family-
wise error rate. NBS analysis was conducted using GRETNA toolkit (J. Wang et al., 2015) to �nd
differences between PD and HC groups with age, gender, education information as covariates.

The NBS approach included following steps. First, a set of supra-threshold links were identi�ed using t-
statistic with an uncorrected threshold of p < 0.001. Then a breadth �rst search (Ahuja, Magnanti, & Orlin,
1994) was used to determine connected components in which any two voxels were connected to each
other through a path comprising supra-threshold links. The number of links in each connected
component (component size N) was also stored at this step. Permutation testing was conducted with a p-
value controlled for FWE ascribed to each connected component on the number of links it comprised. A
total of 10000 random permutations were generated independently, during which the group a participant
belonged to (PD or HC) was randomly exchanged. The permutation process yielded a null distribution for
the size of the largest connected component so that a corrected p-value could be determined by
calculating the proportion of permutations for which the largest connected component size was larger
than N. The result of altered components in PD was visualized by BrainNet Viewer (Xia, Wang, & He,
2013).

2.7 Graph-theory network analysis
Graph-theory metrics were calculated using GRETNA. Both global measures and local measures were
used to describe the network’s topological characteristics.

Global measures included: characteristic path length (Lp), clustering coe�cient (Cp), global e�ciency (Eg),
small-worldness (σ). Lp is de�ned as the average of the shortest path lengths (the minimum number of
edges from a particular node to another) between any pair of nodes in the network. Cp describes the
extent of local connectivity of a network and is de�ned as the average clustering coe�cients (see below)
of all nodes in the network. Eg measures the ability of information transmission of a network, which is
de�ned by the average inverse path length of the shortest paths connecting all nodes in a network (Gong
et al., 2009). High global e�ciency implies fast information transmission and close topological
relationship of nodes throughout the network.

Small-worldness is a parameter integrating the e�ciency of both local and global information transfer. A
small-world network is de�ned by high Cp and low Lp (Watts & Strogatz, 1998). Small-worldness was
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calculated as the ratio of the Cp of actual brain network to that of a random network (γ) divided by the
ratio of the Lp of real brain network to that of a random network (λ) (Bassett, Brown, Deshpande, Carlson,
& Grafton, 2011; Humphries & Gurney, 2008).

Local measures included: nodal degree centrality, nodal betweenness centrality, nodal global e�ciency
and nodal clustering coe�cient (Eloc). Nodal degree centrality is de�ned by the total number of edges of a
particular node divided by maximum possible edges the node could have with other nodes. Higher nodal
degree centrality means more importance of this particular node in the network. Betweenness centrality is
calculated as ratio of the number of shortest paths between any two nodes traversing a particular node to
the number of all the shortest paths between any two nodes. This parameter is often used to de�ne hubs
which may is crucial in the network and closely connected to other nodes. Nodal global e�ciency re�ects
the e�ciency of information transmission from one particular node to other nodes. Clustering coe�cient
is de�ned as the number of connections between neighbor nodes of a particular node divided by
maximum possible number of such nodes. High clustering coe�cient implies a more specialized and
integrated topological organization and good defense ability of a network against attack.

All the graph-theory metrics were calculated at a range of sparsity from 5–40% of the strongest
connections within connectivity matrix. For each metric, area-under-the-curve (AUC) was calculated
across all values of sparsity in 1% intervals. These AUC values were used for statistical comparisons.

2.8 Statistical analyses
A general linear model was performed with each global / regional network metric as independent
variables and age, gender, education information as covariates. For multiple comparison correction, an
alpha level of 1/90 (p < 0.01) was used to declare signi�cance for regional properties (Lynall et al., 2010).
All the comparison processes were conducted using GRETNA toolkit.

The relationship between topological metrics with signi�cant group differences and clinical symptoms of
PD was calculated using Spearman’s correlation coe�cient.

3 Results
3.1 Demographic data and clinical symptoms

  A total of 31 patients with PD (17 males and 14 females) and 33 HCs (14 males and 19 females) were
recruited in the study. At the time of MR scanning, 24 out of 31 patients received no medications or
psychological treatments; three patients were taking escitalopram; two patients were taking lorazepam
and escitalopram and one patient was taking �uvoxamine. After preprocessing, MRI data of 1 PD and 4
HCs were discarded due to high head motion.

No signi�cant differences of age, gender and years of education were found between two groups (Table
1).
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3.2 Altered functional connectivity in PD

  NBS analysis identi�ed a single network showing signi�cant decreased FC in PD patients compared to
HC (p = 0.048, FWE corrected). A total of 5 nodes and 4 edges were involved (Figure 1A, Table 2). Nodes
with altered FC were mainly in temporal lobe in right hemisphere. Right MTG were involved in all 4 altered
edges, indicating the signi�cance of MTG in PD. The correlation analysis found the FC between right
MTG and right transverse temporal gyrus showed signi�cant positive correlation with HAMA score (Figure
1B).

  

3.3 Disrupted global properties in PD

  Global properties under different connection sparsity were depicted in Figure 2. PD and HC groups all
had small-world properties (σ > 1). The comparison of the AUC of γ and λ yielded no signi�cant difference
between PD and HC (γ: t=-1.716, p=0.092; λ: t=1.339, p=0.186). Compared with HC group, the AUC value
of σ was signi�cantly lower in PD group (t=-2.21, p=0.03) (Figure 3). The decreased γ and increased λ
indicated that both global and local information transfer e�ciency had the tendency of decreasing in PD
patients, which attributed to the signi�cant decrease of small-worldness of PD patients. No signi�cant
correlations were found between the AUC value of σ of PD group and the PDSS score (r=-0.303, p=0.104),
between the AUC of σ and the ASI score (r=-0.001, p=0.995) and between the AUC of σ and the HAMA
score (r=-0.048, p=0.800).

 

3.4 Disrupted regional properties in PD

  The comparison of regional properties between PD and HC showed PD patients had increased higher
nodal degree centrality in right posterior cingulate gyrus and left superior occipital gyrus, decreased
higher nodal degree centrality in right superior frontal gyrus (SFG) and left MTG; PD patients had
increased nodal betweenness centrality in right rectus and left angular gyrus; Decreased nodal global
e�ciency were found in extent frontal and temporal regions of PD patients (Table 3). The comparison of
nodal clustering coe�cient yielded no signi�cant group difference.

  The brain-symptom correlation analysis showed that the AUC of nodal global e�ciency of right SFG had
signi�cant negative correlation with ASI-R score (Figure 4A); the AUC of nodal betweenness centrality of
left angular gyrus had signi�cant positive correlation with HAMA score (Figure 4B).

4 Discussion
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This study characterized resting-state network alterations in PD from two perspectives: both connectivity
and topological property changes. To our knowledge, this is the �rst study to investigate network changes
in PD using both NBS analysis and topological measures. Small-worldness attribute comparison revealed
that PD patients showed lower small-worldness than HC, indicating the tendency of decreased global and
local network e�ciency in PD. The abnormalities may have correlation with loss of long-range
communication among parts of the brain in PD (Latora & Marchiori, 2001).

The comparison of nodal global e�ciency revealed lower regional topological property in right SFG, right
MFG, right STG and left MTG. Frontal lobe is an essential part in the neuropathology of PD since fear
network hypothesis was raised in 2000 (Gorman & M., 2000). The disruption of SFG has been widely
reported in many studies (Feldker et al., 2016; Killgore et al., 2014; Wedekind et al., 2011). SFG and STG
were found to be involved in the extinction phase in fear conditioning (Lueken et al., 2014; Sehlmeyer et
al., 2009). In extinction circuitry, PFC inhibits the response of amygdala to regulate fear extinction (Quirk,
Garcia, & González-Lima, 2006; Sotres-Bayon, Cain, & LeDoux, 2006). Our previous meta-analysis of VBM
studies also found gray matter de�cits in extent frontal regions and STG and co-atrophy between bilateral
dorsomedial PFC, orbital frontal cortex (OFC) and STG (Wu et al., 2018), which provided evidence for
decreased inhibitory function of PFC and STG from brain structural perspective. Decreased nodal global
e�ciency in frontal and temporal regions and negative correlation found between the AUC of nodal
global e�ciency of SFG and HAMA scores indicated disrupted long-range communication of “top-down”
regulation in PD, which may lead to anxiety symptoms.

Decreased nodal degree centrality of right SFG and right MTG in PD conformed with the result of nodal
network e�ciency comparison mentioned above, which emphasized the crucial role of SFG and STG in
“top-down” process of emotion regulation in PD. Nodal degree centrality comparison also found
increased degree centrality in right PCC and left superior occipital gyrus in PD. Although PCC is not a
typical part of fear network, PCC changes has been reported repeatedly in structural and functional MRI
studies. Gray matter de�cits (C.-H. Lai, Hsu, & Wu, 2010) and higher fractional anisotropy (FA) (Han et al.,
2008) were found in PCC in PD patients. Greater activation in PCC was found in PD while facing threat-
related stimuli (Maddock, Buonocore, Kile, & Garrett, 2003). A recent fMRI study found increased
activation in PCC in PD in breath-holding task and positive relationship between activation of PCC and
self-reported fear (McIntosh, Hoshi, & Timpano, 2020). As a partial region involved in default mode
network (DMN), PCC is correlated with self-referential and internally generated thoughts (Buckner,
Andrews-Hanna, & Schacter, 2008). Increased degree centrality in PCC may indicate overactivation of
DMN posterior sub-network, which might cause excessive attention to internal and external treat-related
stimuli in PD (Coutinho et al., 2016; C.-H. Lai & Wu, 2014). Increased degree centrality in left superior
occipital gyrus in PD proved “extent fear network” hypothesis (C. H. Lai, 2019). In Lai’s advanced fear
network model, occipital lobe might also be involved in fear identi�cation and adaptation with thalamus,
amygdala, frontal regions and other sensory regions (C. H. Lai, 2019; Leitman et al., 2008). Occipital lobe
was associated with face recognition (Japee, Crocker, Carver, Pessoa, & Ungerleider, 2009), visual spatial
attention (Macaluso, Frith, & Driver, 2000) and fearful stimuli processing (Bayle & Taylor, 2010). Increased
degree centrality in occipital gyrus indicated the abnormality of sensory information, especially fear
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signals processing and transmit to the fear network (van de Riet, Grezes, & de Gelder, 2009), which might
be related to the sensitivity of fearful stimuli and excessive anxiety in PD (Tauscher, Bagby, Javanmard,
Christensen, & Kapur, 2001).

Nodal betweenness centrality describes the signi�cance of node in the network. Increased nodal
betweenness centrality in left angular gyrus indicated excessive FC of angular gyrus with other regions in
PD. Angular gyrus was also found to be involved in fear conditioning (Spoormaker et al., 2011).
Decreased regional homogeneity was reported in angular gyrus in remitted PD patients after
antidepressant treatment (C. H. Lai & Wu, 2013). Our study also found positive relationship between
betweenness centrality of angular gyrus and HAMA scores, which corresponded with previous studies
showing angular gyrus abnormalities in patients with anxiety disorder (Eren, Tükel, Polat, Karaman, &
Unal, 2003; Liao et al., 2010; Qiu et al., 2011).

NBS analysis identi�ed lower FC between MTG and other 4 regions, which were mainly in bilateral
temporal lobe and left postcentral lobe. Decreased FC in extent temporal regions supported “extent fear
network” hypothesis raised by Lai (C. H. Lai, 2019), which emphasized the role of temporal lobe in fear
network. Corresponding with our previous meta-analysis of VBM studies of PD (Wu et al., 2018), MTG
played a crucial role in the neuropathology of PD. Decreased GMV of MTG in PD was reported in
structural MRI studies of PD (Massana et al., 2003; Sobanski et al., 2010). Different from structural
studies, functional fMRI studies of PD showed inconsistent results. Higher activation in MTG was
detected in PD patients during negative pictures viewing (Reinecke et al., 2015). As a crucial part of
temporal lobe, MTG is involved in many functions: semantic processing (Carin, Elizabeth, & Tilo, 2010;
Mcdermott, Petersen, Watson, & Ojemann, 2003), auditory stimuli processing (Mirz et al., 1999), facial
expression processing (Sato, Toichi, Uono, & Kochiyama, 2012) and reasoning (Goel, Gold, Kapur, & Houle,
1998). FC abnormalities of MTG might indicate higher cognitive dysfunctions in PD except emotion
regulation (Galderisi et al., 2008). Decreased FC between right MTG and right transverse temporal gyrus
revealed disrupted information transfer in perceptive and cognitive function in PD. However, positive
relationship between the FC of these two regions and anxiety symptoms may indicate different
connectivity patterns between PD and HC.

There are several limitations in our study. First, some patients were taking medicines at the time of MRI
scanning. Future studies could recruit drug-naive patients to reduce bias caused by sample heterogeneity;
Second, the present study used AAL template, which divided the brain on the anatomical basis. The
parcellation of the brain into meaningful regions remains an open issue (He & Evans, 2010; Wang &
Jinhui, 2010; Wig, Schlaggar, & Petersen, 2011). Random parcellation might also be needed. Third, the
present study is cross-sectional, longitudinal studies are still needed to follow up the patients.

5 Conclusion
Our results suggested PD patients had decreased global and local network e�ciency, which might be
related to disrupted “top-down” processing in fronto-temporal regions in PD. Lower FC between MTG and
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other temporal regions might indicate the important role of temporal regions in the pathology of PD.
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Tables
Table 1. Demographic and clinical information of PD and HC

 PD (n=30) HC (n=29) T / c2 p
Gender (Male/Female) 16/14 13/16  0.43 0.51
Age (years) 34.93±8.01 36.93±9.24 -0.89 0.38
Years of education 13.33±3.54 14.07±3.85 -0.76 0.45
Illness Duration (years) 2.08±3.04     
PDSS 12.43±5.20     
ASI-R 39.89±12.09     
HAMA 17.77±8.19      

Data are presented as the range of minimum-maximum (mean ± standard deviation).
PD, panic disorder; HC, healthy controls; PDSS represents the Panic Disorder Severity Scale; ASI-R represents
the revision of the Anxiety Sensitivity Index.
The p value of gender comparison was obtained using a chi-square test while other p values were obtained using
two-sample t-tests.
 
 
Table 2. Edges showing significant alterations between PD and HC

Edges t value
Right middle temporal gyrus - Left postcentral gyrus -3.484
Right middle temporal gyrus - Left transverse temporal gyrus -3.966
Right middle temporal gyrus - Right transverse temporal gyrus -3.538
Right middle temporal gyrus - Right temporal pole: superior temporal gyrus -3.681
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T value < 0 means PD < HC.
 
 
Table 3. Regional property changes in PD patients

Regions t p
Regions showing significant difference between PD and HC in nodal degree centrality
Right superior frontal gyrus -3.116 0.003
Right posterior cingulate gyrus 2.937 0.005
Left superior occipital gyrus 3.276 0.002
Left middle temporal gyrus -2.717 0.009
     
Regions showing significant difference between PD and HC in nodal betweenness centrality
Right rectus 3.003 0.004
Left angular gyrus 3.314 0.002
     
Regions showing significant difference between PD and HC in nodal global efficiency
Right superior frontal gyrus -3.241 0.002
Right middle frontal gyrus -2.695 0.009
Right superior temporal gyrus -2.961 0.005
Right temporal pole: superior temporal gyrus -2.764 0.008
Left middle temporal gyrus -2.725 0.009
     
Regions showing significant difference between PD and HC in nodal clustering coefficient
none   

T value > 0 means PD > HC; T value < 0 means PD < HC.
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Figure 1

A, altered network in PD patients. PoCG.L, left postcentral gyrus; HES.L, left transverse temporal gyrus;
HES.R, right transverse temporal gyrus; MTG.R, right middle temporal gyrus; TPOsup.R, right temporal 
pole: superior temporal gyrus. B, correlation between FC values in the right MTG and right transverse
temporal gyrus connection and HAMA scores.
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Figure 2

Measures of global topological properties of brain connectivity in PD and HC groups. A, Clustering
coe�cient (Cp); B, Characteristic path length (Lp); C, Small-worldness (σ).
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Figure 3

The AUC of global topological properties in PD and HC groups. * represents signi�cant group difference
at 0.05 level. Gamma (γ), the normalized clustering coe�cient; Lambda (λ), the normalized characteristic
path length; Sigma (σ), small-world measures; Lp, shortest path length; Cp, clustering coe�cient; Eg,
global e�ciency.
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Figure 4

A, correlation between the AUC of nodal global e�ciency of right superior frontal gyrus and ASI-R scores;
B, correlation between the AUC of nodal betweenness centrality of left angular gyrus and HAMA scores.


