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Abnormal Structural Networks Characterize Major
Depressive Disorder: A Connectome Analysis

Mayuresh S. Korgaonkar, Alex Fornito, Leanne M. Williams, and Stuart M. Grieve
Background: Major depressive disorder (MDD) has been shown to be associated with a disrupted topological organization of functional
brain networks. However, little is known regarding whether these changes have a structural basis. Diffusion tensor imaging (DTI) enables
comprehensive whole-brain mapping of the white matter tracts that link regions distributed throughout the entire brain, the so-called
human connectome.

Methods: We examined whole-brain structural networks in a cohort of 95 MDD outpatients and 102 matched control subjects.
Structural networks were represented by an 84 � 84 connectivity matrix representing probabilistic white matter connections between 84
parcellated cortical and subcortical regions using DTI tractography. Network-based statistics were used to assess differences in the
interregional connectivity matrix between the two groups, and graph theory was used to examine overall topological organization.

Results: Our network-based statistics analysis demonstrates lowered structural connectivity within two distinct brain networks that are
present in depression: the first primarily involves the regions of the default mode network and the second comprises the frontal cortex,
thalamus, and caudate regions that are central in emotional and cognitive processing. These two altered networks were observed in the
context of an overall preservation of topology as reflected as no significant group differences for the graph-theory measures.

Conclusions: This is the first report to use DTI to show the structural connectomic alterations present in MDD. Our findings highlight
that altered structural connectivity between nodes of the default mode network and the frontal-thalamo-caudate regions are core
neurobiological features associated with MDD.
Key Words: Biomarker, connectome, diffusion tensor imaging,
graph theory, major depressive disorder, network based statistics

Depression is increasingly being conceptualized as a dis-
order that results from abnormal interactions between
brain regions that regulate both emotional and cognitive

functions (1,2). These abnormalities primarily involve frontal-
limbic regions that include the dorsolateral prefrontal cortex
(DLPFC), the anterior cingulate cortex (ACC), and the amygdala-
hippocampal complex (3–5). Recent evidence also indicates an
important role for an additional circuit, the default mode network
(DMN). This is a network of regions associated with the brain’s
self-referential activity during rest, which normally gets down-
regulated during goal-directed tasks to allow more effective
focusing (6,7). The prolonged self-referential emotional states
that underlie depression may fail to effectively attenuate this
network, thereby interfering with normal cognitive and executive
functions. Both of these models have been supported by a
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number of studies that used neuroimaging to evaluate the
anatomical components of these systems (8).

Although this reductionist approach of segregating the brain
based on existing theories has been valuable in identifying the
neurobiological basis that underlies depression, it provides a
limited window into a whole systems-level understanding of the
abnormalities present in depression (9). In contrast, connectomics
is an emerging field that conceptualizes the whole brain as an
interconnected network. Advances in the neuroimaging techni-
ques of resting state functional magnetic resonance imaging (rs-
fMRI) and diffusion tensor imaging (DTI) have enabled the
mapping of the high-resolution functional and structural net-
works through which the brain is interconnected, the so-called
functional and structural human connectome (10).

Recent advances in network-based statistic (NBS) analysis and
graph theory have made it possible to analyze the enormous
dataset that the human connectome represents in a way that is
both tractable and intuitive (11). Graph theory permits the
calculation of summary measures of connectivity that can help
contextualize the diffuse alterations that may occur across the
brain or alterations that may either underlie the key organiza-
tional principles of a normal brain or the key organizational
abnormalities that characterize a disorder (11,12). Network-based
statistics offers a powerful and complementary approach that can
be used to characterize the specific features within a network. The
use of NBS enables multiple hypothesis testing at a network level,
controlling the family-wise error when performing these analyses
(e.g., a connectome defined using N nodes or N � N matrix results
in 2N connections for comparisons) (13).

The methodological advances described above have been
utilized by a number of studies that have started conceptualizing
mental disorders in terms of abnormalities in whole-brain
structural and functional networks (14). Graph theoretic studies
of topological properties of brain functional networks in patients
with depression have reported an abnormally low average path
length—the mean number of connections required to link any
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given pair of nodes in the network—and higher global efficiency
(which is inversely related to path length). This has been
interpreted as a subtle randomization of network connectivity
(15). The same study also found increased betweenness central-
ity—an index of how central a region is on the shortest paths
linking different regions—for areas comprising the DMN. An
independent study found a significant reorganization of regional
connectivity in major depressive disorder (MDD), though the
same set of topological differences was not replicated (16).
Similarly, a study of patients with late-life depression did not
detect group differences in topological network measures, but
there was some evidence to support an overall increased
connectivity and changes in average distance between con-
nected nodes (17). These findings point to a diverse set of higher
order functional connectivity changes in MDD. An important
question is whether these changes have a structural basis.
Preliminary work using interregional co-variations in gray matter
volume as an indirect measure of structural connectivity found
evidence for weaker regional connectivity in MDD patients,
coupled with lower clustering and longer path lengths across
the network (18). This is supported by data from two studies that
reported altered global (increased mean path length and
reduced network connectivity strength and global efficiency)
and nodal characteristics (in cognitive-emotional and frontopar-
ietal circuitry) in white matter topological networks using DTI
(19,20). Two previous studies have used whole-brain DTI to
discriminate participants with MDD from participants without
MDD (21,22); however, no previous study has used DTI and
network-based statistics to map the characteristic network
alterations of structural connectivity in a nongeriatric MDD
cohort.

The goal of the present study was to map the structural conn-
ectomic changes present in MDD using DTI. We examined a
highly powered sample, which represents the largest single-site
study of structural imaging in depression. We hypothesized that if
DMN abnormalities represent the most important feature of
pathophysiological alterations in MDD, then disruptions of con-
nectivity to putative DMN nodes—including the rostral ACC
(rACC), posterior cingulate cortex (PCC), and precuneus—should
be more prominent. Alternatively, if dysfunction of mood-
regulation systems is core, then altered connectivity of prefrontal,
medial temporal, and limbic structures should be most severe.
A final possibility was that our whole-brain analysis would identify
hitherto unidentified systems relevant to understanding brain
network disruptions in MDD. We first employed an unbiased
connectome-wide approach using a recently developed techni-
que (13) to map group differences in the microstructure of each
and every connection linking 84 regions distributed throughout
the brain. We then used graph theory to evaluate higher order
changes in brain network organization.
Methods and Materials

Participant Characteristics and Study Protocol
The iSPOT-D study protocol, clinical assessments, inclusion/

exclusion criteria, and diagnosis procedures have been previously
described (23,24). In short, the Mini-International Neuropsychiatric
Interview, according to DSM-IV criteria, and a 17-item Hamilton
Rating Scale for Depression score $16 confirmed the primary
diagnosis of MDD. All MDD participants were either antidepres-
sant medication naïve or had undergone a washout period of at
least five half-lives of a previously prescribed antidepressant
www.sobp.org/journal
medication. Baseline magnetic resonance imaging (MRI) data
were available from the first 102 MDD participants and 102
age- and gender-matched healthy participants. Diffusion tensor
imaging data for seven participants were not collected at base-
line, resulting in 95 MDD participants suitable for analysis. This
study was approved by the Western Sydney Ethics Committee;
participants provided written informed consent.

Image Acquisition
Magnetic resonance imaging utilized a 3.0T General Electric

(Milwaukee, Wisconsin) Signa HDx scanner with an 8-channel
head coil. T1-weighted three-dimensional (3-D) spoiled gradient
recalled parameters included 180 sagittal 1 mm slices; 1 mm
isotropic; 256 � 256 matrix; repetition time = 8.3 msec; echo time
= 3.2 msec; flip angle = 111; and inversion time = 500 msec.
Diffusion tensor imaging parameters included 70 axial contiguous
2.5 mm slices; 1.72 mm � 1.72 mm resolution; 128 � 128 matrix;
repetition time = 17,000 msec; echo time = 95 msec; frequency
direction = right/left; 42 diffusion orientations; and b-value
= 1250.

MRI Cortical Parcellation
We used Freesurfer (v4.3) (http://surfer.nmr.mgh.harvard.edu/)

for segmentation of the 3-D T1-weighted structural images, as
previously described (25,26). In brief, a two-dimensional cortical
surface was calculated and automatically divided into 35 gyral-
based anatomically labeled areas for each hemisphere using the
Desikan-Killiany atlas (27). An automatic subcortical parcellation
was also performed based on probabilistic information of location
of subcortical structures automatically estimated from a manually
labeled training dataset (28). Cortical segmentation and anatom-
ical labels were validated by manual inspection. All the cortical
regions and seven subcortical structures (amygdala, hippocam-
pus, thalamus, caudate, putamen, palladium, and nucleus accum-
bens) were used in this analysis to generate the connectivity
matrix.

DTI Processing
Diffusion tensor imaging data were preprocessed and ana-

lyzed using the Oxford Centre for Functional MRI of the Brain
Diffusion Toolbox (v4.1.3) (http://www.fmrib.ox.ac.uk/fsl) (22,25).
The raw DTI data were corrected for head movement and eddy
current distortions. Diffusion tensor models were then fitted
independently for each voxel within the brain. The segmented
cortical regions for each participant were transformed into DTI
space using a 3-D rigid-body six-parameter registration, max-
imizing mutual information between the nondiffusion-weighted
image and T1-weighted anatomical data.

Network Analysis of DTI Data
Figure 1 summarizes the analysis workflow. We analyzed

interregional white matter connectivity using a multi-fiber diffu-
sion probabilistic model that estimates probability distributions
for one or more fiber populations at each brain voxel (29). These
probability distributions guide multiple fiber samples starting
from a seed voxel (seed) to a specified target region. Tractog-
raphy was performed using each of the regional labels as seed
and the remaining labels as targets. One thousand sample tracts
were generated from each voxel within the seed region, and only
tracts that reached the target region were retained. The tracts
were terminated once they reached a particular target region. For
the 42 brain structures, this resulted in an 84 � 84 interregional
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Figure 1. Analysis workflow. 3D, three-dimensional; DTI, diffusion tensor imaging; MDD, major depressive disorder; SPGR, spoiled gradient recalled.
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connectivity matrix for each participant. For this matrix, the
diagonal elements represent self-connections and are excluded
from this analysis. The upper half of the diagonal in this matrix
contains connections that are also represented in the lower half.
Ideally, these should be symmetric (i.e., the fiber pathway from
cortical seed region A to target region B should be equivalent to
that from seed region B to target region A). For the purposes of
our analysis, the larger of the two values was used to represent
the number of probabilistic tracts or fiber pathways that connect
the two regions.

NBS Analyses
The NBS analysis method (13) was used to assess differences

in the interregional connectivity matrix between the MDD and
control groups. Analogous to cluster-based thresholding strat-
egies used in voxel-wise MRI studies, this method deals with the
multiple comparisons problem posed by connectomic data (in an
undirected network of N regions, there are N[N � 1]/2 connection
values) by evaluating the null hypothesis at the level of inter-
connected subnetworks rather than individual connections. In this
method, identifying subnetworks is similar to identifying signifi-
cant clusters of activation in traditional functional magnetic
resonance imaging studies. We first performed a two-sample
t test at each edge independently to test for significant differ-
ences in the value of connectivity between the two groups.
A primary component-forming threshold (p � .001, uncorrected)
was then applied to form a set of suprathreshold edges. This
identifies all the possible connected components, or subnetworks,
in the matrix at this uncorrected level. Next, the size of the
remaining connected components—sets of nodes that can be
linked by suprathreshold connections—in the network was
computed. The statistical significance of the size of each observed
component was then evaluated with respect to an empirical null
distribution of maximal component sizes obtained under the null
hypothesis of random group membership (1000 permutations).
Subnetworks that were significant at a corrected level of p � .05
were reported. The BrainNet viewer (http://www.nitrc.org/proj
ects/bnv/) was used to visualize the significant subnetworks and
to make figures (30).
Graph Theory Analyses
Graph theoretic analyses were performed on the interregional

connectivity matrices (weighted undirected networks) using the
Brain Connectivity Toolbox (http://www.brain-connectivity-toolbox.
net/) (31). To enable comparison of global network properties across
participants and groups, we used a sparsity (connection density)
threshold (S), which retains S% of the top connections for each
participant. This threshold ensured that the number of nodes and
connections were matched across participants. To avoid biases
associated with using a single threshold, we examined topological
properties across a range of thresholds (10% � S � 30% in steps of
1%). The range of thresholds was selected based on previous work,
which has shown that the networks are small-world within this
regime (15). At each of these thresholds, we calculated the following
global network measures: 1) the characteristic path length (the
mean number of connections on the shortest path between any
two regions in the network); 2) the clustering coefficient, which
quantifies the probability that two nodes connected to an index
node are also connected with each other; and 3) global efficiency,
computed as the harmonic mean of the inverse path length. We
also examined the following local nodal characteristics of the
individual network regions: 1) nodal degree, which is defined as
the number of connections a particular node has with the rest of
the network; 2) betweenness centrality, which is a measure of the
number of shortest paths that traverse a given node and is used to
detect highly central network nodes; and 3) local efficiency, which
measures the efficiency of the subgraph defined by an index node’s
neighbors after removal of that node and putatively indexes fault
tolerance. For all measures, we computed the area under the curve
across the full range of sparsity thresholds for comparison between
MDD and control groups. Assessments for the global measures were
performed using a p � .016 (corrected for number of measures; i.e.,
.05/3), whereas a p � .00059 (corrected for number of nodes; i.e.,
.05/84 nodes) was used for the local regional measures.

Correlations between Network and Clinical Measures
The relationship between network measures and MDD severity

and duration were assessed for the MDD participants, controlling
for age and gender. These assessments were performed only for
www.sobp.org/journal
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the network edges (number of tracts) that were identified in the
NBS analysis as showing significant group differences and for the
global and local graph measures that were significantly different
between the MDD and control groups.

Results

Table 1 shows the demographic and clinical characteristics for
the participants with MDD and control subjects. No significant
differences in age (p ¼ .984) or gender (χ2 ¼ .957) were present
between control subjects and MDD participants.

Whole-Brain Mapping of Connectivity Deficits in MDD
The NBS identified two subnetworks that were significantly

different between MDD and control participants (p� .05, corrected
for multiple comparisons; Figure 2). The first network consisted of
eight edges connecting seven different regions (corrected p ¼
.003). These connections linked the bilateral rACC and posterior
portion of the cingulate cortex (isthmus) with both ipsilateral and
contralateral connections between these four regions. Bilateral
edges also connected the rACC to the right precuneus. Two further
edges connected the left cuneus to the right rACC and the left
pericalcarine region (Table 2). The second network consisted of five
edges linking six nodes (corrected p ¼ .023). These edges
connected the right and left superior frontal cortex, the right
rostral middle frontal to both the right thalamus and right caudate,
the right superior frontal to the right caudate, and the left superior
frontal to the right medial orbitofrontal cortex (mOFC). Major
depressive disorder participants were found to have a reduced
number of reconstructed tracts for each of the connections in both
of the identified networks (all connections p � .002; Table 2).

Graph Theoretical Analysis
None of the topological measures showed significant differ-

ences between the MDD and control groups after correcting for
multiple comparisons. At an uncorrected threshold, a difference
was observed only for the global characteristic path length (MDD
� control subjects; p ¼ .048). Table S1 in Supplement 1
summarizes the MDD-related changes in regional nodal charac-
teristics that were significant at an uncorrected threshold.

Correlation Connectivity Measures and Clinical Measures
None of the network connections identified in the network-

based statistical analysis or the global or local topological metrics
were correlated with either MDD severity or duration.
Table 1. Participant Demographic and Clinical Characteristics

Control Subjects
(n ¼ 102) MDD (n ¼ 95)

Characteristics
n (%) or Mean ± SD

(Range)
n (%) or Mean ± SD

(Range)

Female 49 (48.0%) 46 (48.4%)
Age (Years) 33.9 � 13.0 (18–62) 33.8 � 13.1 (19–65)
Years of Education 14.7 � 3.5 (6–18) 14.2 � 2.9 (6–18)
HRSD-17 Baseline – 20.8 � 3.7 (16–34)
Age of Onset (Years) – 22.1 � 12.5 (5–58)
Disease Duration (Years) – 11.4 � 11.8 (0–58)
Number of Episodes – 12.1 � 21.0 (1–99)
% Melancholic – 29.5%

HRSD-17, 17-item Hamilton Rating Scale for Depression; MDD, major
depressive disorder.
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Discussion

This study is the first report on connectome-level differences
in structural networks between a depressed and nondepressed
group. Our NBS analysis demonstrates that two distinct brain
networks characterize the structural connectivity abnormalities
that are present in depression. This is a striking finding, as the
anatomical regions involved are central to prevailing theories of
depression, consistent with our hypothesis (1,2,6). The first of
these two networks involves the regions of the DMN, specifically
the rACC and isthmus portion of the PCC bilaterally and the right
precuneus, in addition to the left cuneus and pericalcarine
regions. The second network is comprised of a frontal-
subcortical network that involves the bilateral superior frontal
and the rostral middle frontal, mOFC, thalamus, and caudate
regions in the right hemisphere. These two altered networks were
observed in the context of an overall preserved topology, as
reflected in our graph theoretical analyses.

The ability to measure the connectome using DTI is a major
methodological step forward; however, this complex dataset
presents serious analytical challenges. These challenges are
largely overcome by graph theoretical analysis and network-
based statistics. This study used both graph theoretical and
network-based statistical analyses of DTI data in characterizing
structural organizational abnormalities in major depression. Our
data show two clear subnetworks that differentiate MDD partic-
ipants from control subjects. In both systems, microstructural
measures of connectivity were reduced in MDD participants. The
largest of the two significant circuits primarily involved key
components of the DMN (32), confirming the centrality of this
network in the pathophysiology of MDD. The second network is
centered around an axis defined by key frontal and subcortical
regions that are central to cognitive and emotion processing and
that have all been previously implicated in major depression by
neuroimaging studies.

These direct structural connectomic measures complement
our recent analysis of gray matter changes in the same cohort,
which revealed extensive gray matter volumetric loss affecting
these same regions (33). Gray matter volumetric reductions were
seen bilaterally in the cortical regions that form part of the
abnormal circuits described above (i.e., bilaterally in the rACC and
mid to posterior portions of the cingulate gyrus, including the
isthmus, precuneus, cuneus, superior-middle frontal gyrus regions
mapping the dorsolateral and dorsomedial prefrontal cortex
[dmPFC], and the mOFC). The same subcortical regions that
showed gray matter loss were also involved in abnormal MDD
circuits; however, the laterality was reversed, with lower volume
present in the left thalamus and left caudate versus the involve-
ment of the right corresponding region in the MDD circuits. The
structural decline in these regions may influence the number of
probabilistic tracts that arrive or leave from the regions. To check
if the reduced volume could explain the finding of a reduced
number of reconstructed tracts for the MDD group, we evaluated
the correlation between these measures for the rACC. The
number of tracts were not influenced by the gray matter volume
for the region (r � .149 and p � .05 for all the tracts in network 1
related to the rACC). Meta-analyses of functional imaging studies
in depression have highlighted the role of the DLPFC, the ACC,
and the dmPFC regions in depression (2,34,35). We have
previously demonstrated task-based abnormal activations to
cognitive and emotional tasks in MDD participants in regions of
interest that are contained by the frontal-subcortical network that
we isolated in the present study using NBS (36). The rostral



Figure 2. Summary of significant networks that charac-
terize major depressive disorder using network-based
statistical analysis. The two distinct circuits are repre-
sented. The circuit depicted at the top (Network 1)
consists of eight nodes and seven edges and primarily
involves regions known to be involved in the default
mode network. The circuit depicted at the bottom (Net-
work 2) contains a central cluster of six nodes involving
the frontal-subcortical regions: the right thalamus, right
caudate, right medial orbitofrontal cortex, right rostral
middle frontal, and both the left and right superior frontal
cortex. L, left; lh, left hand; R, right; rh, right hand.
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middle frontal and thalamic structural connection identified in the
second network is consistent with the importance of the func-
tional connection between these regions in treatment-resistant
depression (37).

Effective downregulation of the DMN is essential for a range of
active cognitive tasks, including those characteristically impaired
in depression such as executive function and emotional regu-
lation. A range of evidence implicates the rACC—which includes
the subgenual ACC (sgACC)—as a central region in depression,
with metabolic, structural, and connectivity data linking severity
and prognosis to this region (38). Resting state connectivity of
subgenual components of the DMN has been previously shown
to be stronger in MDD, a reduction that is coupled with metabolic
overactivity in this region and that has been interpreted as
driving a disproportionate upregulation of the DMN (39). In
keeping with the idea of DMN overactivity as a core feature of
MDD, treatments that focus on deep-brain stimulation of the
sgACC in treatment-resistant depression cause symptomatic
improvement and are also associated with decreased metabolism
in this area (40). A recent study has also linked higher rs-fMRI
dmPFC-sgACC and sgACC-DLPFC connectivity and lower dmPFC-
medial dorsal thalamus, dmPFC-putamen, and sgACC-amygdala/
hippocampus functional magnetic resonance imaging connectiv-
ity to improved response to repetitive transcranial magnetic
www.sobp.org/journal



Table 2. Networks Identified to be Significantly Different between the MDD and Control Groups Using Network-Based Statistical Analysis

Networks and Connections

Number of Probabilistic Tracts

t and p Value

Control (n ¼ 102) MDD (n ¼ 95)

(Mean � SD) (Mean � SD)

Network 1
L-cuneus and L-pericalarine 789222 � 177512 688755 � 168292 t ¼ 4.06, p � .001
L-isthmus cingulate and L-rACC 32765 � 25999 20335 � 20455 t ¼ 3.69, p � .001
L-rACC and R-isthmus cingulate 4985 � 5519 2648 � 3472 t ¼ 3.51, p � .001
L-rACC and R-precuneus 7939 � 9218 4395 � 5392 t ¼ 3.25, p ¼ .001
L-cuneus and R-rACC 419 � 755 140 � 359 t ¼ 3.25, p ¼ .001
L-isthmus cingulate and R-rACC 3205 � 3738 1440 � 1653 t ¼ 4.21, p � .001
R-isthmus cingulate and R-rACC 23982 � 22272 15356 � 15043 t ¼ 3.15, p ¼ .002
R-precuneus and R-rACC 30631 � 32691 17715 � 17015 t ¼ 3.43, p ¼ .001

Network 2
L-superior frontal and R-medial orbitofrontal 125889 � 91970 87796 � 65735 t ¼ 3.31, p ¼ .001
L-superior frontal and R-superior frontal 2627049 � 1165053 2026769 � 991112 t ¼ 3.87, p � .001
R-rostral middle frontal and R-thalamus 275981 � 163175 201224 � 136524 t ¼ 3.46, p ¼ .001
R-rostral middle frontal and R-caudate 379234 � 218452 286321 � 193670 t ¼ 3.14, p ¼ .002
R-superior frontal and R-caudate 132741 � 106124 89711 � 76208 t ¼ 3.24, p ¼ .001

Mean and standard deviations for the number of probabilistic tracts for the different connections in each of the networks are summarized.
L, left; MDD, major depressive disorder; R, right; rACC, rostral anterior cingulate cortex.
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stimulation (41). Our network analysis not only provides the basis
for considering rACC/sgACC and DMN dysfunction in a complete
whole-brain context but also independently validates the central-
ity of the structural connections of these same key regions.

Previous connectomic analyses in MDD have measured func-
tional connectivity using rs-fMRI or structural connectivity using
gray matter volume. Notably, all of the functional connectomic
analyses in MDD have been performed using moderately sized
cohorts. These provide a general lack of consensus, making it
difficult to generalize from these findings. The results of a more
highly powered analysis of structural connectivity by Singh et al.
(18) are consistent with our data, showing that MDD is charac-
terized by longer average path lengths (although significant at
uncorrected level in our study). Longer path lengths have also
been seen using DTI in remitted geriatric depression and are
consistent with poorer global efficiency (19). Singh et al. (18) also
found altered nodal connectivity in a range of regions, including
the left ACC and left inferior temporal lobe (both decreased) and
in the left middle temporal lobe and mOFC (both increased).
Despite some of these commonalities, our results do not exactly
mirror the networks derived from these volume data. Some of
these discrepancies could be attributed to the nature of measures
used in the topological analyses; the gray matter volume
measures represent covariance between regions, while DTI
measures represent a more direct measure of structural con-
nectivity. Though no significant group differences in node-level
topological properties were identified at corrected thresholds,
some interesting results at uncorrected thresholds were observed:
namely, nodal degree was reduced in fronto-limbic-subcortical
regions; betweenness centrality was altered in right superior
frontal gyrus, a result consistent with a prior report (19); and
local efficiency was increased in temporoparietal regions for the
MDD group. These findings require replication but highlight the
importance of these key hubs within the brain network for
depression.

Only one other study has reported an association between
graph theoretic measures of network organization and clinical
characteristics in depression. Zhang et al. (15) found nodal
centrality properties of the hippocampus and caudate (calculated
www.sobp.org/journal
using rs-fMRI connectome measures) to be associated with
disease duration and severity. However, this association was not
replicated with the structural measures used in our study. The
lack of correlation between the network measures and the clinical
measures suggests that the structural circuits that define diag-
nosis may not be the abnormalities that result in a more severe
expression of depressive symptoms or cause depressive symp-
toms to persist over time.

This study has several limitations. Although our analysis is
highly powered, the results require replication to further establish
validity and enable generalization. Any analysis using DTI is
subject to inaccuracies relating to the limitations of this technique
in resolving crossing fibers and sharp angulations of tracts (42).
This can lead to false-positive connections, particularly between
the left and right regions on the medial wall, which are located
close to each other, as well as false negatives, particularly for
long-range tracts. These may substantially distort measures from
the graph theoretical approaches. Only anatomical validations
can resolve this issue, though there are insufficient human data at
present. In recognition of this limitation, we used a probabilistic
tractography approach that partially overcomes these limitations
(29). Since the same technique was applied identically to both
control and MDD groups, these problems should pose no bias in
detecting group differences. Due to the potential for diffusion
tractography to generate false positives and false negatives in
tract reconstruction, the precise positioning of the affected
subnetworks should be interpreted with caution. For example,
NBS identified differences between the interhemispheric rACC
and left PCC/cuneus regions, a tract that has not previously been
described in the animal tract tracing literature. As such, our
findings provide an estimate of the general location of structural
network differences (e.g., anterior-to-posterior cingulate connec-
tivity) and the precise regional pairs linked by a disrupted
connection should be interpreted cautiously. This is a limitation
common to all DTI studies, and the field will benefit from the
development of novel acquisition sequences and tractography
algorithms to improve the accuracy of tract reconstruction.
Defining a functionally valid parcellation of the brain is an open
problem in connectomics, and all available approaches have
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strengths and limitations (12,43,44). We used an anatomical
parcellation in our analysis to retain consistency with resolutions
used in prior reports (15,18,19). Typically, the results obtained
with different parcellations of a comparable resolution tend to be
consistent (45,46) but may vary when different resolutions are
used. A future analysis examining how connectivity changes in
MDD vary as a function of template resolution may be useful in
identifying whether these abnormalities are only present at
certain spatial scales.

In summary, we used network analyses of structural (DTI)
connectome data to describe two abnormal structural networks
that characterize MDD patients. These networks relate to two key
motifs implicated in both resting state and task-based functional
data: the default mode network and the frontal-thalamus-caudate
regions. Major depressive disorder participants had reduced
connectivity in both of these networks. Despite these robust
findings, there was no correlation between the identified network
connections and either duration or severity of depression. These
results provide the first evidence of an anomalous structural
connectome in major depression.
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