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Abstract: Major depressive disorder (MDD) has been associated with disruptions in the topological
organization of brain morphological networks in group-level data. Such disruptions have not yet been
identified in single-patients, which is needed to show relations with symptom severity and to evaluate
their potential as biomarkers for illness. To address this issue, we conducted a cross-sectional structur-
al brain network study of 33 treatment-naive, first-episode MDD patients and 33 age-, gender-, and
education-matched healthy controls (HCs). Weighted graph-theory based network models were used
to characterize the topological organization of brain networks between the two groups. Compared
with HCs, MDD patients exhibited lower normalized global efficiency and higher modularity in their
whole-brain morphological networks, suggesting impaired integration and increased segregation of
morphological brain networks in the patients. Locally, MDD patients exhibited lower efficiency in ana-
tomic organization for transferring information predominantly in default-mode regions including the
hippocampus, parahippocampal gyrus, precuneus and superior parietal lobule, and higher efficiency
in the insula, calcarine and posterior cingulate cortex, and in the cerebellum. Morphological connectivi-
ty comparisons revealed two subnetworks that exhibited higher connectivity strength in MDD mainly
involving neocortex-striatum-thalamus-cerebellum and thalamo-hippocampal circuitry. MDD-related
alterations correlated with symptom severity and differentiated individuals with MDD from HCs with
a sensitivity of 87.9% and specificity of 81.8%. Our findings indicate that single subject grey matter
morphological networks are often disrupted in clinically relevant ways in treatment-naive, first episode
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MDD patients. Circuit-specific changes in brain anatomic network organization suggest alterations in
the efficiency of information transfer within particular brain networks in MDD. Hum Brain Mapp

38:2482-2494, 2017. © 2017 Wiley Periodicals, Inc.
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INTRODUCTION

Lui et al. first proposed the Psychoradiology, a new field
of radiology, which seems primed to play a major clinical
role in guiding diagnostic and treatment planning deci-
sions in patients with psychiatric disorders [Lui et al.,
2016]. Psychoradiological studies of depressed patients
have demonstrated focal functional and structural altera-
tions in cortical and subcortical regions, including dorso-
lateral ~prefrontal cortex [Fitzgerald et al, 2006;
Groenewold et al., 2013; Hamilton et al., 2012; Wise et al.,
2016], anterior cingulate cortex (ACC) [Drevets et al., 1998;
Groenewold et al., 2013; Pizzagalli, 2011; Schmaal et al.,
2016a], posterior cingulate cortex/precuneus (PCC/PCu)
[Mah et al., 2007], amygdala [Groenewold et al., 2013;
Hamilton et al., 2012; Mah et al.,, 2007], hippocampus
[Arnone et al., 2016; Lui et al., 2009; Schmaal et al., 2016b;
Wise et al., 2016] and caudate nucleus [Krishnan et al.,
1992; Pizzagalli et al., 2009; Schmaal et al., 2016b]. In addi-
tion to focal abnormalities, studies of MDD patients have
documented abnormal structural and functional connectiv-
ity involving the default-mode network (DMN) [Kaiser
et al, 2015; Zhu et al., 2012], prefrontal-limbic-thalamic
[Lui et al., 2011] and ACC-anchored networks [Connolly
et al., 2013; Greicius et al., 2007]. Abnormal white-matter
structural connectivity, involving the inferior fronto-
occipital fasciculus, posterior thalamic radiation, and cor-
pus callosum have also been reported [Bae et al., 2006;
Liao et al., 2013]. More recently, graph-based connectome
studies have demonstrated MDD-related topological ana-
tomic disturbances of whole-brain networks, suggesting a
dysconnection syndrome in the brains of depressed indi-
viduals [Gong and He, 2015].

Whole-brain networks can be extracted using multimod-
al neuroimaging techniques, among which functional MRI
and diffusion MRI are most frequently used. Based on
these two techniques, disrupted topological organization
of large-scale functional [Bohr et al., 2013; Cisler et al.,
2013; Guo et al., 2012; Jin et al., 2011; Lord et al., 2012;
Meng et al., 2014; Wang et al., 2014; Ye et al., 2015; Zhang
et al., 2011] and structural brain networks [Bai et al., 2012;
Korgaonkar et al., 2014; Long et al., 2015; Qin et al., 2014]
have been reported in MDD.

Recently, structural MRI data has been increasingly used
to delineate whole-brain connectivity patterns by calculating
inter-regional morphological correlations [Bassett et al., 2008;
He et al.,, 2007]. Examining morphological covariance has

distinct advantages, such as its relative insensitivity to arti-
facts (e.g., head motion) compared with other modalities.
Moreover, this method has successfully revealed MDD-
associated alterations in morphological covariance networks
in groups of depressed patients [Ajilore et al., 2014; Lim
et al., 2013; Singh et al., 2013]. However, this methodology
to date has only been used to characterize the network alter-
ations of a group of patients. Thus there is a need to devel-
op and utilize approaches that characterize inter-subject
variability in specific alterations, brain-behavior relationships
and diagnostic utility of neuroanatomic network abnormali-
ties [Alexander-Bloch et al., 2013; Evans, 2013].

More recently, new methods have been developed to
identify morphological brain networks in individual
patients based on structural MRI data [Raj et al., 2010;
Tijms et al., 2012], which provide an opportunity to exam-
ine associations of morphological network metrics with
behavioral characteristics in depression. Specifically, Tijms
et al. 2012 proposed a similarity-based method in accor-
dance with axon tension theory where axon-connectivity
of cortical areas has an influence on morphology [Van
Essen, 1997]. This approach has been used to develop
structural networks in previous studies [Evans, 2013]. This
method takes not only local morphology into account (e.g.,
volume or thickness) but also folding structure of the cor-
tex, which can improve characterization of morphological
network topology [Alexander-Bloch et al., 2013; Evans,
2013]. In these morphological graphs, the nodes represent
small cortical areas and edges represent statistical similari-
ties in regional grey matter volume (GMV) between these
nodal regions. This method has established test-retest reli-
ability [Tijms et al., 2012] and has been applied in studies
of Alzheimer’s disease [Tijms et al., 2013, 2014].

Using this similarity-based, single-subject morphological
network method, we investigated the topological organiza-
tions of brain networks in individual patients with and,
critically, whether such disruptions are associated with
symptom severity and can differentiate MDD patients
from healthy individuals. We conducted this study with
first-episode drug-naive MDD patients and matched
healthy controls (HCs) to reduce impact of medications
and course of illness on measures. After constructing indi-
vidual morphological cortical networks, graph-based mod-
els were employed to characterize and compare their
topology. We hypothesized that MDD patients would
show disrupted topological architectures in single-subject
morphological networks and that these disruptions would
be associated with the severity of depressive symptoms.
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TABLE I. Demographics and clinical characteristics of study participants

HCs (n=33) MDD (n = 33) P-value
Age (years) 18-59 (35.42 + 11.64) 18-60 (35.55 * 12.00) 0.967°
Gender (M/F) 8/25 8/25 -
Education (years) 2-19 (12.03 = 3.96) 1-19 (11.82 £4.97) 0.8497
Handedness (R/L) 33/0 33/0 -
Duration of illness (weeks) NA 2-60 (15.03 +13.87) -
HAMD NA 18-34 (24.21 = 4.88) -
Onset age (years) NA 18-59 (35.21 = 11.96) -

Data are presented as the range of minimum-maximum (mean = SD). HCs, healthy controls; MDD, major depressive disorder; M, male;
F, female; R, right; L, left; HAMD, Hamilton Depression Rating Scale; NA, non-applicable.

“The P value was obtained by a two-sample two-tailed ¢ test.

MATERIALS AND METHODS
Participants

A total of 66 right handed adult Chinese Han subjects
were included in the present study, comprising 33 first-
episode drug-naive MDD patients and 33 age-, gender-,
and education-matched HCs (see Table I). Patients were
recruited from consecutive admissions to the Department
of Psychiatry of West China Hospital of Sichuan Universi-
ty, Chengdu, China. The diagnosis of depression was
made by two psychiatrists using the Structured Clinical
Interview for DSM Disorders (SCID) using DSM-IV criteria
[First et al., 1997]. The severity of depression was evaluat-
ed using the Hamilton Rating Scale for Depression
(HAMD) [Williams, 1988] and the Clinical Global Impres-
sion scale [Guy, 1976]. Inclusion criteria included a first
episode of MDD, having never received psychiatric treat-
ment, a HAMD total score >18 on the day of MRI scan-
ning, and a duration of depression of >2 weeks but <60
weeks. Exclusion criteria included age <18 or >60 years,
history of psychosis, anxiety, or bipolar disorder, a history
of major medical or neurological illness, cardiovascular
disease, vasoactive medication, alcohol or drug abuse,
pregnancy or nursing, and contraindications for MRI scan-
ning. By recruiting treatment-naive, first episode patients,
we aimed to identify brain network alterations unrelated
to chronic disease and treatment.

Healthy control subjects were recruited from the local
area through poster advertisement, and screened using the
SCID Non-Patient Edition and the SCID for Personality
Disorders. HCs had no current or lifetime diagnosis of any
Axis I or II disorder or known family history of psychiatric
illness. This study was approved by the local Medical
Research Ethics Committee at West China Hospital and
written informed consent was obtained from each
participant.

Image Acquisition

MR scanning was performed on a 3.0 T MR scanner
(EXCITE, GE Medical Systems, Milwaukee, WI, USA).

Subjects were fitted with soft earplugs, positioned comfort-
ably in the coil, and instructed to relax and remain still.
Head movement was minimized with foam pads. High res-
olution three dimensional TIl-weighted images were
acquired using a spoiled gradient recalled sequence with
repetition time (TR) = 8.5 ms, echo time (TE) =3.4 ms, flip
angle (FA)=12°, 156 axial slices with slice
thickness = 1 mm, field of view (FOV) =24 X 24 cm? and
data matrix = 256 X 256.

Data Preprocessing

Structural images were processed using the VBMS tool-
box (http://dbm.neuro.uni-jena.de/vbm8) for Statistical
Parametric Mapping software (SPM8, RRID: SCR_007037;
http:/ /www fil.ion.ucl.ac.uk/spm/software/SPM8/).
Briefly, individual structural images were first segmented
into grey matter (GM), white matter and cerebrospinal flu-
id based on an adaptive Maximum A Posteriori technique.
The resultant GM maps, the focus of this research, were
normalized to Montreal Neurological Institute (MNI) space
using a high-dimensional “DARTEL” approach, non-
linearly modulated to compensate for spatial normaliza-
tion effects, and resampled to 2 X 2 X 2 mm® voxels.
Notably, the non-linear modulation essentially corrected
for inter-subject variability in brain size. No spatial
smoothing was performed in order to avoid inducing arti-
factual signal overlap among spatially adjacent regions.

Construction of Single-Subject Morphological
Networks

We used a completely automated and data driven meth-
od [Tijms et al., 2012] to construct large-scale single-subject
morphological networks based on structural MRI images.

As shown in Figure 1, the graph’s nodes were defined
as small regions of interest (i.e., cubes) consisting of 3 X 3
X 3 voxels in the MNI space. Prior to this parcellation, a
GM brain mask was used to exclude voxels with near zero
variance in GMV across participants. A total of 2,456 cubes
were then automatically extracted within this mask. The
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Figure I.

Schematic pipeline to the extraction of single subject morpho-
logical networks. T1 images (1) were first segmented into gray
matter maps (2), from which a series of cubes (3 X 3 X 3 vox-
els) were extracted. The similarity between any pair of cubes
was then calculated according to the method proposed by Tijms
et al. [2012], and therefore generating a similarity matrix for
each participant (3). The similarity matrices subsequently under-
went a thresholding procedure to exclude non-significant con-
nections (P> 0.05, Bonferroni corrected) (4). For each of the
resultant weighted networks, 100 random networks were gener-
ated that preserved the same number of nodes and edges and
the same degree distribution to the real brain networks (5). The

three-dimensional structure of the cortex is kept intact
within these cubes [Kiselev et al., 2003] and so both geo-
metrical information and the GMV values could remain
linked to the voxels. A standard Pearson correlation coeffi-
cient was used to measure the similarity between any pair
of nodes in the graph. Considering that the cortex is a
curved object, two similar cubes could be located at an angle
to each other, which could decrease their similarity value.
Therefore, each seed cube was rotated by an angle 0 with
multiples of 45° and reflection over all axes to find the maxi-
mum similarity value with the target cube [Tijms et al,
2012]. Finally, a 2,456 X 2,456 similarity matrix of correlation

real and random networks can be represented as graphs (6),
whose topological organization was further analyzed at both
global and nodal levels (7). Finally, between-group differences in
network measures, brain-behavior relationship and network-based
classification were performed (8). Abbreviation: mm, millimeter;
Egob» global efficiency; Ei, local efficiency; Egops, global efficiency
of random networks; Ej,., local efficiency of random networks;
Egiob-nodar Nodal global efficiency; Ejoc.nodas Nodal local efficiency; -,
gamma; A, Lambda; &, small world; Q, modularity; vs., versus; HCs,
healthy controls; ROC, receiver operating characteristic curves.
[Color figure can be viewed at wileyonlinelibrary.com]

values was generated for each participant (Supporting Infor-
mation Fig. S1). In the present study, following convention,
connectivity was defined as statistical similarity of regional
GMYV between regions, which might exist with indirect rath-
er than direct axonal connectivity. The definitions and math-
ematical methods for computing similarity measures have
been described previously [Tijms et al., 2012] and are dis-
cussed in Supporting Information Methods.

We tested the normality of GMV values within each cube
for each participant with a Kolmogorov-Smirnov (Lilliefors)
test. We found that among all the cubes (2,456 cubes/subject
X 33 subjects = 81,048 cubes) for each group, 25% (20,636)
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for the healthy controls, and 26% (21,437) for the MDD
patients did not follow normal distributions with respect to
their GMVs. We further re-computed individual inter-cube
similarity matrices using a non-parametric Spearman corre-
lation and compared them with the original Pearson-based
matrices after a Fisher’s r-to-z transformation, and found
highly similar connectivity patterns for both the MDD and
HC groups as reported with the mean Pearson correlation
coefficient across participants (0.96 = 0.002 and 0.96 = 0.002,
respectively). Thus, our findings appeared to be robust to
the degree of nonlinear distributions in our data.

Network Analysis
Thresholding

We employed a significance-based procedure to convert
the correlation matrices derived above to symmetrical and
weighted networks. This is an effective method for exclud-
ing confounding effects of spurious correlations on network
characterization [Toppi et al., 2012]. Specifically, a threshold
of P<0.05 (Bonferroni correction across connections) was
used such that only correlation elements which survived
this statistical threshold were retained, as in previous brain
network studies [Bassett et al., 2011; Wang et al., 2013].

We used a weighted network model to construct a mor-
phological brain network for each study participant.
Weights were defined as the Pearson correlation coeffi-
cients between two cubes with respect to their regional
GMV values. Compared with a binary network model
whereby a connection is either present or absent, a weight-
ed network analysis characterizes network topology more
precisely to detect subtle network topological changes by
taking the connectivity strength in consideration [Barrat
et al., 2004; Rubinov and Sporns, 2010].

Network measures

We employed the global efficiency and local efficiency
indices to characterize topological organization of the
whole brain network and each network node respectively.
Efficiency is a biologically relevant metric that character-
izes brain networks from the view of parallel information
flow. Specifically, for a given node, global efficiency (Egop)
measures the capacity of information propagation of the
node with all other nodes in a network, and local efficien-
¢y (Ejoc) measures the capacity for information exchange
among the node’s direct neighbors. All nodal local/global
efficiency values were averaged to assess information
propagation/exchange within the whole brain network
[Latora and Marchiori, 2003; Newman, 2006]. To determine
whether whole brain networks are non-randomly orga-
nized into small-worldness [Watts and Strogatz, 1998], we
also calculated normalized global efficiency (1) and nor-
malized local efficiency (y). This was achieved by dividing
individual Egep and Ej,. values to their corresponding
mean of 100 random networks, which preserved the same
number of nodes and edges and the same degree

distribution to real brain networks [Maslov and Sneppen,
2002; Sporns and Zwi, 2004]. Typically, a small-world net-
work shows y>1 and A =~ 1 [Humphries and Gurney,
2008; Watts and Strogatz, 1998]. In addition, we also calcu-
lated the modularity (Q), which reflects the extent to
which nodes can be divided into subsets with dense con-
nections within them but sparse connections between
them [Newman, 2006]. According to Rubinov and Sporns
2010, global efficiency reflects integration and local effi-
ciency and modularity reflects segregation of a network
[Meunier et al., 2010; Rubinov and Sporns, 2010]. For
detailed uses and interpretations of these network mea-
sures, see reference [Rubinov and Sporns, 2010] and Sup-
porting Information Methods in Supporting Information.

Statistical Analysis
Between-group differences

A non-parametric permutation test was performed to test
the statistical significance of between-group differences in
global and nodal topological properties. Briefly, the between-
group difference in the mean value was first computed for
each network metric. Next we reallocated all the values ran-
domly into two groups and recomputed the mean difference
between them to test the null hypothesis that the observed
group differences could occur by chance. This randomization
procedure was repeated 10,000 times, and the 95th percentile
points of each distribution were used as the critical values
for a one-tailed test (P <0.05). Age, gender, and education
duration were treated as covariates.

Altered inter-cube similarity

We employed a network based statistic (NBS) approach
to identify altered inter-cube connectivity in patients com-
pared with HCs [Zalesky et al., 2010]. The NBS is a robust
approach for controlling family-wise error rate when per-
forming a large number of comparisons for each connec-
tion comprising a graph, similar to conventional cluster
statistics. For details of the analysis, see Supporting Infor-
mation Methods in Supporting Information.

Brain-behavior relationships

To examine associations with illness duration and symp-
tom severity, we took brain network measures showing
significant between-group differences and performed mul-
tiple linear regression analyses with HAMD scores and ill-
ness duration in the MDD group, controlling for age,
gender, and education.

Network-based classification

For the network classification analysis, receiver operat-
ing characteristic curves (ROC) were plotted to determine
whether graph-based network metrics might serve as bio-
markers for differentiating patients with MDD from HCs.
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Figure 2.

Differences in global topological properties of structural brain networks between patients with
major depressive disorder (MDD) and healthy controls (HCs). MDD patients showed significantly
smaller normalized global efficiency A and significantly higher modularity, but marginally significant
higher normalized local efficiency y compared with HC group, when varied individual weight sum
was controlled as a covariate. [Color figure can be viewed at wileyonlinelibrary.com]

The ROC analysis was conducted for each metric (i.e.,
one-dimensional feature) showing significant between-
group differences. For each metric, a range of thresholds
were used to classify each participant into the MDD or
HC group. A preliminary linear discriminant analysis was
performed as in previous brain network studies using
these parameters to provide an overall estimate of group
separation given the alterations seen in univariate studies
(see Supporting Information Materials).

RESULTS

MDD-Related Alterations in Global Topological
Properties

As shown in Figure 2, both the MDD and HC groups
demonstrated a small world topology in their single-subject
cortical morphological networks (i.e., y >1and /4 ~ 1). How-
ever, the MDD group showed significantly lower normal-
ized global efficiency 4 (P =0.036) and significantly higher
modularity (P=0.011), and trends toward increased nor-
malized local efficiency in their networks. In this analysis,
individual weight sums that reflect the extent of overall con-
nectivity for a network were treated as a covariate to control
for their confounding effects on between-group compari-
sons of network topology. We also re-analyzed the data
without including individual weight sums as a covariate,
and similar findings were observed (/, P = 0.069; modulari-
ty, P =0.010).

Between-Group Differences in Nodal Efficiency

Significant differences were found in nodal local efficien-
cy between MDD and HCs. As showed in Figure 3 and Sup-
porting Information Table S1, MDD patients had lower

nodal local efficiency predominantly in default-mode
regions including left hippocampus and parahippocampal
gyrus, left precuneus, right superior parietal lobule, and
left middle occipital gyrus compared with HC. Addition-
ally, higher nodal local efficiency was also observed in the
left insula, bilateral calcarine and posterior cingulate cor-
tex, right cerebellum posterior lobe, and left cerebellum
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Figure 3.

Location of significant differences in local efficiency between
patients with major depressive disorder (MDD) and healthy con-
trols (HCs). The differences are mainly in the insula and posteri-
or default model network (DMN). R, right; L, left; CAL/PCC.L,
left calcarine and posterior cingulate cortex; CAL/PCC.R, right
calcarine and posterior cingulate cortex; HIP/PHGL.L, left hippo-
campus and parahippocampal gyrus; INS.L, left insula; MOGL.L,
left middle occipital gyrus; PCUNLL, left precuneus; SPL.R, right
superior parietal lobule. Bilateral cerebellum posterior lobes are
not showed owing to the template. [Color figure can be viewed
at wileyonlinelibrary.com]
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Increased connectivity in MDD

Subnetwork 1

Subnetwork 2

Figure 4.

Summary of significant networks that characterize patients with
major depressive disorder (MDD) using network-based statisti-
cal analysis. Two distinct subnetworks are represented: the sub-
network depicted at the top (subnetwork 1) consists of 10
nodes and 10 edges and primarily involves neocortex, striatum,
thalamus and cerebellum; the subnetwork depicted at the bot-
tom (subnetwork 2) contains a central cluster of seven nodes
involving thalamus and hippocampus. L, left; R, right. [Color fig-
ure can be viewed at wileyonlinelibrary.com]

anterior lobe [P <0.05, false discovery rate (FDR) cor-
rected]. In contrast to the nodal local efficiency analyses,
there was no significant difference in nodal global efficien-
cy between the two groups (P > 0.05) indicating that nodal
efficiency alterations were restricted to specific regions.

MDD-Related Alterations in Morphological
Connectivity

Using the network based statistic (NBS) method to eval-
uate specific network connections impacted in MDD, we
identified two brain subnetworks that exhibited higher
morphological connectivity strength in patients with MDD
compared with HCs (Fig. 4, Supporting Information Table
52). One subnetwork consisted of 10 nodes and 10 connec-
tions that involved cerebellum-subcortical-cortical struc-
tures (subnetwork 1, P=0.012, corrected), including the
left inferior temporal gyrus, left superior temporal gyrus,
bilateral thalamus, right putamen, and bilateral cerebellum.
The other subnetwork included 7 regions and 6 connections
that were primarily related to the left hippocampus and
bilateral thalamus (subnetwork 2, P = 0.045, corrected).

Relationships Between Topological Properties
and Clinical Variables

As shown in Figure 5A, normalized global efficiency (4)
was negatively correlated with HAMD scores in the
depressed patients (r=—0.503, P =0.004). There were no
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Figure 5.

Disease state prediction and diagnostic classification of morpho-
logical cortical topology in the patients with major depressive
disorder (MDD). (A) Scatter plots of rank-transformed scores
on the Hamilton Depression Scale (HAMD) with normalized
global efficiency A. A significant negative correlation was found
between HAMD scores and A for the MDD group. (B) The

receiver operating characteristic curves (ROC) pattern classifica-
tion analysis shows a MDD-control discrimination sensitivity and
specificity (area under the curve [AUC]) of the NBS-based con-
nected network. NBS, network based statistic. [Color figure can
be viewed at wileyonlinelibrary.com]
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significant relationships between other measures examined
and HAMD scores or disease duration (P > 0.05).

Sensitivity and Specificity of Network Properties
in Differentiating MDD Patients from HCs

Among the network measures (normalized global effi-
ciency, normalized local efficiency, modularity, and NBS-
based subnetworks) showing MDD-related alterations, the
average connectivity strength of the NBS-based subnet-
works distinguished MDD patients from HCs (area under
curve = 0.894, P<1073; 95% CI = [0.815 0.972]) with a sen-
sitivity of 87.9% and a specificity of 81.8% (Fig. 5B). That
is, 29 out of the 33 patients with MDD and 27 out of the
33 HCs were correctly classified. Further analysis showed
that both the NBS-based subnetworks distinguished the
MDD patients from HCs with similar accuracies (subnet-
work 1: area under curve = 0.825, P < 10~ %; 95% CI = [0.724
0.972]; subnetwork 2: area under curve = (0.841, P<1073;
95% CI=1[0.743 0.938]). All the other measures provided
less robust group discrimination (all areas under the curve
of <0.7).

DISCUSSION

Using a single-subject, similarity-based brain morpho-
logical network delineation method, the current study
demonstrated that treatment-naive, first-episode MDD
patients had lower global efficiency and higher modularity
of neuroanatomic brain networks. A pattern of region-
specific alterations that were higher and lower in local
nodal efficiency was also seen in MDD. Two networks
with higher morphological connectivity strength were
identified, one widespread involving regions of neocortex,
striatum, thalamus, and cerebellum, and one specifically
involving thalamus and hippocampus.

The use of a single subject characterization of brain net-
work morphology in the present study extends previous
group-based morphological brain network analyses by
showing for the first time their relation to depression
severity, and demonstrating that morphological alterations
in brain networks differentiate individual MDD patients
from healthy individuals with high sensitivity and specif-
icity. Importantly, these findings were observed in first
episode, treatment-naive patients free from potential con-
founding effects of chronic illness and pharmacological
treatment.

MDD-Associated Alterations in Global Network
Properties

The human brain is organized into complex networks
with a topological configuration (e.g., small-world organi-
zation) permitting highly efficient segregated processing as
well as highly integrated information processing [Bullmore
and Sporns, 2012]. Despite having a common small-world

structure similar to HC subjects in general terms, MDD
patients demonstrated significant alterations of global
brain network organization. MDD patients showed a lower
global efficiency even after controlling for individual net-
work density, reflecting disrupted global integration of
brain networks. This is consistent with previous structural
brain network studies using functional [Meng et al., 2014]
and diffusion MRI [Bai et al., 2012; Korgaonkar et al., 2014;
Qin et al.,, 2014] and group-level morphological covariance
network studies [Ajilore et al., 2014] in MDD. We note
however that opposite patterns have also been observed in
MDD-related network studies based on functional [Zhang
et al., 2011] and diffusion MRI [Long et al., 2015] as well
as EEG data [Leistedt et al.,, 2009; Sun et al., 2011],
highlighting the need for multimodal research in future
studies.

Different imaging modalities are sensitive to different
mechanisms of network organization. Functional MRI-
derived networks characterize synchronized brain activity
at a point in time while the structural networks measured
in the present study may reflect more stable patterns of
anatomical organization affected by heredity, experience-
related plasticity and mutually trophic reinforcement
[Alexander-Bloch et al., 2013; Evans, 2013]. Convergent
disruptions of structural brain networks may underpin
alterations seen in functional brain network studies, sug-
gesting that functional changes may in part represent
efforts to compensate for structural alterations. Alterna-
tively, such changes might reflect the complexity of the
disease and its progression, a possibility that needs to be
clarified in future longitudinal studies.

We also observed higher modularity of brain networks
in MDD patients compared with HCs. This is in line with
a recent functional network study of medication-free MDD
patients [Ye et al.,, 2015], suggesting a potential structural
basis for the functional alteration. Such higher modularity
suggests more isolated subnetworks in MDD, with likely
implications for reductions in the functional integrity of
large scale neural networks and the complex behaviors
they support. Previous functional network studies of MDD
revealed no between-group differences in modularity
[Bohr et al., 2013] but a rearrangement of the community
structure of neural network in MDD [Lord et al.,, 2012].
Modularity indicates an organization or natural segrega-
tion within a network [Meunier et al., 2010; Rubinov and
Sporns, 2010]. Higher modularity within structural net-
works in MDD suggests that the illness may alter the fun-
damental design principle of intrinsically cohesive
community network architecture by splitting larger scale
modules into discrete components. This could represent a
brain maturational alteration related to illness risk or a
direct effect of the disease. Presumably this would indicate
a breakdown in integration within specific functional net-
works in MDD, leading to a loss of intrinsic regulation,
and coordination of brain subsystems needed for cognitive
and affective processes.
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MDD-Associated Alterations in Regional
Network Properties

In addition to global metrics, we also studied local and
global efficiency at a nodal level to show the extent of
information transmission capacity of nodes with their
neighbors and all other nodes in networks. In general,
both MDD and HC groups showed the highest nodal glob-
al efficiency (i.e., hubs) in similar cortical-subcortical
regions (e.g., medial prefrontal cortex, paracentral lobule,
parieto-occipital cortex, and thalamus) (see Supporting
Information Results and Fig. S2 in Supporting Informa-
tion), consistent with previous findings [Hagmann et al.,
2008; Tomasi and Volkow, 2010].

Although no significant differences were detected in
nodal global efficiency between patients and HCs, we
found altered nodal local efficiency mainly in the posterior
DMN, in line with previous group-level brain structural
[Korgaonkar et al., 2014] and functional [Zeng et al., 2012;
Zhang et al., 2011] network studies of MDD. The posterior
DMN is involved in integration between new and previ-
ously learned information, and the processing of self-
relevant information [Buckner et al., 2008; Raichle et al.,
2001]. Here, using an individual-level morphological net-
work method, our findings provide new evidence for the
view of posterior DMN abnormalities as a core brain mor-
phometric feature of MDD [Kaiser et al., 2015; Korgaonkar
et al.,, 2014]. Notably, opposite patterns of MDD-related
alterations were observed within the posterior DMN. Lat-
eral DMN regions, such as the precuneus, showed lower
efficiency, whereas the PCC, a core component of autobio-
graphical associated network, showed higher efficiency in
MDD. The spatial dissociation of MDD-related abnormali-
ties in the posterior DMN has previously been observed
[Sambataro et al., 2014; Zhu et al., 2012]. Our findings are
thus consistent with previous studies and may represent a
structural substrate for spatially different abnormalities of
the posterior DMN regions and their interactions in MDD
[Li et al., 2013; Sambataro et al., 2014]. Further studies are
needed in the future to help understand the differential
involvements of posterior DMN in MDD.

We also found higher nodal local efficiency in left insula
in MDD patients. In addition to the functions of polymodal
sensory integration [Critchley et al., 2004] and monitoring of
internal states [Craig, 2009], the insula also plays a critical
functional role in switching between external and internal
focus of cognitive control [Sridharan et al., 2008]. Abnormali-
ties in insula structure and function have been increasingly
reported in MDD [Hamilton et al., 2012]. Taken together,
these morphometric alterations in posterior DMN and insula
might contribute to alterations in the synchronization of
information processing related to the external world and
internal states in patients with MDD [Kaiser et al., 2015].

MDD patients also showed lower nodal local efficiency
in occipital regions, consistent with previous reports of
MDD-associated abnormalities in visual cortex [Zeng
et al, 2012]. This may be related to impairments of

selective attention to emotional and non-emotional stimuli
[Desseilles et al., 2009; Furey et al, 2013]. In addition,
higher nodal local efficiency was found in cerebellar
regions in MDD patients. The cerebellum is involved not
only in motor control but also emotional and cognitive
processing through its thalamo-cortical projections [Bostan
et al., 2013; Schmahmann and Caplan, 2006]. Thus our cur-
rent findings emphasize the impact of altered information
transmission among the cerebellum with neighbor regions
on the deficits in regulating mood and cognitive function
[Bostan et al., 2013; Sweeney et al., 1998].

MDD-Related Alterations in Morphological
Connectivity

In the NBS analyses, we found higher morphological
indices of connectivity strength both in neocortex-
striatum-thalamus-cerebellum  circuitry and also in
thalamo-hippocampal circuitry. These findings are in line
with previous studies showing higher white matter con-
nection strength among cortical-subcortical networks in
MDD [Long et al., 2015] and GM alteration in related
regions [Arnone et al., 2016; Wise et al., 2016]. Thalamo-
cortical functional dysconnectivity was also observed in
psychotic disorders and related to cognitive impairment
[Lui et al., 2014, Woodward and Heckers, 2015]. The
neocortex-striatum-thalamus-cerebellum circuitry may con-
tribute to altered regulation of emotion and cognition in
mood disorders [Bostan et al., 2013; Buckner, 2013; Guo
et al., 2015; Price and Drevets, 2012], while the thalamo-
hippocampal circuitry might be more specifically related
to memory disturbances in depression [Price and Drevets,
2009; Stillova et al., 2015].

In contrast, a previous DTI study reported lower struc-
tural connections within the DMN and frontal-limbic net-
works in a large sample of depressed patients with an
average of 12 episodes [Korgaonkar et al., 2014]. Besides
the use of different network node and edge definitions,
varied clinical characteristics of study samples may
account for the inconsistent findings as theirs was a chron-
ically ill cohort with differences in number of prior depres-
sion episodes and medication history. Significant
normalization effects of antidepressant treatment on inter-
regional functional connectivity have been reported [Li
et al., 2013; Perrin et al., 2012], but their relations to ana-
tomic patterns remains to be clarified.

Clinical Relevance of Alterations in Single-
Subject Morphological Networks

One new finding from the present study was that lower
global efficiency of single-subject based morphological net-
works was associated with higher severity of depressive
symptoms in MDD. To our knowledge, this is the first
demonstration that global anatomic brain network features
are associated with illness severity. Moreover, the higher
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morphological connectivity strength seen in individual
patients with MDD robustly differentiated patients from
controls. These findings suggest the potential of single-
subject based morphological network analysis of MDD as
a promising biomarker for examining brain network alter-
ations in MDD in relation to clinical diagnosis and illness
severity.

Limitations

Several methodological issues and limitations should be
noted. First, studies are needed to determine whether the
novel pattern of alterations we observed can be replicated,
and whether they change over the course of drug treat-
ment, acute clinical stabilization and over the longer term
course of the illness. Second, while the construction of
similarity-based individual structural networks has been
successfully applied to other neuropsychiatric disorders
[Tijms et al., 2013, 2014], the biological significance of these
network alterations needs to be more fully understood. It
has been recently documented that similarity-based pat-
terns of cortical morphology may arise from systematic
functional co-activation and/or mutually trophic reinforce-
ment, genetic mediated brain maturation, as well as
experience-related plasticity [Alexander-Bloch et al., 2013;
Evans, 2013]. We need clarification as to which of these
factors is related to alterations we demonstrated in MDD.
Third, the sample size in the current study is not large.
Although our sample has the important advantage of com-
prising a relatively rare group of treatment-naive first epi-
sode patients, our study may have lacked sufficient
statistical power to detect some subtle effects related to
MDD. Fourth, regarding to the classification analysis, we
employed the ROC method, which analyzed one-
dimensional feature independently. Multivariate based
prediction analysis such as combining multidimensional
features using the support vector machine method, may
with larger samples provide greater clarity about how pat-
terns of brain anatomic alteration occur in MDD. Fifth, we
note that the VBM procedure we used is susceptible to
false positive results [Scarpazza et al., 2015], and future
studies are needed to extend our findings using other
surface-based morphological measures, such as cortical
thickness or surface area to validate and clarify our find-
ings. Finally, our MDD patients had relatively severe
depressive symptoms and did not meet criteria for an anx-
iety disorder. Therefore, future work is need to evaluate
less severe illness variants and patients with anxiety
comorbidities, and other clinical factors such as respon-
siveness to treatments and whether these network altera-
tions are disease specific to a degree that they can
distinguish MDD from other related conditions, such as
bipolar and anxiety disorders. It will also be important to
examine relationships between the structural findings we
have observed and similar metrics obtained in functional
MRI and DTT studies.

CONCLUSIONS

Using a single-subject grey matter morphological net-
work approach, we demonstrated abnormal network orga-
nization in individuals with treatment-naive, first-episode
MDD. Aspects of this alteration were associated with
symptom severity and differentiated patients from healthy
individuals with high sensitivity and specificity. These
findings suggest promise for individual morphological net-
work analysis in providing a new strategy for investigat-
ing brain morphometry changes in MDD and for
developing reliable objective biomarkers for brain changes
related to depression.
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