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ABSTRACT
BACKGROUND: Major depressive disorder (MDD) is a highly heterogeneous disorder that typically emerges in
adolescence and can occur throughout adulthood. Studies aimed at quantitatively uncovering the heterogeneity of
individual functional connectome abnormalities in MDD and identifying reproducibly distinct neurophysiological MDD
subtypes across the lifespan, which could provide promising insights for precise diagnosis and treatment prediction,
are still lacking.
METHODS: Leveraging resting-state functional magnetic resonance imaging data from 1148 patients with MDD and
1079 healthy control participants (ages 11–93), we conducted the largest multisite analysis to date for
neurophysiological MDD subtyping. First, we characterized typical lifespan trajectories of functional connectivity
strength based on the normative model and quantitatively mapped the heterogeneous individual deviations among
patients with MDD. Then, we identified neurobiological MDD subtypes using an unsupervised clustering algorithm
and evaluated intersite reproducibility. Finally, we validated the subtype differences in baseline clinical variables
and longitudinal treatment predictive capacity.
RESULTS: Our findings indicated great intersubject heterogeneity in the spatial distribution and severity of functional
connectome deviations among patients with MDD, which inspired the identification of 2 reproducible neurophysio-
logical subtypes. Subtype 1 showed severe deviations, with positive deviations in the default mode, limbic, and
subcortical areas and negative deviations in the sensorimotor and attention areas. Subtype 2 showed a moderate but
converse deviation pattern. More importantly, subtype differences were observed in depressive item scores and the
predictive ability of baseline deviations for antidepressant treatment outcomes.
CONCLUSIONS: These findings shed light on our understanding of different neurobiological mechanisms underlying
the clinical heterogeneity of MDD and are essential for developing personalized treatments for this disorder.

https://doi.org/10.1016/j.biopsych.2023.05.021
Major depressive disorder (MDD) is one of the most prevalent
and burdensome psychiatric disorders worldwide (1). It typi-
cally emerges in adolescence and can occur throughout
adulthood and is accompanied by heterogeneous emotional,
neurovegetative, and neurocognitive symptoms (2–4). This
clinical diversity creates a huge challenge for disease diag-
nosis and treatment prediction. However, the underlying
neurophysiological substrates of clinical heterogeneity remain
largely unclear. Parsing neurophysiological heterogeneity is
essential to better link complex biological dysregulations with
clinical manifestations, thereby facilitating optimized treatment
allocation for patients. Previous studies have attempted to
identify MDD subtypes based on clinical symptoms, such as
melancholic depression, atypical depression, and seasonal
SEE COMMENTARY

ª 2023 Society of Biological Psychiatry.
ical Psychiatry December 15, 2023; 94:936–947 www.sobp.org/jour
affective disorder (5–7). These studies have shown neuro-
physiological differences between the clinical subtypes and
indicated a possible relationship between specific depressive
symptom profiles and biological dysregulations. However,
clinical symptoms interact in a complex manner with biological
substrates and may change over age and disease course, and
neurophysiologically informed subtyping of MDD is still lack-
ing. Exploring neurophysiological MDD subtypes is expected
to provide a more objective understanding of the biological
mechanisms underlying the complex clinical heterogeneity and
inspire imaging-derived candidate phenotypes for the guid-
ance of future precise diagnostic methods and treatments.

Based on resting-state functional magnetic resonance im-
aging (rs-fMRI), many case-control studies have documented
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disrupted functional brain connectomes in patients with MDD
(8–11), thereby significantly enhancing our understanding of
the neurophysiological substrates of this disease. Notably, the
results from the between-group comparisons in small-sample
studies were largely inconsistent, and the effect sizes were
small in recent large-sample multisite studies. These obser-
vations recently led to an increased focus on the heterogeneity
of functional connectomes among patients with MDD (12–14)
and on the investigation of neurophysiological subtypes based
on functional connectomes (15–19). Studies have found the
important roles of functional connectomes of default mode
network (DMN), limbic system (LIM), and subcortical (SUB)
regions for MDD subtyping. For example, Liang et al. (17) found
hyperconnectivity of DMN areas in one subtype and hypo-
connectivity in the other subtype. Drysdale et al. (16) defined 4
neurophysiological subtypes based on the distinct functional
connectivity patterns in LIM and frontostriatal networks. These
studies observed differences in clinical presentations and
treatment response among neurophysiological subtypes,
which indicates the promise of discovering clinically valuable
neurobiological subtypes based on functional connectomes.
However, previous studies have largely ignored the fact that
the functional connectomes can change dramatically over the
lifespan and that individual abnormal measurements, quanti-
tatively obtained from changes during a typical lifespan, can
provide more accurate and disease-specific information for
subtyping. Moreover, most previous studies lacked the
reproducible validation of results from multiple centers.
Reproducible neurophysiological subtypes hold promise for
the future of personalized diagnosis and treatment of a more
general population with MDD.

The normative model, a cutting-edge statistical framework
that maps demographic or behavioral variables onto a neuro-
imaging feature, has demonstrated its superiority in charac-
terizing the expected change trajectory of neuroimaging
features in healthy control participants (HCs) and quantitatively
identifying heterogeneous individual deviations for psychiatric
disorders from the norm (20–22). Similar to the widely used
normative growth charts used in pediatric medicine, where a
child’s height or weight is compared with the normative dis-
tribution for that particular age and sex (23), the normative
model can be used to evaluate individuals in relation to a
neuroimaging normative feature for a particular age and sex.
Unlike the traditional case-control analysis, which provides
information only on group-level abnormalities, the normative
model considers intersubject differences within the patient and
control groups and allows for measuring individual deviations
from a typical trajectory (21,24–26). These individual deviations
lead to a quantitative characterization of patients’ develop-
mental abnormalities and intersubject heterogeneity, which
provides critical information for detecting neurobiological
subtypes with distinct biological dysregulations and clinical
manifestations (27).

In this study, we conducted a comprehensive investigation
into the neurobiological heterogeneity and subtypes of MDD
using a large, multisite rs-fMRI dataset of 2227 participants.
We adopted a novel normative model framework, which
allowed us to quantitatively estimate individual deviations in
functional connectivity strength (FCS) over a lifespan. Through
the analysis of these deviations, we aimed to uncover the
Biological Psych
intersubject heterogeneity among patients with MDD and
identify reproducible neurobiological subtypes based on their
deviation patterns. The identified neurobiological MDD sub-
types were evaluated by testing for and examining multiple
demographic and clinical variable differences among them.

METHODS AND MATERIALS

Imaging Dataset and Preprocessing

In this study, we used a strictly quality-controlled imaging
dataset, including 1148 patients with MDD and 1079 matched
HCs from 9 research centers from the DIDA-MDD (Disease
Imaging Data Archiving - Major Depressive Disorder Working
Group) (11) (Table 1; Figure S1). A subsample of 43 patients
received a 6-month treatment with paroxetine, and treatment
outcomes were recorded (Table S1). All rs-fMRI data of par-
ticipants were obtained using 3T MRI scanners and then pre-
processed using a standard pipeline as described in our
previous work (11,28) (Table S2).

Normative Modeling for FCS

First, we computed the whole-brain FCS values for each
participant based on a predefined functional parcellation (29),
including 220 cerebral regions that had qualified fMRI signals
in all participants (Supplement). Then, for each brain region, we
estimated a normative model of FCS as a function of age and
sex by using Gaussian process regression (20) in the HCs
(Figure 1A; Supplement). Gaussian process regression is a
Bayesian nonparametric interpolation method that yields
coherent measures of predictive confidence alongside point
estimates (30). In addition to fitting potentially nonlinear pre-
dictions of a brain feature, it can provide regional estimates of
the expected variation in the relationship between age and
brain features (normative variance) and estimates of uncer-
tainty in this variance. To assess the generalizability of the
models, we first estimated the normative models in the HCs
under 10-fold cross-validation (Supplement), and overall
standardized mean squared error and mean squared log-loss
were used to evaluate the models. Then, the final normative
models were trained on all HCs for the subsequent MDD de-
viation analyses. To evaluate potential age/sex effects on
model design, we also constructed the normative models in
young/old and female/male groups separately (Supplement).

Estimating Individual FCS Deviations in Normative
Models for Patients With MDD

For each patient with MDD, the FCS of the brain regions were
positioned on the normative percentile charts from HCs to
estimate individual deviation (Figure 1B). We derived a z value
that quantifies the deviation from the normative model in each
brain region based on their observed FCS values and the
predictive FCS values obtained from the model (Supplement)
(20). The influence of patient sites on the calculation of FCS
deviations was assessed in the validation analyses
(Supplement). Similarly, the individual deviation map of each
HC was estimated by computing the z values during 10-fold
cross-validation. To further define the extreme individual-
level deviations in the FCS of participants, we thresholded
the deviation maps using z = 62.6 (corresponding to a
iatry December 15, 2023; 94:936–947 www.sobp.org/journal 937
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Table 1. Demographic and Clinical Characteristics of the Participants

Center Group
Age, Years,
Mean (SD)

Sex, Female/
Male, n

Duration of Illness,
Years, Mean (SD)

First Episode/
Recurrent
Episode, n

Medicated,
Yes/No, n

HDRS-17,
Mean (SD)

Age at Illness
Onset, Years,
Mean (SD)

Mean FD, mm,
Mean (SD)

CMU, Shenyang Patients, n = 125 27.91 (9.70) 86/39 1.65 (3.17) 100/11 49/76 21.44 (8.67) 26.36 (9.93) 0.115 (0.072)

HCs, n = 248 27.25 (8.22) 145/103 0.107 (0.057)

t or c2, p t371 = 0.69,
p = .493

c1
2 = 3.76,
p = .052

t371 = 1.09,
p = .278

CSU, Changsha Patients, n = 177 36.28 (10.21) 100/77 2.83 (3.95) NA NA 23.24 (5.91) 30.97 (8.43) 0.141 (0.073)

HCs, n = 108 32.31 (7.96) 46/62 0.134 (0.064)

t or c2, p t283 = 3.45,
p = .001

c1
2 = 5.19,
p = .023

t283 = 0.90,
p = .371

GCMU1, Guangzhou Patients, n = 34 29.41 (8.27) 25/9 0.65 (0.70) 34/0 0/34 21.85 (2.25) NA 0.094 (0.030)

HCs, n = 34 30.09 (10.88) 24/10 0.096 (0.033)

t or c2, p t66 = 20.29,
p = .774

c1
2 = 0.07,
p = .787

t66 = 20.26,
p = .797

GCMU2, Guangzhou Patients, n = 66 29.48 (9.91) 41/25 0.76 (1.00) 66/0 0/66 22.30 (3.57) NA 0.089 (0.057)

HCs, n = 66 29.33 (10.12) 35/31 0.086 (0.042)

t or c2, p t130 = 0.29,
p = .774

c1
2 = 1.12,
p = .291

t130 = 0.29,
p = .770

KMU, Kunming Patients, n = 41 34.20 (9.37) 21/20 1.13 (1.28) NA NA 23.61 (4.64) NA 0.186 (0.083)

HCs, n = 46 39.02 (12.20) 20/26 0.166 (0.065)

t or c2, p t85 = 22.05,
p = .043

c1
2 = 0.52,
p = .470

t85 = 1.25,
p = .216

PKU, Beijing Patients, n = 75 31.51 (7.86) 31/44 0.52 (0.47) 75/0 0/75 25.35 (4.77) 30.99 (7.91) 0.175 (0.063)

HCs, n = 73 31.90 (9.01) 31/42 0.185 (0.067)

t or c2, p t146 = 20.29,
p = .775

c1
2 = 0.02,
p = .889

t146 = 20.91,
p = .362

SCU, Chengdu Patients, n = 48 35.75 (12.22) 25/23 1.13 (1.49) 28/19 23/25 22.88 (4.25) 35.17 (12.65) 0.111 (0.067)

HCs, n = 41 34.83 (17.69) 24/17 0.122 (0.072)

t or c2, p t87 = 0.29,
p = .773

c1
2 = 0.37,
p = .542

t87 = 20.72,
p = .473

SWU, Chongqing Patients, n = 282 38.74 (13.65) 183/99 4.20 (5.52) 209/49 124/125 20.94 (5.60) NA 0.125 (0.054)

HCs, n = 254 39.65 (15.80) 166/88 0.134 (0.063)

t or c2, p t534 = 20.72,
p = .472

c1
2 = 0.01,
p = .911

t534 = 21.68,
p = .094

YMU, Taipei Patients, n = 105 57.05 (16.21) 42/63 1.21 (1.54) NA 79/26 11.23 (6.46) 43.08 (15.30) 0.139 (0.082)

HCs, n = 109 51.12 (11.70) 40/69 0.128 (0.058)

t or c2, p t212 = 3.06,
p = .003

c1
2 = 0.25,
p = .619

t212 = 1.18,
p = .240

ZZU, Zhengzhou Patients, n = 195 18.40 (5.54) 98/97 1.29 (1.48) NA 0/195 22.43 (5.70) NA 0.100 (0.045)

HCs, n = 100 22.43 (4.49) 53/47 0.088 (0.039)

t or c2, p t293 = 26.29,
p = ,.001

c1
2 = 0.20,
p = .655

t293 = 2.16,
p = .032
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p , .005) as was done in previous studies (25,26,31). The ef-
fect on the results of different thresholds for defining extreme
individual deviations was validated (Supplement). The overall
deviations of each participant and the spatial overlap map of
extreme deviations across participants were calculated to
assess the intersubject heterogeneity. The between-group
differences in the mean deviation map and the overall devia-
tion indices between patients with MDD and HCs were
compared using two-sample t tests. The significance level was
corrected for multiple comparisons using the false discovery
rate (FDR) method (corrected q , .05).

Characterizing MDD Subtypes Based on Individual
FCS Deviations

We used a data-driven k-means clustering algorithm to explore
MDD subtypes with different deviation patterns (Figure 1C;
Supplement). The intersite reproducibility of subtyping was
evaluated by comparing the number of patients within each
subtype among different sites and repeating the clustering
analysis based on leave-one-site-out validation (Supplement).
For the obtained subtypes, the brain deviations and the de-
mographic and clinical variables were further compared
(Supplement). Support vector regression analysis was con-
ducted to examine the predictive ability of baseline deviation
values for treatment response in each patient subtype
(Supplement).

RESULTS

Normative Models of FCS

The 10-fold cross-validation in the HCs revealed a high
generalizability of the fitting performance of normative models
for FCS, as indicated by an overall standardized mean squared
error close to 1 (0.996 6 0.013) and a mean squared log-loss
close to 0 (20.001 6 0.007) (Figure S2). The normative
models established in all HCs showed that the brain regions
can be clustered (Supplement) into 2 categories according to
their age-related FCS change trajectories in both female
(Figure 2A) and male (Figure S3) groups. Specifically, regions
with increased age-related FCS values were located mostly in
the lateral frontoparietal cortices, dorsal anterior cingulate
cortex, medial occipital cortices, sensorimotor areas, and
subcortical areas, while those with decreased FCS were mainly
in the precuneus, posterior cingulate cortex, medial prefrontal
cortex, angular gyrus, insula, and medial temporal areas.

Highly Heterogeneous Individual Deviations From
Normative Models in Patients With MDD

Compared with the HCs, patients with MDD exhibited larger
individual FCS deviations, including the number of extremely
deviated regions (Cohen’s d = 0.18) and the sum of positive
(d = 0.17) and negative (d = 20.12) extreme deviations
(Figure 2B) (FDR-corrected q , .05). Regionally, the patient
group had larger deviations than the HC group, with positive
deviations mainly in the bilateral lateral frontal cortex, pre-
cuneus, angular gyrus, and subcortical areas and negative
deviations in the left parahippocampal gyrus, right Rolandic
operculum, and middle cingulum gyrus (Figure S4; Table S3)
(absolute d = 0.12–0.21, FDR-corrected q , .05). A total of
iatry December 15, 2023; 94:936–947 www.sobp.org/journal 939
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Figure 1. Flowchart of data analysis. (A) Estimation of the normative model of functional connectivity strength (FCS) for each brain region by training
Gaussian process regression on the healthy control participant dataset (gray dots). The solid line represents the predicted FCS values from the normative
model, and the dashed line indicates the normative range. Tenfold cross-validation was performed to assess the generalizability of the models. (B) Char-
acterization of the FCS deviation of each brain region for each patient with major depressive disorder (MDD) (red dots) based on the normative model. (C)
Identification of MDD subtypes based on the individual FCS deviation patterns and characterization of their imaging and clinical differences.
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72.82% (n = 836) of the patients with MDD showed extreme
FCS deviations from the normative model in at least one brain
region, including extreme positive deviations in 25.78% (n =
296) of patients and extreme negative deviations in 66.38%
(n = 762) of patients (Figure 2C). From the perspective of brain
regions, 99.55% (n = 219) of the nodes showed an extreme
FCS deviation in at least one patient (positive: 67.73%, n =
149; negative: 96.36%, n = 212). The extreme positive de-
viations in patients with MDD were mostly located in the pre-
frontal cortex, precuneus, angular gyrus, and subcortical
areas, and the extreme negative deviations were widespread
over the whole brain, especially in the medial sensorimotor
cortex and the temporal lobe (Figure 2D). However, for any
single brain region, the percentage of patients who deviated
extremely from the normative range was remarkably low for
both positive (#2.35%, n = 27) and negative (#3.14%, n = 36)
deviations (Figure 2D). These findings suggest that while
940 Biological Psychiatry December 15, 2023; 94:936–947 www.sobp.
alterations in FCS existed in most patients with MDD, the
specific brain regions having out-of-range alterations varied
remarkably among individual patients.
FCS Deviation–Based MDD Subtypes

Two MDD subtypes were identified based on individual FCS
deviations. This optimal subcluster number was consistently
selected by 11 of 22 effective quality indices (Figure 3A). This
subtyping result showed high intersite reproducibility, indi-
cated by no significant site difference in the number of patients
within each subtype (c9

2 = 14.74, p = .098), and the overlap
rates of the resulting clustered indices in the leave-one-site-
out validation with the clustered indices in the main results
were all .92% (Figure 3B; Table S4).

Subtype 1 (37%, n = 425) showed severe deviations,
with positive deviations in the DMN, LIM, and SUB areas
org/journal
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and negative deviations in the sensorimotor, dorsal atten-
tion, and ventral attention areas, while subtype 2 (63%, n =
723) showed moderate deviations with a conversed devia-
tion pattern (Figure 3C; Table S5) (absolute d = 0.32–1.65,
FDR-corrected q , .05). Statistical comparisons showed
that all 3 overall deviation indices of subtype 1 were higher
than those of HCs, while the number of extremely deviated
regions and the sum of negative extreme deviations of
subtype 2 were lower than those of HCs (Figure 3D;
Table S6) (hp

2 = 0.05–0.08, FDR-corrected q , .05). From
the spatial overlap maps of extreme deviations, we
observed a higher consistency of extremely deviated re-
gions among patients with the severe-deviation subtype
(positive: 0.23%–4.71%, d = 0.32; negative: 0.23%–5.88%,
d = 0.35; FDR-corrected q , .05) and a lower consistency
among patients with the moderate-deviation subtype (pos-
itive: 0.13%–2.49%, d = 20.31; negative: 0.13%–1.80%,
d = 20.36; FDR-corrected q , .05) compared with that
among all patients (Figure 3E).

Regarding demographic and clinical variables, severe-
deviation subtype patients were significantly older on
average (d = 0.16, p = .008) and had a higher medicated
proportion (Cramer’s V = 0.08, p = .013) than moderate-
deviation subtype patients (Figure 4A; Table S7). The
severe-deviation subtype had more severe symptoms as
measured using the suicide item (d = 0.19, p = .044), while
the moderate-deviation subtype exhibited more severe
symptoms as measured by the work and activities (d = 0.29,
p = .002) and depressed mood (d = 0.23, p = .016) items
(Figure 4A; Table S7). Moreover, analysis of covariance
showed that the correlations between the Hamilton
Depression Rating Scale-17 item (HDRS-17) score and the
onset age were significantly different between the 2 sub-
types (hp

2 = 0.01, p = .036) (Tables S8 and S9). The HDRS-
17 score was negatively correlated with onset age in the
severe-deviation subtype (r = 20.24, p = .004) but not in the
moderate-deviation subtype (r = 20.00, p = .966)
(Figure 4B). These neuroimaging and clinical differences
between subtypes were largely unchanged under leave-one-
site-out validation (Figure S5; Table S10).

Among the patients who had follow-up treatment outcomes
(16 severe-deviation subtype patients and 27 moderate-
deviation subtype patients), the baseline individual deviation
map could significantly predict HDRS score changes after
treatment for the severe-deviation subtype (r = 0.47, p = .019,
one-tailed permutation test) (Figure 4C). The most positively
contributive features were in the DMN (24.1%), frontoparietal
network (16.1%), and ventral attention network (15.6%), and
the most negatively contributive features were in the visual
network (40.5%) (Figure 4C). In contrast, the baseline deviation
map of the moderate-deviation subtype could not predict their
HDRS score changes (r = 20.14, p = .785, one-tailed permu-
tation test).
Validation Results

Overall, the findings reported above were generally reproduc-
ible across different analytical choices (Supplement). Under
different thresholds in FCS calculation (r = 0.15, 0.25), in
extreme deviation definition (FDR-corrected q , .05), and in
Biological Psych
constructing normative models in each age/sex subgroup, the
normative models and patients’ deviations were similar to our
main results: the overlap rates of the resulting subtype indices
with the clustered indices in the main results were .92%
(range: 92.84%–99.22%), and the subtype differences largely
remained (Figures S6–S13). There were no significant site-
related effects in the deviation values of any of the brain re-
gions (FDR-corrected q = .183w.100).

DISCUSSION

In this study, we quantitatively uncovered neurophysiological
heterogeneity and identified intersite reproducible MDD sub-
types by mapping deviations from the normative models of
functional connectome based on the currently largest rs-fMRI
dataset in MDD. Our findings highlight the significant inter-
subject variability in the spatial distribution and severity of
functional connectome abnormalities among patients with
MDD and accordingly suggest 2 neurobiological subtypes with
distinct functional abnormality patterns and clinical charac-
teristics. Our study offers a novel analytical framework for
subtyping MDD and offers promising implications for future
personalized diagnosis and treatment of this disorder.

Normative Models of FCS

Compared with the traditional general linear model, the
normative model allows nonlinear changes to be characterized
without assumptions about the change trajectories (24–27).
Here, based on a large-sample dataset, we estimated the
normative model of FCS for each brain region and found 2
categories of FCS change trajectories. Similar to our findings,
several previous studies found linear age-related FCS de-
creases in the medial prefrontal cortex, precuneus, and insula
and calcarine, and linear increases in sensorimotor areas
based on the general linear model (32–34). The areas of FCS
decrease are the prominent hubs of global and local functional
connectivity, and the age-related decrease could underlie the
performance decline in working memory and visual sustained
attention, which are the most-affected cognitive functions that
occur with aging (35–37). Conversely, the sensorimotor areas
are the least affected by aging (32). Notably, in our study,
although brain regions had overall increased or decreased
change trajectories, the changes did not always follow a linear
or quadratic change, which demonstrates the value of the
normative model in characterizing the natural FCS change
trajectories more accurately.

Highly Heterogeneous Individual Deviations From
Normative Models in Patients With MDD

The normative model has shown its advantages in accurately
quantifying patients’ individual deviations from a large refer-
ence cohort by recognizing all sources of variance and
reducing overly optimistic inferences (21,38). By exploring
mechanisms and identifying potential subtypes of patients
based on individual objective biological measures rather than
their clinical diagnoses, the normative model provides a valu-
able framework to consider the challenging issues of comor-
bidity and heterogeneity in studies investigating
neurophysiological mechanisms of mental disorders (38,39).
Based on the normative model of FCS, we identified the
iatry December 15, 2023; 94:936–947 www.sobp.org/journal 941
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Figure 2. Normative models established in healthy control participants (HCs) and individual deviations from normative models in patients with major
depressive disorder (MDD). (A) The brain map in the middle indicates the 2 categories of age-related functional connectivity strength (FCS) change trajectories
(purple: increased; blue: decreased) in HCs (female). The FCS change trajectories (solid line) and the normative range (dashed line) of the postcentral gyrus and
posterior cingulate cortex are shown on the left and right as examples. Each dot represents the data from 1 HC. (B) The between-group differences in the
overall deviation indices between patients with MDD and HCs. **False discovery rate–corrected q , .05. (C) Bar plots show the distribution of the number of
regions per patient with extremely positive (red) and negative (blue) deviations. (D) The spatial overlap maps indicate the percentage of patients who deviated
extremely from the normative range for each brain region (left, extreme positive deviations; right, extreme negative deviations).
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individual deviations for each patient with MDD and explored
the heterogeneity of FCS deviations among patients. We found
positive FCS deviations mainly in the DMN and SUB areas and
negative deviations mainly in the sensorimotor and lateral
temporal cortices. The increased FCS in the DMN and SUB
indicates their strengthened role in coordinating whole-brain
942 Biological Psychiatry December 15, 2023; 94:936–947 www.sobp.
networks, which has been shown to be associated with inter-
nally directed cognitive rumination and emotional processing
in patients with MDD (40,41). The decreased FCS in the
sensorimotor and lateral temporal cortices suggests weakened
integration of these regions, possibly reflecting impairments in
decoding and integrating primary sensory input processing in
org/journal
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Figure 3. Functional connectivity strength (FCS) deviation–based major depressive disorder (MDD) subtypes. (A) Determination of the optimal number of
MDD subtypes using the NbClust package and the intersubject similarity in the FCS deviation patterns among all patients. (B) Subtyping results in each site
and the overlap rates of the resulting clustered indices in the leave-one-site-out validation with the clustered indices in the main results. (C) The mean deviation
map of each subtype and their system-level differences. (D) The group differences in the overall deviation indices among MDD subtypes and healthy controls
(HCs). (E) The spatial overlap map of extreme positive and negative deviations of each subtype. **False discovery rate–corrected q , .05. CMU, China Medical
University; CSU, Central South University; DAN, dorsal attention network; DMN, default mode network; FPN, frontoparietal network; GCMU, Guangzhou
University of Chinese Medicine; KMU, Kunming Medical University; LIM, limbic network; Neg, negative; PKU, Peking University; Pos, positive; SCU, Sichuan
University; SMN, sensorimotor network; SUB, subcortical regions; SWU, Southwest University; VAN, ventral attention network; VIS, visual network; YMU,
National Yang-Ming University; ZZU, Zhengzhou University.
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patients (40,41). More importantly, we found that the overlap
rates among patients in these regions were very low. This large
interpatient heterogeneity provides an important cue to help
explain the inconsistent findings in previous functional
Biological Psych
connectome studies in MDD. For example, the medial pre-
frontal cortex, which showed heterogeneous FCS alterations in
our study, was found to have both increased and decreased
FCS in previous case-control studies (41–44). Our results
iatry December 15, 2023; 94:936–947 www.sobp.org/journal 943
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Figure 4. Subtype differences in demographic and clinical variables. (A) Subtype differences in age, medicated proportion, and Hamilton Depression Rating
Scale-17 item (HDRS-17) score. *p , .05. (B) The correlation between the HDRS-17 total score and the onset age in each subtype. Each dot represents the
data from 1 patient. (C) The predictive ability of deviation values for treatment response in patients of the severe-deviation subtype. The scatterplot presents
the correlation between the observed HDRS score change after treatment and the predicted HDRS score change derived from the support vector regression
(SVR). Each dot represents the data from 1 patient, and the dashes indicate the 95% prediction error bounds. The summed weights in 5-fold cross-validation
were mapped onto the brain surface. The radar map represents the distribution of predictive power in different systems (red: positive; blue: negative). DAN,
dorsal attention network; DMN, default mode network; FPN, frontoparietal network; LIM, limbic network; SMN, sensorimotor network; SUB, subcortical re-
gions; VAN, ventral attention network; VIS, visual network.
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suggest that FCS alteration is an important neuropathological
feature of MDD, while the alteration patterns among patients
are largely different and there may be multiple forms of MDD.
FCS Deviation–Based MDD Subtypes

We identified 2 subtypes; the severe-deviation subtype showed
positive deviations in the DMN, LIM, and SUB areas, whereas in
the moderate-deviation subtype the deviations of these regions
were negative. These findings are consistent with several pre-
vious reports. For example, based on the power envelope–
based connectivity of signals reconstructed from high-density
resting-state electroencephalography, Zhang et al. (45) identi-
fied 2 MDD subtypes with different functional connectivity pat-
terns of the frontoparietal-control network and DMN. Two other
rs-fMRI studies also identified2subtypeswithdistinct functional
connectivity patterns among DMN areas in patients with MDD
(17,46). A transdiagnostic study, based on the whole-brain
amplitude of low-frequency fluctuations, clustered patients
with MDD into 2 subtypes with distinct activity patterns (47).
Based on multimodal imaging data and different measures,
these findings indicate that the functional connectome and ac-
tivity of DMN areas are the most important biomarkers for the
neurophysiological subtyping of MDD. Our study extends this
understanding of neurophysiological MDD subtypes based on
individual functional connectome abnormalities of patients
against a reproducible normative trajectory derived from a large
multisite cohort. Future studies combining different measures
from multimodal imaging features may be helpful for better un-
derstanding disease heterogeneity and identifying patient-
specific biomarkers for precise diagnosis and treatment of
MDD. Notably, the current dataset was collected in China, and
so it may be more representative of the Asian population.
944 Biological Psychiatry December 15, 2023; 94:936–947 www.sobp.
Although our subtyping results are consistent with the above-
mentioned studies conducted in theWestern population (45,46),
it would be valuable to expandour sample to other ethnic groups
through international collaborations to assess the generaliz-
ability of subtyping across different ethnicities (48,49).

We found that the severe-deviation subtype had a higher
suicide item score on the HDRS-17. Previous studies have
shown that the increased functional connectomes and activ-
ities of the DMN, LIM, and SUB areas, including the orbito-
frontal cortex, medial prefrontal cortex, cingulate cortex, and
striatum, are associated with suicide (50–53). More specifically,
the orbitofrontal cortex is involved in learning, prediction, and
decision making for emotional and reward-related behaviors
and is important in regulating behavioral impulsivity and
response inhibition (54). The higher FCS in the orbitofrontal
cortex may be associated with increased vulnerability to sui-
cidal behavior. Regions of the DMN are associated with self-
referential processing. Evidence suggests that when in-
dividuals are involved in regurgitating negative emotions about
themselves, suicidal thoughts and behaviors occur in response
to the individual’s desire to escape from both self-awareness
and the associated unpleasant feelings (53,55). On the other
hand, the moderate-deviation subtype showed more severe
symptoms in the work and activities item and the depressed
mood item, which are considered the core symptoms of pa-
tients with MDD in clinical diagnostics (56). The decreased
functional connectomes in areas of the DMN, LIM, and SUB
are considered to be related to anhedonia (57–63), which is
defined as diminished interest or pleasure in response to
stimuli that were previously perceived as rewarding in a pre-
morbid state (58). Our results provide new evidence that the
lower FCS in these areas is related to the nonreactive mood
and the failure to respond to contextual changes in patients
org/journal
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with MDD. Additionally, a significant negative correlation be-
tween age of onset and HDRS-17 score was found only in the
severe-deviation subtype. Several studies have explored the
association between age of onset and HDRS-17 scores in
patients with MDD, but the results have been inconsistent
(64–67). Our results indicated that these inconsistent obser-
vations may be partly due to patient subtypes with different
neurobiological mechanisms. More importantly, we found that
the predictive power of FCS deviation patterns for treatment
effects was observed only in the severe-deviation subtype, and
the most contributing features were found in the DMN and
visual network. Interestingly, previous studies have reported
differential functional connectivity and activities of the DMN
and visual network areas between treatment-resistant and
treatment-sensitive patients, suggesting the potential predic-
tive power of these areas for clinical outcomes in patients with
MDD (11,68–70). Our findings extend this knowledge,
demonstrating that this brain-phenotype relationship may exist
in only one subtype of patients with severe brain alterations.
Additionally, there is evidence that the recovery of elevated
DMN FCS was significantly correlated with treatment response
(43), while decreased DMN FCS was associated with nonre-
sponse to first-line antidepressants (17). Combined with the
subtype differences in depressive item scores, our study
highlights the different mechanisms that underly the different
clinical profiles and treatment responses among patients.
Limitations and Future Directions

Several issues with the current study need to be addressed
further. First, our analysis was performed based on data from a
cross-sectional sample, and the nonlinear age effects on
characterizing trajectories and patient subtyping should be
considered. Our validation analysis of constructing normative
models in age/sex subgroup suggests that neurophysiological
subtypes were not driven by age/sex effects, although there
was a significant age difference between the 2 subtypes. Using
longitudinal samples will improve the representativeness and
accuracy of the age-related brain change curve by delineating
the trajectories of each participant. Second, in this study, we
compared the subtype differences in clinical symptoms using
HDRS-17 item scores. The patients with MDD also had varied
cognitive impairments, which were not assessed in the current
retrospective study. Further analysis combined with more
detailed cognitive performances could help us to better un-
derstand the complex relationship between the neurophysio-
logical basis and the clinical presentations of MDD. Third, all
the patients who were included in the analysis to predict
treatment outcomes were responders to paroxetine because
patients who had a poor response discontinued the medica-
tion or changed their treatment plans. Future studies need to
include more nonresponders to establish prediction models for
treatment-resistant depression and thereby explore the
different neuroimaging biomarkers between patients with
different treatment outcomes. Fourth, although the signifi-
cance level of our results was corrected for multiple compari-
sons using the FDR method, the effect sizes of subtype
differences are relatively small. These findings suggest that
there may be remaining heterogeneity within each subtype.
Uncovering disease heterogeneity, especially in relation to
Biological Psych
clinical symptoms from the perspective of brain functional
connectome, warrants further investigation. Fifth, an episode
of MDD may be caused by numerous different factors, such as
genetic liability, childhood adversity, and life stress (2,71,72).
Several studies have identified genetic subtypes of MDD
based on the heritability of single nucleotide polymorphisms
(15,72). Additionally, neurobiological subtypes of MDD have
been shown to exhibit different polygenic risk scores,
expression of high-risk genetic profiles, and Child Abuse
Trauma Scale scores (47,73). Future studies incorporating
more comprehensive genetic and environmental data will
provide valuable insight into the factors that lead to the
different neurophysiological subtypes. Finally, we used 10-fold
and leave-one-site-out cross-validation to validate the stability
of the normative model and neurophysiological subtypes in our
study and found good internal generalizability of our results. To
maximize generalizability and replicability and reduce bias in
model evaluation of our study, external validation in indepen-
dent datasets from other populations and demographic groups
is needed in future research.
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