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Abstract Identifying data-driven biotypes of major
depressive disorder (MDD) has promise for the clarification of diagnostic heterogeneity. However, few studies
have focused on white-matter abnormalities for MDD
subtyping. This study included 116 patients with MDD and
118 demographically-matched healthy controls assessed by
diffusion tensor imaging and neurocognitive evaluation.
Hierarchical clustering was applied to the major fiber
tracts, in conjunction with tract-based spatial statistics, to
reveal white-matter alterations associated with MDD.
Clinical and neurocognitive differences were compared
between identified subgroups and healthy controls. With
fractional anisotropy extracted from 20 fiber tracts, cluster
analysis revealed 3 subgroups based on the patterns of
abnormalities. Patients in each subgroup versus healthy
controls showed a stepwise pattern of white-matter alterations as follows: subgroup 1 (25.9% of patient sample),

widespread white-matter disruption; subgroup 2 (43.1% of
patient sample), intermediate and more localized abnormalities in aspects of the corpus callosum and left
cingulate; and subgroup 3 (31.0% of patient sample),
possible mild alterations, but no statistically significant
tract disruption after controlling for family-wise error. The
neurocognitive impairment in each subgroup accompanied
the white-matter alterations: subgroup 1, deficits in sustained attention and delayed memory; subgroup 2, dysfunction in delayed memory; and subgroup 3, no significant
deficits. Three subtypes of white-matter abnormality exist
in individuals with major depression, those having widespread abnormalities suffering more neurocognitive
impairments, which may provide evidence for parsing the
heterogeneity of the disorder and help optimize typespecific treatment approaches.
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Introduction
Major depressive disorder (MDD) is a heterogeneous
clinical syndrome characterized by a range of symptoms,
including depressed mood, loss of interest or pleasure, and
associated symptoms such as feelings of worthlessness and
insomnia [1, 2]. The current diagnosis of depression is
entirely dependent on the clinical presentation [3]. Distinction of clear and valid symptomatic subtypes of MDD is
difficult due to the complex heterogeneity of the disorder
[4]. To date, evidence for associations between clinical
symptoms and the putative underlying biological substrates
of MDD are inconsistent and variable at the individual
level [5]. In addition, group comparisons between patients
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with MDD and healthy controls may overlook significant
functional changes in the brain of the individual patient [6].
Recently, biological subtyping (clustering of individuals
with potential biomarkers) has been recognized as a
promising approach for elucidation of the heterogeneity
of depression [7]. Unlike the conventional diagnostic
categories, the biological subtypes (i.e., biotypes) of
depression bridge diagnoses and biomarkers and overlap,
interact, or co-occur in patients with MDD at the individual
level [8, 9].
Attempts to categorize depression by matching symptoms to biological underpinnings have emerged in recent
years. For example, identified by whole-exome genotyping
data, individuals with MDD of the latent genetic subtype
have increased common genetic substrates related to the
disorder, suffer from paranoid symptoms, and have more
anxiety and less sleep maintenance insomnia [10]. The
promise of distinguishing depression subtypes in relation to
differing patterns of dysfunctional brain connectivity and
identifying distinct clinical-symptom profiles to tailor
treatments to the individual’s specific underlying pathophysiology is compelling [5]. Recent studies have elucidated that brain connectivity-based biotypes of depression
fit with diagnostic boundaries [11, 12]. In MDD, there is a
possibility that putative biotypes of neural circuit dysfunction may be mapped onto the profiles of symptoms [6, 9].
Despite such promising findings from genetics in relation
to functional connectivity, studies exploring biotypes of
MDD based on the microstructural abnormalities in the
white matter connections are limited.
Techniques using diffusion tensor imaging (DTI) and
Tract-Based Spatial Statistics (TBSS) have been developed
to obtain microstructural measures of white-matter tracts
in vivo [13, 14]. With DTI, fractional anisotropy (FA) is the
most commonly used metric for measuring the directionality of local water diffusion, which reflects the degree of
membrane integrity and myelin thickness, with decreased
FA being considered to be related to the disruption of white
matter integrity [15]. FA abnormalities occurring in the
fiber tracts of individuals with major depression may
indicate microstructural changes underlying the pathophysiology of the disorder. This is supported by DTI studies of
patients with depression that report impaired white-matter
integrity of fiber tracts that contribute to emotional
regulation, including the corpus callosum (CC), superior
longitudinal fasciculus (SLF), uncinate fasciculus, anterior
corona radiata, cingulum, and inferior fronto-occipital
fasciculus (IFOF) [16–19].
In the current study we aimed to characterize the
diffusion properties of major white-matter tracts using DTI,
and to identify potential biotypes of major depression
based on the pattern of microstructural alterations. Moreover, we further compared the clinical and neurocognitive
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differences between the identified biotypes to parse the
heterogeneity underlying the MDD disease mechanisms.

Materials and Methods
Participants
This study recruited 234 right-handed participants, including 116 patients with MDD (72 females; mean age 26.13
years) and 118 demographically-matched healthy control
individuals (71 females; mean age 26.01 years). All were
Han Chinese between the ages of 16 and 46 years.
Inclusion and exclusion criteria are described in the
Supplementary material. Diagnosis was based on the
Structured Clinical Interview for DSM-IV, and clinical
symptoms were assessed using the 17-item Hamilton
Rating Scale for Depression (HAM-D) and the 17-item
Hamilton Rating Scale for Anxiety (HAM-A). Written
informed consent was given by all participants after the
study procedure had been fully explained. Ethical approval
for this study was granted by the Ethics Committee of the
West China Hospital, Sichuan University, in accord with
the Declaration of Helsinki.
Neuropsychological Assessments
General intelligence was evaluated at initial assessment
using the short version of the Wechsler Adult Intelligence
Scale-Revised in China (WAIS-RC) [20]. The 7 subtests of
the WAIS-RC were information, arithmetic, digital symbol, digital span test, block design, picture completion, and
similarities.
The two subtests of the Cambridge Neuropsychological
Test Automated Battery (CANTAB) were the Rapid Visual
Information Processing (RVP) for sustained attention and
inhibition, and the Delayed Matching to Sample (DMS) for
simultaneous and delayed visual memory [21, 22]. The
variables of interest across tasks were reaction time,
accuracy, and errors (see Table S1).
Magnetic Resonance Imaging Acquisition
and Preprocessing
All magnetic resonance imaging (MRI) scans were performed using a Philips 3T scanner (Achieva TX, Best, the
Netherlands) and DTI data were acquired from each
participant (see scanning parameters in Supplementary
Material). Quality control of the DTI data was managed
using DTIPrep (translation \2 mm, rotation \0.5 mm)
[23]. DTI data were processed using FSL software (FMRIB
Software Library, Oxford, UK), including motion and
eddy-current correction, brain extraction, tensor model
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fitting and MNI normalization of TBSS [24]. Twenty
white-matter tracts (listed in the Supplementary Material)
identified with the Johns Hopkins University white-matter
tractography atlas - were used to delineate convoluted
trajectories and relationships with other brain structures in
each participant’s brain [25, 26].
Feature Extraction, Hierarchical Clustering,
and Cluster Validation
After tract identification, FA was computed for each tract
and each participant. Hierarchical clustering was performed on the data from patients with MDD using the FA
values extracted from the 20 fiber bundles of these tracts.
At the individual level, the FA value of each fiber tract was
scaled between –1 and 1 before analysis in the clustering
procedure. Hierarchical clustering analysis was performed
with average linkage and the Euclidean distance to reveal
close relationships among the 20 major fiber tracts. The
dendrogram illustrates how each cluster is composed by
drawing a U-shaped link between a non-singleton cluster
and its sub-nodes. In this study, the rescaling (MinMaxScaler) and hierarchical clustering were done with scikitlearn (machine learning in Python: http://scikit-learn.org/
stable/index.html). In cluster validation, the gap value was
adopted to assist in determining the optimal cluster number
in the dendrogram (see details of cluster validation in
Supplementary Material). According to the definition of the
validating metric used, the optimal number of clusters has
the largest gap value (see Fig. S1).
Statistical Analysis
After identifying the biotypes of MDD, we first compared
the demographic characteristics, including age, sex, and
years of education, of each subgroup of MDD patients with
healthy controls using the independent two-sample t-test
and the v2 test when appropriate. Moreover, analysis of
variance (ANOVA) was used to compare total illness
duration and symptom severity (total HAM-D and HAM-A
scores) between patient subgroups. The FAs of average
identified fiber tracts were compared between healthy
controls and patient subgroups with depression using
ANOVA. Post hoc tests were conducted between patient
subgroups and healthy controls. Finally, the General Linear
Model (GLM) was used to compare neurocognitive
performance in each patient subgroup with the healthy
controls, with age, sex, and educational years as covariates.
Statistical significance was accepted when the Dunn-Sidak
corrected P value was \0.05 [27].
Voxel-wise inter-group comparisons (i.e., each patient
subgroup vs healthy controls) of the skeletonized FA maps
were made using randomize from FSL [28]. Per contrast,
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5000 permutations were conducted with age, sex and years
of education as covariates in the model. Threshold-free
cluster enhancement (TFCE) was used for multiple testing
correction (corrected at P \0.05). See details of TBSS in
the Supplementary Material.
In each patient subgroup, the partial correlation was
calculated between the average FAs of identified fiber
tracts and symptom severity (total scores of HAM-D and
HAM-A), and between average FAs and measures of
neurocognitive function, with age, sex, and duration of
illness as covariates.

Results
Identification of Biotypes Using Hierarchical
Clustering
The results of hierarchical clustering are illustrated by the
dendrogram and heat map in Fig. 1. From visual inspection, the dendrogram showed three clear clusters. This
optimal number of clusters was validated using a clustering
validation method, the gap value (see ‘‘Materials and
Methods’’ section): the clustering result achieved the
maximum gap value when using 3 as the number of
clusters. Subsequent analysis primarily focused on these 3
subgroups: subtype 1 with 30 patients (25.9%), subgroup 2
with 50 patients (43.1%), and subgroup 3 with 36 patients
(31.0%). Visually, the dendrogram indicated that subgroup
1 had relatively lower FA in most fiber tracts, subgroup 2
had moderate abnormalities, and subgroup 3 had mild
alterations.
Each row represents a diffusion property of a fiber tract,
and each column represents a patient. Three main subgroups (denoted by subgroups 1, 2, and 3) were identified.
FA, fractional anisotropy; L, left; R, right; Fmaj, forceps
major; Fmin, forceps minor: ATR, anterior thalamic
radiation; CGC, cingulate gyrus of the cingulum; CGH,
hippocampal part of the cingulum; CST, corticospinal
tract; IFO, inferior fronto-occipital fasciculus; SLFt, temporal part of the superior longitudinal fasciculus; UNC,
uncinate fasciculus; ILF, inferior longitudinal fasciculus;
SLF, superior longitudinal fasciculus.
Demographics and Clinical Symptoms in Patient
Subgroups vs. Healthy Controls
Table 1 summarizes the demographic and clinical characteristics of the control group and each patient subgroup.
Compared to the control group, no significant difference in
age, sex, or educational level was found in either subgroup
1 or subgroup 3. Patients in subgroup 2 had a lower
educational level than the control group (T = -2.60,

123

870

Neurosci. Bull. October, 2019, 35(5):867–876

Fig. 1 Dendrogram and heat map illustrating the results of hierarchical clustering.
Table 1 Demographic and
clinical characteristics of patient
subgroups and control group.

Variable

Subgroup1
(n = 30)

Subgroup2
(n = 50)

Subgroup3
(n = 36)

Healthy controls
(n = 118)

Demographic characteristic
Age, mean (SD)

23.80 (7.25)

27.22 (7.80)

26.56 (6.34)

26.01 (7.24)

Sex, male/female

11/19

15/35

18/18

47/71

Education years, mean (SD)

13.63 (2.65)

12.70 (3.33)b*

14.47 (2.90)

14.12 (3.20)

Clinical characteristics
Total illness duration, months

25.00 (33.23)

32.93 (59.28)

23.85 (42.06)

NA

Presence of suicidal thoughts, yes/no
Presence of suicidal behavior, yes/no

15/15
6/24

27/23
5/45

22/14
2/34

NA
NA

With/without family history

5/25

5/45

2/34

NA

First episode, yes/no

18/12

30/20

23/13

NA

No medication

24

39

22

NA

Antidepressants (taken at least 3 months ago)
SSRI/SNRI/NaSSAs

5/1/0

4/5/2

9/4/1

NA

HAM-D, mean (SD)

23.90 (4.79)

21.56 (4.39)

22.47 (4.01)

NA

HAM-A, mean (SD)

15.46 (7.70)

16.65 (7.10)

14.62 (5.78)

NA

NA, not available; HAM-D, Hamilton Rating Scale for Depression; HAM-A, Hamilton Rating Scale for
Anxiety; SSRIs, selective serotonin reuptake inhibitors; SNRIs, serotonin–norepinephrine reuptake
inhibitors; NaSSAs, noradrenergic and specific serotonergic antidepressants.
b

*Subgroup 2 compared to healthy controls, P \ 0.05.

P = 0.030), but showed no significant differences in age or
sex. The results of ANOVA did not reveal any statistical
differences in either total illness duration, total HAM-D
scores, or total HAM-A scores for patients across these
three subgroups.

Neurocognitive Function in Patient Subgroups vs.
Healthy Controls
There were no significant differences for patient subgroups
versus the control group in verbal IQ, performance IQ, or
full-scale IQ, while controlling for age, sex, and educational level as covariates (see Table 2).
Subgroup 1. In the RVP task, compared to healthy
controls, patients of subgroup 1 had more total false
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Subgroup1

Subgroup2

Subgroup3

HC

IQ
Verbal IQ

106.77 (13.73)

107.56 (15.29)

106.35 (15.96)

Performance IQ

103.81 (13.89)

102.51 (15.11)

102.83 (12.54)

111.97 (15.69)
109.43 (14.08)

Full scale IQ

106.04 (12.94)

105.83 (14.66)

105.38 (14.39)

111.99 (14.96)

RVP_TH

15.93 (6.38)

16.04 (6.47)

16.50 (5.85)

17.16 (6.66)

RVP_TM

9.25 (5.31)

8.92 (5.20)

10.50 (5.85)

8.54 (5.68)

RVP_TFA

4.53 (5.97)a*

2.22 (2.55)

1.53 (2.66)

2.28 (3.92)

RVP

RVP_TCR

228.64 (65.83)

229.88 (68.66)

249.50 (13.06)

238.25 (57.95)

RVP_ML

396.90 (176.63)

413.85 (173.16)

419.60 (97.53)

397.47 (149.58)

DMS_MCL

3302.46 (862.46)

3806.51 (1037.83)

3660.62 (1308.04)

3566.87 (895.59)

DMS_MCLA

3417.44 (917.36)

4012.14 (1243.01)

3778.39 (1344.42)

3774.10 (1014.52)

DMS_MCLS

2990.39 (998.33)

3322.36 (1295.71)

3338.51 (1457.27)

3010.15 (809.73)

34.81 (3.51)
25.22 (3.50)

35.56 (3.35)
25.93 (3.07)

DMS

DMS_TC
DMS_TCA

33.32 (4.47)a*
23.68 (4.35)a**

33.86 (4.36)b*
24.14 (4.01)b**

DMS_TCS

9.64 (0.62)

9.71 (0.61)

9.59 (0.56)

9.63 (0.66)

DMS_PEGC

0.18 (0.12)a**

0.16 (0.12)b**

0.14 (0.11)

0.11 (0.08)

IQ, intelligence quotient; RVP, rapid visual information processing; DMS, delayed matching to sample;
RVP_TFA, total false alarms; DMS_TC, total correct; DMS_TCA, total correct in all delays, DMS_PEGC,
probability error given correct. Age, sex and educational level were controlled as covariates in the
comparison between each subgroup versus the healthy control group (HC). Details of cognitive variables
are described in Table S1.
a

*P\0.05, a*P\0.01, subgroup 1 compared to HC, b*P\0.05, b**P\0.01, subgroup 2 compared to HC.

alarms as responding outside the response window of a
target sequence (RVP_TFA F1,137 = 4.79, P = 0.03), which
suggested that these patients suffered more deficits in
sustained attention and inhibition. In the DMS task,
patients of subgroup1 and healthy controls differed significantly in DMS_TC (F1,137 = 6.19, P = 0.014), DMS_TCA
(F1,137 = 7.54, P = 0.007) and DMS_PEGC (F1,137 = 7.88,
P = 0.006). These patients had more errors in the delayed
trials (DMS_TC, and DMS_TCA), and a higher probability
of errors occurring when the previous trial was responded
to correctly (DMS_PEGC), which suggested that patients
in subgroup 1 had more impairment in delayed visual
memory.
Subgroup 2. Relative to healthy controls, patients in
subgroup 2 experienced more errors on the delayed trials
(DMS_TC F1,155 = 5.18, P = 0.024, and DMS_TCAF1,155= 7.22, P = 0.008) and a higher probability of errors when
the
previous
trial
had
a
correct
response
(DMS_PEGCF1,155 = 7.25, P = 0.008), which suggested
that these patients suffered more deficits in delayed visual
memory. No significant differences were found between
subgroup 2 and the control group in the RVP task.
Subgroup 3. Patients in subgroup 3 exhibited no statistically significant differences from healthy controls in the

RVP and DMS tasks. This suggested that patients in this
subgroup had mild alterations in sustained attention and
delayed memory (Fig. 2).
The General Linear Model was used to compare
neurocognitive performance between each patient subgroup and healthy controls with age, sex, and educational
years as covariates. *P \0.05. **P \0.005. A Subgroup 1
had more total false alarms (RVP_TFA) in the Rapid Visual
Information Processing (RVP) task. B Subgroups 1 and 2
had a higher probability of errors when the previous trial
had a correct response (DMS_PEGC) in the Delayed
Matching to Sample (DMS) task. C Subgroups 1 and 2 had
more errors in the total trials (DMS_TC). D Subgroups 1
and 2 had more errors in the delayed trials (DMS_TCA).
Subgroup Differences in White-Matter
Abnormalities
Subgroup 1. Subgroup 1 showed significant widespread
reductions in FA relative to the control group in the
following tracts: bilateral cingulum hippocampus, CC,
bilateral SLF, bilateral internal capsule, bilateral posterior
thalamic radiation, superior portion of the bilateral cortical
spinal tract (CST), as well as bilateral uncinate fasciculus
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Fig. 2 Neurocognitive function in the patient subgroup versus the control group.

and bilateral inferior longitudinal fasciculus (ILF), and
bilateral IFOF (Fig. 3 and Fig. S2).
Subgroup 2. Subgroup 2 had regional FA reduction
relative to the control group primarily in part of the genu
and body of the CC, a small part of the splenium of the CC,
a portion of the left cingulum cingulate (gyrus part), and
part of the left ILF.
Subgroup 3. No significant disruptions of fiber tracts were
found in subgroup 3 relative to the control group, using
TFCE family-wise error correction.
Differences Between Subgroups in White-Matter
Abnormalities
Compared to subgroup 2, subgroup 1 had widespread
white-matter disruptions including most portions of the
CC, bilateral SLF, cingulum hippocampus, CST, ILF, right
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cingulate gyrus, left IFOF, and anterior thalamic radiation
(Fig. S3A). Compared to subgroup 3, subgroup 2 tended to
have regional white-matter alterations in a portion of the
right CC (Fig. S3B). However, there was no statistically
significant difference between subgroups 2 and 3 after the
TFCE correction.
The comparisons of average FA between the control
group and patient subgroups across 20 fiber tracts are
shown in Table S2. Compared to healthy controls, subgroups 1 and 2 had almost the same alterations as the above
results. Subgroup 3 had regional FA reduction in the
bilateral gyrus part of the cingulum cingulate, and right
temporal part of the SLF. Compared to subgroup 2,
subgroup 1 had widespread white-matter alterations as
above. Subgroup 2 relative to subgroup 3 had FA reduction
in the forceps major and the frontal projection of the CC
(Fmin), and bilateral of SLF, ILF, and gyrus part of the
cingulum cingulate.
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Fig. 3 Patterns of white matter alterations in the patient subgroup
versus the control group. A Subgroup 1 had widespread white-matter
abnormalities. B Subgroup 2 had regional white-matter alterations,

mainly in a portion of the corpus callosum and part of the left
cingulum cingulate.

Partial Correlation Analysis

1 suffered more deficits in sustained attention, inhibition,
and delayed visual memory; subgroup 2 had impairment in
delayed memory; and subgroup 3 had no statistically
significant neurocognitive dysfunction. The current results
highlight the potential biological subtypes of individuals
with MDD defined by structural connectivity, which could
help understand the heterogeneity of the disorder and
promote type-specific treatments for potential depressive
subtypes.
A prior DTI study reported abnormalities in whitematter pathways, mostly notably in the CC and SLF, and
the increased depressive symptom severity was negatively
associated with the decreased white-matter integrity [17].
In addition, microstructure abnormalities of the uncinate,
IFOF, and CST have been associated with persistent
depressive disorder, which elucidated that altered whitematter microstructure in early onset depression might
contribute to the maintenance and recurrence of symptoms
[18]. Moreover, abnormalities in the genu of the CC
detected in the early onset of major depression could
persist into adulthood [29]. The disorganization of white
matter in the frontal gyrus, parietal lobe, and occipitotemporal gyrus could actually be present early in the course
of MDD; this might disrupt the neural circuits involved in
mood regulation and thus contribute to the neuropathology
of the disorder [30]. In the current study, although no
significant differences were found between the three
subgroups in the severity of depressive symptoms, individuals in subgroup 1 suffered more neurocognitive deficits
in sustained attention, inhibition, and delayed memory,
which could be associated with the widespread alterations
of white-matter integrity.
MDD is associated with dysfunctions in attention,
memory, and executive function, which occur not only in
the acute phase of illness but probably persist in phases of

In each patient subgroup, no significant correlation was
found between the average FA of fiber tracts and HAM-A/
HAM-D total scores.
In subgroups 1 and 2, the mean FA of the left anterior
thalamic radiation was positively correlated with the total
correct trails in DMS (DMS_TC, r = 0.453, P = 0.039). In
subgroup 3, the mean FA of the right SLF was positively
correlated with total correct trails (DMS_TC, r = 0.404,
P = 0.027) and correct trials in all delays of DMS
(DMS_TC_A, r = 0.368, P = 0.045). In subgroup 3, the
mean FA of the right SLF was negatively correlated with
the probability of errors given a prior correct trial
(DMS_PEGC, r = -0.366, P = 0.047), and the mean FA
of the left gyrus part of the cingulum cingulate was
negatively correlated with total false alarms in the RVP
task (RVP_TFA, r = -0.378, P = 0.040).

Discussion
Using a neuroimaging data-driven approach, this study
identified three subgroups of patients with MDD by whitematter abnormalities. One pattern revealed a widespread
reduction of FA across the fiber tracts; a second pattern
indicated regional FA reduction, mainly in aspects of the
CC, the left gyrus part of the cingulum cingulate, and part
of the left ILF; and the third pattern had no statistically
significant alterations in fiber tracts and no significant
differences from healthy controls. Although patients in the
three subgroups showed no statistical differences in clinical
characteristics, including total illness duration and symptom severity of depression and anxiety, each subgroup
showed distinct neurocognitive deficits. In brief, subgroup
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remission [31–33]. Neuroimaging studies have reported
that microstructural abnormalities in the anterior CC are
associated with the impairments of working memory and
sustained attention in patients with major depression [34].
In addition, anomalies of the middle-anterior and middleposterior cingulum bundle, major links within the limbiccortical networks, are related to executive function and
divided attention in depressed individuals [35]. Besides,
previous animal studies have indicated that impaired
learning and memory involve increased brain cytokine
signaling in response to peripheral immune activation,
which might increase the risk of major depressive episodes
[36]. Moreover, the increased miR-132 in major depression
is related to the dysfunction of fronto-limbic areas and
linked to the relevant neurocognitive deficits in attention
and executive function. Furthermore, the genes affecting
mitochondrial functions could contribute to the phenotype
of depression characterized by accompanying neurocognitive impairments [37]. From this study, the three subgroups
with the varying degrees of neurocognitive deficits corresponding to different patterns of white-matter alterations
could be used as a potential basis for differentiating
between different phenotypes of MDD.
Factors such as epigenetic regulatory processes and
signal transduction also affect the structural integrity in
individuals with major depression. The white-matter
integrity of the CC (body) is significantly associated with
elevated DNA methylation of the serotonin transporter
gene SLC6A4, suggesting potential modulatory effects of
gene-environment interactions on the structural integrity of
the white matter in depression [38]. In addition, methylation of the brain-derived neurotrophic factor promoter
region is related to the integrity of the anterior corona
radiata, that may contribute to the structural white-matter
changes in individuals with major depression [39]. Moreover, a postmortem study revealed that the significant
differences in the methylation patterns were specific to
astrocytic dysfunction associated with depressive psychopathology [40]. DNA methylation, as the most
stable epigenetic marker, may be triggered by the environmental stress and potentially lead to vulnerability to
depression [41]. Furthermore, cell communication and
signal transduction mechanisms might contribute to oligodendroglial and synaptic abnormalities in the temporal
cortex of patients with major depression [42]. In the current
study, the identified three subgroups with distinct whitematter patterns of major depression which may, to some
extent, have quantitatively or qualitatively different biological underpinnings, particularly in epigenetics.
In recent years, functional neuroimaging has proven its
utility in clustering individuals according to shared features
of brain dysfunction in participants with major depression
[5]. The data-driven parsing of neural connectivity reveals
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the heterogeneous underpinnings of depression subgroups
with unique neural connectivity profiles and co-occurring
clinical symptoms [6]. Besides, the disease duration and
symptom severity might dominate the parsing of functional
connectivity among depression-related brain regions at the
individual level [12]. Subgroups with identified distinct
functional connectivity during positive mood induction
could provide clinically relevant information (symptom
severity) that is evident across symptoms, affect, and
behavior and that might be a discrete marker of neurobiology [11]. Clustering findings in the functional and
structural connectivity of depression provide a plausible
biological basis for the neuroimaging biological subtypes
reported in previous studies and here. Neuroimaging scans
coupled with machine learning algorithms as reported in
the current study may be involved in stratifying patients
with major depression into biological subtypes – eventually
translating into individual patient-tailored therapeutic
interventions.
Possible study limitations should be considered. First,
the sample size of the current study was moderate, with
relatively small sample sizes in each patient subgroup.
Replication studies, especially with larger and independent
samples, are needed to validate the three identified
subgroups, to improve the robustness and generalizability
of the clustering findings. More measures of brain whitematter should be used to explore the biotypes of major
depression in future studies. Second, the current study was
based on cross-sectional analysis, but could be combined
with a longitudinal follow-up study that may help predict
the therapeutic effects and prognosis of the different
subgroups, especially the subgroup with widespread whitematter disruptions. Third, it will be fruitful to collect more
clinical variables (such as personality characteristics and
early life stress), and evaluate both affective and psychotic
symptoms in individuals with MDD. When comparing
clinical characteristics between subgroups, a multivariate
vector should be used to represent clinical scores as a
whole, rather than treat them separately. Fourth, although
some of the relapsed depressive patients had not taken
antidepressants in the preceding three months or more, it is
hard to evaluate the influence of previous medication
effects.
In conclusion, the current study used a data-driven
method to identify three subgroups by a stepwise pattern of
white-matter alterations in individuals with MDD. The
neurocognitive deficits of each subgroup corresponded
with its white-matter disruptions. The subgroup with
widespread white-matter abnormalities suffered more
deficits in sustained attention, inhibition, and delayed
visual memory, suggesting a distinct neurobiologicallybased biotype. The results from this study of neurobiological subtypes of MDD (reflected by distinct patterns of
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white-matter alterations accompanying relative degrees of
neurocognitive deficit) suggests a novel pathway to understanding the heterogeneity of MDD that may lead to the
optimization of subtype-specific treatment approaches.
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