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A mega-analysis of functional connectivity 
and network abnormalities in youth 
depression
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Robin F. H. Cash    1,7,25 & Andrew Zalesky    1,7,25 

Major depressive disorder (MDD) represents the leading cause of 
mental health disability for young people worldwide but remains poorly 
understood. Previous neuroimaging research has indicated alterations 
in the connectivity of brain circuitry in youth MDD; however, findings 
have been inconsistent. This may relate to limitations in sample size and 
sample and methodological heterogeneity. In an effort to delineate robust 
neurobiological markers of youth MDD, we conducted a data-driven, 
connectome-wide mega-analysis of resting-state functional connectivity  
in 810 young individuals across 7 independent cohorts with a cross- 
sectional and case-control design. Compared with healthy comparison 
individuals (n = 370), youth MDD (n = 440) was associated with significant 
alterations in connectivity of densely connected brain areas (hubs), 
anchored in the default mode and dorsal and ventral attention networks. 
Critically, functional connectivity within these networks was significantly 
associated with depression symptom severity (r = –0.46 for hypoconnected 
regions and r = 0.53 for hyperconnected regions; both P values < 0.001), 
indicating the clinical relevance of functional connectivity alterations. 
Further, machine-learning analyses demonstrated that individual diagnostic 
status (AUC = 73.1%) and clinical severity (r = 0.14, P = 0.008) could be 
predicted on the basis of functional connectivity alone in unseen data 
using leave-one-site-out cross-validation. Together, our work represents an 
important first step toward robust characterization of the neurobiological 
basis of youth depression. We demonstrate the clinical relevance of brain 
connectivity in youth depression and highlight a critical role of functional 
hub regions, especially those localized to the default mode and dorsal and 
ventral attention networks in youth MDD.
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The final sample following quality control comprised 440 youths with 
MDD and 370 healthy comparison individuals aged between 12 and 
25 years (Table 1). Detailed information regarding clinical characteris-
tics, diagnostic assessment tools and inclusion and exclusion criteria 
can be found in Table 2 and Supplementary Tables 1 and 2, respectively. 
Our study design included four core components: (1) standardized 
fMRI pre-processing, quality control, harmonization and mapping of 
whole-brain functional networks; (2) whole-brain-based inference to 
identify functional connections that differ in connectivity strength 
between young individuals with MDD and young healthy comparison 
individuals, as well as those that associate with measures of depres-
sion symptom severity; (3) inference to identify canonical functional 
networks for which within- and between-network connectivity associ-
ates with symptom severity; and (4) predictive modeling of individual 
diagnostic status and symptom severity using leave-one-site-out cross-
validation (see Fig. 1 for a schematic overview).

Functional connectivity changes in youth MDD
Leveraging an impartial, whole-brain approach termed network-based 
statistics (NBS)28 and controlling for age and sex, we found that youth 
MDD (n = 440) was associated with distinct patterns of hyper- and 
hypoconnectivity relative to the healthy comparison group (n = 370; 
P = 0.012 and 0.005, respectively). According to the total number of 
significant connections linked with each region, increased connec-
tivity was localized to the inferior and superior parietal regions and 
the anterior insula, as well as the somatosensory, auditory and visual 
regions and the medial thalamus (Fig. 2a). The magnitude of differ-
ence represented a medium effect size as indicated by a Cohen’s d of 
–0.45 (Fig. 2c). To provide additional insight into the contributing 
functional networks, regions of each pair of significant connections 
were assigned to their respective canonical networks (Supplementary 
Section 1.1). This revealed that increased connectivity between the 
dorsal attention network (DAN) and several other networks, includ-
ing the salience/ventral attentional network (VAN), somatomotor 
network (SMN) and central executive network (CEN), was evident in 
MDD. Hyperconnectivity within the VAN was additionally observed 
(Fig. 2b). Overall, there is a predominant disruption to the attentional 
systems in MDD-related hyperconnectivity compared with healthy 
comparison individuals.

The MDD group also demonstrated significantly reduced con-
nectivity involving many core default mode network (DMN) regions, 
including the medial prefrontal cortex (mPFC), rostral anterior cingu-
late cortex (ACC)/subgenual cingulate cortex (SGC), posterior cingu-
late cortex (PCC) and superior frontal gyrus. The orbitofrontal cortex 
and the superior parietal, temporal pole and somatosensory regions 

Major depressive disorder (MDD) has a lifetime prevalence of 11.1–14.6% 
(refs. 1,2) and represents the leading cause of disability due to mental 
health conditions for young people aged 10–24 years worldwide3,4. 
Early onset is associated with pervasive functional impairments across 
academic and occupational domains and poorer clinical outcomes5–9. 
Despite the high prevalence and poor prognosis, the neurobiological 
basis of youth MDD remains under-characterized.

Functional neuroimaging can delineate the neural substrates 
of psychiatric, cognitive and neurological disorders and potentially 
provide targets for treatment10–16. However, findings in youth MDD 
have remained inconsistent. A recent meta-analysis of task-based 
functional magnetic resonance imaging (fMRI) studies in youth MDD 
reported an absence of significant brain activation/deactivation clus-
ters after combining attention, emotion, reward processing and execu-
tive function tasks17. Likewise, a recent meta-analysis of resting-state 
fMRI connectivity did not observe significant spatial convergence of 
past seed-based functional connectivity findings in youth MDD18. The 
majority of past empirical studies are limited by small sample sizes, 
which is further compounded by substantial inter-study variation. 
This includes heterogeneity in cohort characteristics as well as meth-
odological factors across acquisition, pre-processing and analytical 
approaches18, thus leading to an inconclusive picture of the neurobio-
logical mechanism of youth MDD. More generally, inconsistencies and 
lack of generalizability across independent neuroimaging studies have 
raised concerns about the neurobiological, clinical and translational 
value of neuroimaging findings19–21.

One approach to address some of these limitations is through 
mega-analyses. This involves collation and analysis of multiple inde-
pendent cohort datasets, boosting statistical power and increasing 
the site-independent generalizability of research findings22–24. Repro-
ducibility and generalizability can be further enhanced by leveraging 
standardized and openly available MRI pre-processing pipelines that 
are based largely on field expert consensus. This approach additionally 
avoids the confounding impact of heterogeneous MRI pre-process-
ing and analysis pipelines inherent to meta-analyses25. Critically, the 
increase in statistical power allows for impartial data-driven analyses 
across the whole brain, avoiding the potential perpetuation of prior 
notions around circumscribed sources of neurobiological dysfunction, 
which otherwise represents a necessary starting point for seed-based 
analyses of smaller datasets. Single-site studies may train and evaluate 
predictive models using subsets of the same cohort, but it typically 
remains unclear whether these models will generalize to external 
datasets26,27. By contrast, multi-site studies enable site-independent 
reproducible and generalizable functional connectivity features to 
be established. These advantages are central to clinical translation.

Here we compiled a large multi-site resting-state fMRI dataset 
acquired in young individuals with MDD and healthy comparison 
individuals from seven existing cohorts scanned at six sites across 
four countries (n = 810 youth participants). Standardized imaging pre-
processing, quality control and harmonization were completed for all 
fMRI data, and functional brain networks (connectomes) were mapped 
for each individual. Using these standardized connectomes, we aimed 
to robustly (1) characterize disruptions in functional connectivity and 
distributed brain networks in youth MDD using impartial, whole-brain 
statistical inference; (2) identify connections that are consistently 
associated with depression symptom severity; and (3) apply machine-
learning predictive models to parse connectivity biomarkers that are 
most robust to inter-individual and inter-site variability.

Results
We conducted the largest mega-analysis by sample size of resting-
state functional connectivity in youth MDD. A total of 27 datasets 
were identified, and 6 groups agreed to provide the required neuro-
imaging data. Beyond non-response, reasons for nonparticipation 
included departmental- and ethics-related restrictions on data sharing.  

Table 1 | Demographic and head motion variables for MDD 
and HC groups

MDD(n = 440) HC(n = 370) t value d.f. P value

Age
  [range]

18.39 (3.12)
[12.00–25.60]

20.12 (3.24)
[12.14–25.89]

7.734 808 <0.001

Sex (F/M) 288/152 240/130 0.031a 2 0.861

Head motion

  Mean FD 0.11 (0.04) 0.10 (0.04) 0.328 808 0.743

  Mean DVARS 18.27 (4.72) 17.89 (4.79) 1.151 808 0.250

  Mean RMSD 0.06 (0.02) 0.06 (0.02) –0.615 808 0.539

 � Mean outlier 
volume (%)

3.06 (3.30) 2.81 (3.51) –1.028 808 0.304

Values given as mean (s.d.); t values are two-sided independent sample t-statistic values. 
DVARS, the derivative of root mean square variance over voxels; FD, framewise displacement; 
HC, healthy comparison individuals; outlier volume, number of volumes with standardized 
DVARS value > 1.5/FD > 0.5mm; RMSD, root mean square deviation (a quantification of the 
estimated relative (frame-to-frame) bulk head motion). aChi-square value.
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as well as the insula and thalamus also demonstrated hypoconnectivity 
(Fig. 2d). The overall effect size was medium (d = 0.42; Fig. 2f). When 
hypoconnected regions were spatially assigned to their respective 
canonical networks, the DMN showed reduced connectivity with the 
DAN and VAN (Fig. 2e). Within-limbic and limbic–VAN hypoconnec-
tivities were also observed (Fig. 2e). In summary, MDD-specific hypo-
connectivity spanned a distributed network of regions, implicating 
primarily the default mode as well as attentional and limbic networks.

In addition, a significant sex-by-diagnosis interaction was evi-
dent. Connectivity in the visual, cuneus, somatosensory, premotor 
and dorsal mPFC as well as the anterior thalamus was lower in female 
MDD compared with male MDD individuals (Supplementary Fig. 1). 
Conversely, male MDD participants demonstrated lower connectivity 
lateralized to right visual, somatosensory, posterior parietal and retro-
splenial cortex relative to female counterparts (Supplementary Fig. 2). 
No significant effects were detected for age-by-diagnosis interaction.

Stratifying the clinical group by the presence of any previous 
antidepressant treatment history implicated the thalamus and the 
striatum. In those with a history of pharmacological intervention, these 
subcortical structures showed increased connectivity with predomi-
nantly the SMN and DAN (Supplementary Fig. 3i), as well as decreased 
connectivity with the DMN and CEN (Supplementary Fig. 3ii).

Connectivity and network changes in depression severity
Next we investigated whether functional connectivity was associated 
with depression symptom severity in the subset of 348 MDD individuals 
with either raw or converted Montgomery–Asberg Depression Rating 
Scale (MADRS) scores. We used psychometrically established con-
version scales from the Children’s Depressive Rating Scale–Revised 
(CDRS-R)29 or the Hamilton Depression Rating Scale-17 item (HAMD-
17)30. Considering the significant site difference in MADRS (Table 2), 

site effect was regressed from MADRS scores before further analysis 
(Methods). Controlling for age and sex, NBS revealed that higher func-
tional connectivity involving the intraparietal sulcus, superior parietal, 
retrosplenial and motor regions, as well as the insula, was significantly 
associated with higher depression severity as measured by the total 
MADRS score (P = 4.14 × 10–26, r = 0.53; Fig. 3a,e). At the network level, 
these connections localized predominantly to the attentional and 
visual systems, including the dorsal and ventral attentional and visual 
networks (Fig. 3b). Subcortical structures, including the putamen and 
inferior thalamus, were also implicated. Together, these findings indi-
cate that greater symptom severity was associated predominantly with 
attentional and sensory network hyperconnectivity in youth MDD.

Greater symptom severity was also associated with lower connec-
tivity involving the mPFC, precuneus, angular gyrus, supplementary 
motor area and superior and inferior parietal areas, as well as the puta-
men (P = 1.57 × 10–19; r = –0.46; Fig. 3c,e). At the network level, the DMN 
similarly demonstrated widespread hypoconnectivity with multiple 
networks spanning the DAN, VAN and CEN (Fig. 3d). These findings indi-
cate that DMN- and attentional network-centered hypoconnectivity, 
observed in our earlier analysis of functional connectivity abnormali-
ties in youth MDD, also relate to symptom severity.

We next sought to quantitatively identify networks that most 
consistently contribute to depression severity. Specifically, we com-
puted inter- as well as intra-network connectivity strength within and 
between each pair of the seven canonical networks, averaged across 
all constituent connections of each network (Supplementary Section 
1.2). This analysis was constrained to cortical regions. After control-
ling for age and sex across all network pairs and using site-regressed 
MADRS scores, greater depression severity was associated with lower 
connectivity between the DMN and DAN (r = –0.15, P = 0.007) and VAN 
(r = –0.16, P = 0.003) and CEN (r = –0.11, P = 0.034), as well as between 

Table 2 | Differences in demographic and clinical variables within the MDD group by site

Site 1 
Melbourne 1 
(YoDA-C) 
(n = 123)

Site 2 
Melbourne 2 
(n = 45)

Site 3 
TAD +  
TIGER 
(n = 106)

Site 4 
MR-IMPACT 
(n = 63)

Site 5 
China 
(n = 54)

Site 6 
UCSF 
(n = 49)

d.f. 
(group, total)

F value P value Bonferroni-
corrected post 
hoc comparison

Age 19.78 (2.79) 19.40 (2.43) 17.38 (2.90) 15.72 (1.23) 21.35 (2.96) 16.31 (1.37) 5, 439 48.450 <0.001 Sites 1 and 2 >  
Sites 3, 4, 6
Site 3 > Site 4
Site 5 > Sites 1, 
2, 3, 4, 6

Sex (F/M) 73/50 28/17 74/32 53/10 28/26 32/17 5 17.259a 0.004 —

Ethnicity  
(white/African/
Asian/multiracial/
other/missing)

(99/1/20/0/3/0) (34/0/8/1/2/0) (50/4/16/8/10/18) (57/0/0/4/2/0) (0/0/54/0/0/0) (8/4/1/15/21/0) — — — —

Diagnosis tool SCID SCID K-SADS-PL K-SADS-PL SCID K-SADS-PL — — — —

RCT (Y/N) Y N N Y N N — — — —

RCT Interventions CBT + 
fluoxetine/
placebo

— — CBT/STPP/
SCC

— — — — — —

Depression 
symptom measure

MADRS MADRS CDRS-R (n = 88)/
BDI-II (n = 18)

SMFQ HAMD-17 MADRS — — — —

MADRS band 
scoreb

14.50 (2.42) 11.82 (3.18) 9.31
(2.86)

N/A 10.67 (3.06) 11.21 (3.74) 4, 347 44.112 <0.001 Site 1 > Sites 2, 
3, 5, 6
Sites 2 and 5 > 
Site 3

MADRS raw/
converted score

33.16 (5.50) 26.73 (7.66) 20.49 (7.08)c 17.87 (4.78)d 24.07 (7.53)c 25.06 (9.22) —- — — —

Antidepressant
history (Y/N)

31/90 8/37 N/A N/A 19/25 10/38 — — — —

Values are given as mean (s.d.). Participant ethnicity was identified on the basis of self-report. F values are one-way independent analysis of variance F values (two-sided).CBT, cognitive–
behavioral therapy; F, female; K-SADS-PL, Kiddie Schedule for Affective Disorders and Schizophrenia–Present and Lifetime; M, male; N, no; N/A, information not available; RCT, randomized 
controlled trial; SCC, specialist clinical care; SCID, Structured Clinical Interview for Diagnostic and Statistical Manual of Mental Disorders 4th Edition117 Axis I Disorders; SMFQ, Short Mood and 
Feeling Questionnaire; STPP, short-term psychoanalytic psychotherapy; Y, yes. aChi-square value. bRefer to Supplementary Table 3 for calculation of MADRS band scores. cConverted from 
CDRS-R and HAMD-17 for Sites 3 (n = 88) and 5, respectively. dSMFQ raw score.
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Fig. 1 | Mega-analysis design and workflows. Whole-brain characterization of 
functional connectivity in youths with MDD. a–c, After image pre-processing 
and functional connectivity mapping (a), mega-analyses of between-group and 
symptom severity-related connectivity differences were conducted at the scale 

of functional connections (b) and canonical networks (c). d, Support vector 
machines with leave-one-site-out cross-validation were applied to generate  
and evaluate predictive models of diagnostic status and symptom severity.  
FC, functional connectivity; ROI, region of interest.
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Fig. 2 | Functional connectivity changes in youth MDD compared with HC 
individuals controlling for age and sex. a, Cortical renderings show regions 
significantly associated with higher functional connectivity in youth MDD. Colors 
represent the total number of connections that differ significantly between 
groups. b, Networks showing connections with significantly higher connectivity 
strength in youth MDD. Nodes are colored according to seven canonical 
functional networks and sized proportionally to the total number of significant 
connections linked with each node. Matrix displays proportion of connections 
with significantly higher connectivity strength between pairs of canonical 

networks, normalized by the total number of possible connections within or 
between each pair of networks. c, Significantly higher mean connectivity values 
of all significant hyperconnections (as shown in b) in MDD (n = 440; mean = 0.08; 
s.d. = 0.04) compared with the HC group (n = 370; mean = 0.04; s.d. = 0.04) on 
two-sided independent sample t test. d–f, Same as a–c but for lower functional 
connectivity in the MDD group (n = 440; mean = –0.08; s.d. = 0.05) relative to the 
HC group (n = 370; mean = –0.04; s.d. = 0.05) on two-sided independent sample 
t test. IPS, intraparietal sulcus; L, left; OFC, orbitofrontal cortex; R, right. Cortical 
renderings were generated using the BrainNet Viewer toolbox135.
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the limbic and dorsal attention networks (r = –0.13; P = 0.013; Fig. 3f). 
Conversely, heightened intra-DMN (r = 0.12, P = 0.022) and DAN–VAN 
(r = 0.12, P = 0.032) connectivities were positively associated with more 
severe depression symptoms (Fig. 3f). Together, these results provide 
convergent evidence of strong default mode and attentional network 
involvement as a broader functional network signature of youth MDD 
symptom severity.

The effect of hubness. Several of the regions implicated in the preced-
ing are considered brain hubs, such as the mPFC, ACC, PCC, precuneus, 
lateral parietal, visual and insular regions (see reviews in refs. 31–33). 
Dysfunctional hub connectivity is implicated in disorders character-
ized by an early onset, including autism spectrum disorder, attention 
deficit hyperactivity disorder and schizophrenia31,32. As such, we fur-
ther investigated this observation and assessed the hubness of each 
node, determined by a region’s total connectivity strength to all other 
regions (Supplementary Section 2). This revealed that greater levels 
of hubness were significantly associated with a greater magnitude of 
between-group differences (r = 0.11; P ≤ 0.023; Supplementary Fig. 4) 
as well as symptom severity correlations (r = 0.24–0.25; P < 0.001; Sup-
plementary Fig. 5), providing additional insight into the contribution 
of hub regions to youth MDD.

The effect of global signal regression and head motion. Supple-
mentary analyses (Supplementary Section 3) demonstrated that the 
inclusion of an additional head motion covariate (Supplementary 
Figs. 6 and 7), the adoption of a more stringent head motion exclusion 
criteria (Supplementary Fig. 8) and the absence of global signal regres-
sion (Supplementary Fig. 9) did not alter the overall pattern of findings 
across NBS between-group and correlational analyses.

Predicting depression status and severity in unseen data
Using leave-one-site-out cross-validation, we established models to 
predict individual-level diagnostic status and symptom severity on 
the basis of patterns of functional connectivity. Principal components 
analysis (PCA) was performed on the training data to reduce the dimen-
sionality of the functional connectivity matrices and alleviate the risk 
of overfitting. Support vector machines were trained on the resulting 
principal component scores. The test data were projected on the prin-
cipal components, and resulting scores were used to derive predictions 
(Methods). PCA was performed separately for each training fold.

Validating the model performance in the held-out site, we showed 
that youth with MDD (n = 440) can be distinguished from healthy 
comparison individuals (n = 370) with an average accuracy of 73% (an 
overall area under the curve (AUC) of receiver operating characteristic 
(ROC) of 73.1% across all held-out test sets; Fig. 4a). Individual test set 
(unseen site) prediction accuracy ranged from 50.9% to 73.3%. We 
found that diagnostic prediction models trained on age and sex (overall 
AUC = 53.5%) or age alone (overall AUC = 53.7%) did not exceed chance-
level performance. This indicates that diagnostic status did not show 
a disproportionate representation across specific age groups or sex.

Models integrating functional connectivity strengths could  
significantly predict symptom severity (r = 0.14, P = 0.008, n = 348;  
Fig. 4b), although predictions were weaker and not statistically sig-
nificant within individual sites (with individual r values ranging from 
0.13 to 0.20 except for site 2; Supplementary Fig. 10), most likely due 
to the reduced sample sizes.

To delineate the functional connections that were most important 
to our predictive models, the principal component feature weights 
were projected to the space of the functional connectivity matrix, and 
the Haufe transform34 was then applied to the projected feature weights 
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Fig. 3 | Depression symptom severity-related functional connectivity 
and network changes controlling for age and sex. a, Regions significantly 
associated with higher depression severity as reflected by a positive association 
with higher site-regressed total MADRS scores. Colors depict the total number 
of connections that correlate significantly with depression severity. b, Networks 
containing connections significantly associated with higher site-regressed 
total MADRS scores. Nodes are colored according to seven canonical functional 
networks. Node size is proportional to the total number of significant 
connections linked with each node. Matrix displays proportion of connections 
with significant association with higher site-regressed total MADRS scores 

between pairs of canonical networks, normalized by the total number of possible 
connections within or between each pair of networks. c,d, Same as a,b but for 
negative association with site-regressed total MADRS scores. e, The magnitude 
of correlations between mean connectivity strength of all significant positive 
and negative connections and site-regressed MADRS scores, respectively, as 
determined by Pearson correlation coefficient. A two-sided P value was used to 
determine significance. f, Significant correlation between network connectivity 
and depression severity (site-regressed MADRS scores). Line width reflects the 
size of the correlation coefficient. Cortical renderings were generated using the 
BrainNet Viewer toolbox135.
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to enable their interpretation. Overall, prediction of diagnostic status 
and symptom severity was found to be most strongly driven by positive 
connectivity of DAN regions with the highest consistency observed for 
the superior parietal cortex (Fig. 4c,d). By contrast, the DMN regions 
were highlighted in negative connectivity with the mPFC (includ-
ing rostral ACC/SGC) and PCC being most consistently implicated  
(Fig. 4c,d). Averaged network-level feature weights also implicated 
the DMN and DAN as the most salient networks in negative and posi-
tive association, respectively, for both classification (Supplementary 
Fig. 11) and regression (Supplementary Fig. 12). Overall, our machine-
learning analyses highlighted connectivity within largely the same set 
of regions and networks as our previous NBS analyses, supporting the 
central importance of core DAN (superior parietal cortex) and DMN 
regions (mPFC, SGC and PCC).

Collectively, our findings indicate that youth MDD is associated 
with robust changes in functional connectivity anchored to core com-
ponents of the default mode and attentional networks. These regions 
tended to have a higher level of hubness and demonstrated significant 
predictive accuracy on independent machine-learning analyses.

Discussion
This work represents the largest mega-analysis of resting-state func-
tional connectivity changes in youth MDD to date. Our findings indi-
cate robust alterations in connectivity anchored in the default mode 
and dorsal and ventral attention networks. Dysfunctional connec-
tivity localized to hub regions within these networks, extending on 
earlier studies reporting hub involvement in early psychopathology 
development31,32. We also established machine-learning models that 
predicted diagnostic status and depression severity with significant 
accuracy, implicating predominantly the same set of regions and net-
works. Together, the consensus across analyses underscores the critical 
involvement of networks that pertain to introspective and attentional 
processing in youth MDD.

Distributed network involvement in youth MDD
Controlling for age and sex, our analyses consistently implicated core 
nodes of the DMN, particularly the rostral ACC/SGC, mPFC, PCC and 
precuneus. In addition, altered connectivity of individual components 
of the dorsal and ventral attentional networks tended to emerge in 
youth MDD. These regions included the insula, striatum and intrapari-
etal sulcus/superior parietal cortex. Our findings expand on previous 
resting-state fMRI studies in youth MDD that have often been con-
strained to specific regions or connections of interest due to limitations 
in sample size and statistical power. Interestingly, our observations 
converge with past studies that have typically included age and sex as 
covariates, which also demonstrated functional topological alterations 
anchoring in the default mode and attentional networks18,35. As such, 
these network alterations may represent universal biomarkers of youth 
MDD beyond age and sex.

The observed regions and networks of dysfunction are also well 
aligned with systematic review and meta-analytical findings in adult 
MDD across resting-state and task-based functional alterations15,36–39. 
An exception is the CEN, which did not emerge as a core component 
in our analyses. Changes in CEN connectivity are widely implicated in 
adult MDD15,36–39 and more prominent in late-onset than early/mixed-
onset MDD studies40. The absence of CEN involvement in our findings 
may reflect the higher neurodevelopmental variability associated 
with the protracted maturation of frontal systems during adolescence 
and early adulthood41,42. However, the meta-analytical observation of 
greater frontal involvement in studies with more patients on antide-
pressants also necessitates consideration of the potential confounding 
influence of treatment effects, especially since the current sample is 
predominantly medication-naïve. In addition, this discrepancy may 
stem from the investigation of spatially targeted hypotheses (for exam-
ple, the use of region-of-interest approaches) in previous adult MDD 
work. Nonetheless, a substantial overlap was evident, with disruptions 
to default mode and attentional system connectivity being common to 
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Fig. 4 | Predictive models of diagnostic status (depression or HC individual) 
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diagnostic status. Left bar plot indicates AUC of ROC for each leave-one-site-out 
cross-validation model; right line graph reflects overall AUC derived from the 
entire sample with the shaded area denoting 95% confidence intervals for the 
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both youth and adult MDD. This suggests a potential trajectory of dis-
ruption that may begin in youth and remains relatively constrained to 
a common set of processes and brain systems across the illness course.

A significant sex-by-diagnosis interaction implicated select 
regions of the visual, somatosensory, motor and thalamic regions. 
The age-by-diagnosis interaction was not significant. Given the lack 
of previous large-scale, connectome-wide work on sex effects in youth 
MDD, the specific sex-by-diagnosis interaction effects we observed 
here should be interpreted with caution. Although based on evidence 
from past work that has comprehensively examined resting-state 
fMRI connectivity differences between sex across the whole brain, 
the implicated regions, particularly the occipital and thalamic con-
nectivity, have consistently emerged in whole-brain machine learn-
ing to be the most discriminative regions in the classification of sex 
in healthy young adults43,44. While these studies were conducted in 
healthy young adults, the convergence with our findings suggests 
that these regions may merit further investigation in future studies 
focusing on youth MDD.

When stratifying the clinical sample broadly by the presence of 
antidepressant medication history, alterations were most prominent 
between the subcortical regions (the thalamus and striatum) and the 
DMN and SMN. Notwithstanding the absence of an active experimental 
condition and the reduced sample size available for this analysis, our 
observation of reduced subcortex–DMN connectivity in patients with 
a previous medication history may be reminiscent of the normalization 
of DMN hyperconnectivity reported with remission in adult MDD fol-
lowing antidepressant or noninvasive brain stimulation treatment45–47. 
Interestingly, the thalamus has also been implicated as one of the key 
subcortical structures in antidepressant treatment outcome46. How-
ever, considerable variability is likely present within this subsample as 
influential confounds such as dose, duration and number of previous 
antidepressant trials were unavailable and thus not considered in the 
analysis. As such, these observations warrant cautious interpretation. 
Future studies equipped with comprehensive treatment information 
will be better positioned to facilitate a more nuanced delineation.

Hub connectivity changes and vulnerability
We found that connectivity changes associated with youth MDD con-
verged on topologically central brain nodes (hub regions). Strikingly, 
almost all identified regions in our findings have been previously impli-
cated as rich-club nodes (densely interconnected hub regions facilitat-
ing global communication and integrative processing), encompassing 
the mPFC, ACC, PCC, precuneus, lateral parietal and insular regions (see 
reviews in refs. 31–33). In alignment with our findings, abnormal volume 
in the mPFC, rostral ACC and insula has been shown to demonstrate 
the highest consistency in predicting onset of MDD across community 
and at-risk samples of children and adolescents (see review in ref. 48), 
underscoring their critical involvement in early MDD development.

Hub regions are highly connected regions, often considered core 
regions within brain networks, and help mediate global integration of 
information within and across diverse brain systems49–51.

They emerge from a very early stage of development and undergo 
ongoing functional refinement into adulthood31,33,52,53 as a shift from 
local to global integrative processing unfolds during adolescence49. 
Functional hubs have been shown to be highly reproducible and con-
sistent in young adults51. Relative to non-hubs, functional hubs are 
involved in a distinctive transcriptomic pattern of neurodevelop-
mental processes, supporting the development of diverse neuronal 
connections51. Due to their dense connections and topologically cen-
tral positions, hubs are ‘vulnerability hotspots’ to dysfunction32,49,54,55. 
The critical and prolonged window of transmodal region matura-
tion is known to be linked to heightened sensitivity to environ-
mental influences41,56–58. Deviation from typical hub development 
during adolescence thus may have a long-lasting impact. This may 
manifest as pathological organization of brain circuits and abnormal  

brain functions49,55,59,60, potentially contributing to the distributed 
altered functional connectivity observed here.

Taken together, adolescence, coinciding with a protracted period 
of dramatic plastic changes and significant psychosocial transitions, 
represents a unique window of increased vulnerability to functional 
hub system disintegration and in turn altered network dynamics. This 
likely confers risk for discoordination of a myriad of bottom-up and top-
down cognitive, sensory and emotional processes and early emergence 
of emotional disturbance61,62, including youth MDD.

The central role of DMN in symptom manifestation
Among all hub regions, the highest consistency was observed for those 
of the DMN across all analyses. Longitudinal and cross-sectional stud-
ies indicate that connectivity within the DMN and its hubs typically 
strengthens from childhood through adolescence and adulthood. 
Strengthened connectivity of hubs is thought to underpin optimization 
of functional integration during brain development31,32,63. Interest-
ingly, local hubs of the DMN (for example, mPFC) have been shown to 
selectively demonstrate strong structure–function coupling during 
youth (a high correspondence between white matter and functional 
connectivity), in contrast to the reduced coupling typically observed 
for all other transmodal regions64. This may reflect the unique role of 
the DMN in supporting coordinated communication between networks 
among strongly interconnected hub areas within the DMN65–67.

Notably, our findings indicate multiple associations between 
DMN connectivity and youth depression severity, implicating DMN 
dysconnectivity as a central factor. Higher depression severity was 
associated with stronger anticorrelation in functional connectivity 
between the DMN and other networks, specifically with DAN, VAN 
and CEN, in addition to DMN intra-network hyperconnectivity. DMN 
abnormalities have been widely implicated in altered introspection 
and excessive rumination in youth and adult MDD68–72. The role of 
DMN anticorrelation with attentional and executive networks is of 
particular interest. One interpretation of anticorrelated connectiv-
ity is an inhibitory relation between networks73. The ‘one-to-many’ 
networks relation observed here aligns well with past findings of an 
inhibitory influence of the DMN on attentional and executive net-
works that have been linked with excessive internal focus74, cognitive 
vulnerability75, and response to treatment in MDD72. Taken together, 
our observed DMN abnormalities may therefore reflect interference 
with normal communication across introspective and attentional 
systems. Specifically, top-down attentional and executive control 
in the competitive selection of bottom-up sensory information and 
internal mental representation may be particularly compromised 
in youth MDD secondary to DMN dominance71,72,76. This overweight-
ing of DMN input may in turn contribute to maladaptive rumina-
tion and negatively biased self-representations and appraisals68–71,77. 
This would be supported by the broader association of DMN abnor-
malities with internalizing psychopathology dimension in a large 
cohort of preadolescents, both with and without lifetime mental  
disorder diagnosis78.

Critically, in unaffected children with a familial risk of MDD, 
reduced functional connectivity between regions of the DMN and CEN 
and heightened DMN connectivity has been reported79, with DMN–CEN 
alterations associated with later development of MDD at follow-up80. In 
adult cohorts, drawing from evidence in studies examining antidepres-
sant treatment mechanisms, functional connectivity abnormalities 
of the DMN are among the most consistently implicated in clinical 
improvement across pharmacological, invasive and noninvasive brain 
stimulation treatment (see systematic reviews in refs. 70,81–84 and 
meta-analysis in ref. 85). Together, DMN aberrancy in at-risk children 
preceding disease onset and robust normalization of DMN connectivity 
following antidepressant and noninvasive brain stimulation treatment 
lend strong support to the role of the DMN as centrally involved in MDD 
(see reviews in refs. 82,83,86,87).
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Implications for neuromodulatory therapeutics
Finally, the most salient features from our machine-learning analysis are 
in keeping with those implicated in our empirical between-group and 
symptom severity correlational analyses. Perhaps these features could 
contribute to neurobiologically informed therapeutic brain stimulation 
targets in youth MDD. For example, transcranial magnetic stimulation 
(TMS) has the potential to capitalize on the relatively higher degree of 
plasticity of the adolescent brain59. To date, TMS targets developed for 
adult depression have been implemented in youth MDD as a best-guess 
approach to treatment. This includes scalp-based targeting heuristics 
derived from adult MDD that appear inappropriate for smaller scalp 
dimensions in youth. Interestingly, recent work has suggested that TMS 
targeted to sites of the dorsolateral PFC with connectivity to the SGC 
may be particularly relevant or effective in adult depression14,88–95. The 
strong SGC involvement observed in the present work across analyses 
indicates that testing TMS targeted to sites connected to the SGC may 
also be warranted in younger patients. Our work also implicates a range 
of hub regions that could serve as alternative disease-modifying neu-
romodulatory therapeutic targets, in line with a recent modeling study 
implicating largely the same set of regions promoting transitions of 
brain states between MDD and health elicited by excitatory or inhibi-
tory perturbations96. Given the increasingly recognized network-based 
TMS-induced neuromodulation97–100, the centrality of these hub regions 
may be harnessed and potentially serve as ‘treatment hotspots’ capable 
of normalizing distributed inter-network abnormalities underpinning 
youth MDD.

Strengths, limitations and future directions
This work aimed to elucidate robust functional architecture of youth 
MDD on both individual and group levels and across the scales of func-
tional connections and canonical networks. Compilation of multiple 
independent cohort datasets in the present study offers the advantages 
of substantially increased statistical power and more accurate and 
stable predictive modeling101, especially when considering the small 
sample sizes used in past MDD machine-learning studies (see reviews 
in refs. 26,27).

Several factors, however, may have impacted the statistical power 
and accuracy of the symptom severity predictive model. First, to maxi-
mize the clinical sample, we used established conversion scales for the 
MADRS29,30. These scales require assumptions and may have limited our 
findings by introducing potential discrepancies in the estimation of 
symptom severity. More important, the inclusion of both randomized 
controlled trial and community cohorts further increased clinical het-
erogeneity102, evidenced by significant site differences in MADRS. While 
sample heterogeneity is helpful for identifying reliable neurobiological 
features that are generalizable and robust in youth MDD, an assumption 
of harmonization methods such as ComBat is that covariates of interest 
do not significantly vary across sites103. Given that this assumption was 
not met, we regressed site effects for all our symptom severity-related 
analyses. Further expansion of the sample size in future work may be 
one potential solution to help reduce susceptibility to the impact of 
site-related variance.

Relatedly, the current study can be expanded, and its results may 
be followed up in several ways. For example, the present approach does 
not consider dynamic psychosocial or environmental influences on 
neurodevelopment, and inclusion of such measures could add value to 
more-comprehensive predictive models in future work. As previously 
discussed, future effort into examining treatment-related functional 
connectivity changes is required to better understand mechanisms 
of action. Leveraging dimension reduction techniques, differential 
response to treatment associated with distinct clusters of clinical 
and/or demographic characteristics (phenotypic subtypes) could be 
identified, as demonstrated in adult MDD12,104,105. In youth MDD, differ-
ent symptom clusters have been found to display differential response 
to antidepressant treatment106. However, the underlying functional 

connectivity characteristics have remained unexplored. Such inves-
tigation would also help shed light on the clinical utility of functional 
connectivity features as prognostic indicators in guiding treatment 
selection. In relation, our ethnically and racially diverse cohort pre-
sented opportunities for analysis of potential divergence in functional 
connectivity profiles. However, the need to remove scanner-depend-
ent effects via harmonization is likely to have substantially removed 
variances associated with ethnicity as certain sites encompassed a 
predominantly white (Sites 1 and 4) or Asian (Site 5) sample. Separate 
analysis of large datasets involving specific ethnic groups, such as the 
REST-meta-MDD Consortium established in China, may help delineate 
ethnic differences in MDD-related functional connectivity signatures. 
While our findings can be interpreted in the framework of neurodevel-
opmental susceptibility and MDD vulnerability, another possibility 
is that these functional connectivity changes may emerge following 
symptom onset via activity-dependent processes, and perhaps the 
default mode and attentional subsystems are most sensitive in this 
regard. Further longitudinal work is needed to delineate the complex 
interplay between symptom and functional connectivity alteration 
manifestations. For example, examination of the interaction between 
brain maturation and age and divergence of connectivity patterns 
in MDD versus the healthy comparisons group could be considered.  
Last, the current work represents an important first step toward estab-
lishing robust functional architecture in youth MDD; replication of 
current findings through future well-powered whole-brain analyses 
akin to those conducted here would be imperative.

Conclusion
To our knowledge, this work represents the largest pooled multi-
site resting-state fMRI analysis of brain connectivity and network 
alterations in youth MDD to date. Our data-driven, connectome-wide 
functional connectivity and machine-learning analyses converge to 
consistently implicate involvement of the DMN, DAN and VAN. These 
connectivity features additionally were able to significantly predict 
MDD diagnostic status and symptom severity. Crucially, this extensive 
network involvement in youth MDD localized to regions known to be 
network hubs. Adolescence, coinciding with a critical period of global 
network configuration and significant psychosocial transitions, may 
translate to increased susceptibility to altered hub maturation. This 
in turn may augment risk for discoordination of internal and external 
attentional and introspective representations, and ultimately vulner-
ability to major depression. Importantly, the topological properties 
of these hub regions may represent opportunities for noninvasive 
neuromodulatory intervention refinement of potential stimulation 
targets, capitalizing on the high degree of neural plasticity of the ado-
lescent brain.

Methods
Participants
Structural and resting-state fMRI data were collated across 7 existing 
cohorts from previously published studies, scanned at 6 international 
sites, yielding a combined sample of 1,075 young participants (aged 
12–25 years)107–116. The corresponding authors for each cohort are 
C.G.D., I.H.G., B.J.H., T.C.H., J.Q., J.S. and T.T.Y., respectively. Cohorts for 
inclusion in the planned mega-analysis were identified from database 
searches for journal articles that investigated resting-state functional 
connectivity in youth MDD (irrespective of the inclusion of a healthy 
comparison group), published until February 2022. Corresponding 
authors of appropriate studies were contacted between May 2022 
and August 2022 and invited to contribute data to the mega-analysis. 
The combined sample comprised 488 young individuals with a con-
firmed diagnosis of MDD and 587 healthy comparison individuals. Brain 
imaging was performed across six sites in Australia, China, the United 
Kingdom and the United States. Following quality control, the final 
sample included 440 youths with MDD and 370 healthy comparison 
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individuals aged between 12 and 25 years (528 female and 282 male 
participants; Table 1).

Diagnostic assessments varied across cohorts and consisted of 
either the K-SADS-PL or the SCID based on the Diagnostic and Statistical 
Manual of Mental Disorders 4th Edition117 diagnostic criteria (Table 2).

Assessment of depression symptom severity and score 
conversion
The CDRS-R29 and HAMD-1730 scores were transformed into MADRS 
scores using conversion scales provided in the psychometric valida-
tion studies for each respective scale. The conversion of CDRS-R scores 
produced a score bin (for example, 1–3, 4–5; Supplementary Table 3) 
while a continuous score was derived from the HAMD-17 conversion. 
To ensure comparability between individuals, the converted MADRS 
score bins and continuous scores as well as the original raw scores were 
then ranked (Supplementary Table 3), yielding a MADRS band score for 
each MDD individual. This maintains consistency in the assessment of 
depressive symptom severity across different rating scales, utilizing 
MADRS band scores as a common metric. MADRS band scores were 
available for six of the seven clinical cohorts from five scanning sites 
(with the exception of Site 4). These band scores were used in all sub-
sequent symptom severity analyses.

Ethics approval
A waiver of consent for this study was obtained and approved by the 
University of Melbourne Human Research Ethics Committees (2022-
24565-31548-4). In addition, each site obtained ethics approval from 
their respective ethics committee for the sharing of anonymized data.

Neuroimaging data
Contributing sites provided structural MRI of brain anatomy  
(T1 images) and unprocessed resting-state fMRI images for all par-
ticipants. Unprocessed images were required to enable standard-
ized data pre-processing for all sites. Structural images were used 
to facilitate registration and normalization of images to the FMRIB 
Software Library (FSL)’s Montreal Neurological Institute (MNI) ICBM 
152 nonlinear 6th Generation Asymmetric Average Brain Stereotaxic 
Registration Model (MNI152NLin6Asym)118. Resting-state fMRI 
images were used to map functional brain networks (connectomes).  
MRI acquisition parameters varied between sites (Supplementary 
Table 4). Mapped connectomes were harmonized to account for site 
differences (see the following).

Standardized pre-processing and quality control of  
resting-state fMRI data
Pre-processing was performed using fMRIPrep version 23.0.1119 which 
was based on Nipype 1.8.5120 Pre-processing procedures are detailed 
in the Supplementary Section 4. Output reports of all pre-processed 
scans were individually inspected, and exclusion of scans secondary 
to artifacts (for example, braces), pathologies/incidental findings, 
unsuccessful pre-processing and/or poor quality of pre-processed 
scans (for example, poor anatomical and functional registration, poor 
field of view) was established by consensus among investigators, N.Y.T., 
R.F.H.C. and A.Z. To ensure that current findings were unlikely to be 
biased by potential confounding influences of head motion, individu-
als with a mean framewise displacement (FD) > 2 mm or standardized 
DVARS (the derivative of root mean square variance over voxels121) > 1.5 
and/or FD > 0.5 mm for more than 20% of the volumes (outlier volumes) 
were excluded. Participant exclusion rates at each stage of analysis are 
detailed in Extended Data Fig. 1. The mean FD, standardized DVARS and 
RMSD122 values and percentage of outlier volumes were also included 
as an additional covariate in supplementary NBS analyses (Supple-
mentary Section 3) and compared between the final MDD and con-
trol groups to account for a potential disproportionate influence of 
head motion. For further head motion artifact removal, additional 

supplementary analyses, adopting a more stringent exclusion criteria 
of mean FD > 1.5 mm and 20% outlier volumes, were conducted.

The first four volumes were discarded to ensure steady state. The 
24 head motion parameters and their derivatives123, as well as signals 
from white matter, cerebrospinal fluid and global signal, were regressed 
from the processed fMRI time series, and the resulting residuals were 
used for connectome mapping. Regressors from discrete cosine trans-
formation basis functions were also included for high-pass filtering. 
Global signal regression was used to further alleviate head motion124,125, 
given that the population studied may be susceptible to motion arti-
facts54. Supplementary analyses without the application of global signal 
regression were also conducted (Supplementary Section 3).

Functional connectome mapping. The Schaefer–Yeo 7-network func-
tional atlas126 was used to parcellate the cortex into 400 volumetric 
functional parcels, and the Melbourne Subcortical Atlas127 was used 
to parcellate the subcortex into 54 functional nuclei, yielding a total 
of 454 regions. The 400 cortical parcellation was chosen per previous 
recommendations128. Each cortical region was assigned to one of seven 
canonical resting-state functional networks126,129: DMN, VAN, SMN, 
limbic network, visual network, DAN and CEN (also known as fron-
toparietal). For each participant, the pre-processed resting-state fMRI 
time series was spatially averaged across all voxels composing each 
region, yielding an averaged time series for each region. The Pearson 
correlation coefficient was computed between all pairs of regions from 
the combined cortical and subcortical atlases to provide a measure of 
functional connectivity, yielding a 454 × 454 symmetric connectivity 
matrix for each individual. ComBat130 leverages multivariate linear 
mixed-effects regression and empirical Bayes to correct batch effects 
(systematic differences among data collected from diverse batches/
sites). We applied this methodology to harmonize functional con-
nectivity matrices while retaining variance of interest (age, sex and 
diagnosis). ComBat was chosen due to previous mega-analytical studies 
demonstrating its effectiveness in substantially removing site-specific 
artifacts in multi-site resting-state fMRI across diverse functional con-
nectivity metrics131–133.

Statistical inference
The NBS28 was used to test for between-group differences in func-
tional connectivity. The NBS ensures control of the family-wise error 
rate across the set of all functional connections tested. As such, it is 
widely used in psychopathology research, including whole brain-based 
mega-analytical work132, capitalizing on its ability to address multiple 
comparison issues inherent in connectome-wide analysis. Specifically, 
using the functional matrices, the NBS statistically localized subnet-
works of connections with increased or decreased connectivity in the 
MDD group compared with the healthy comparison individuals. All 
NBS between-group analyses were adjusted for age and sex. The NBS 
was also used to identify connections for which variation in connectiv-
ity strength across MDD individuals was associated with variation in 
symptom severity, as measured using the MADRS. Harmonization was 
repeated for this subset of individuals to preserve variance explained 
by age and sex, as well as MADRS score. Considering the significant 
differences in MADRS between sites (Table 2) and the tacit assumption 
of ComBat that covariates of interest are not strongly correlated with 
sites (see ref. 103) for a detailed discussion), we directly controlled 
for site effect by regressing out the effect of site from MADRS scores 
before ComBat harmonization. The NBS was used to separately test for 
positive and negative associations between functional connectivity 
and MADRS. Regions harboring the highest total number of significant 
connections were considered salient regions.

An edge-forming threshold of t > 3.5 was used. Family-wise error 
correction at P < 0.05 was deemed statistically significant, and 5,000 
permutations were generated to estimate the null distribution for the 
NBS. To ensure absence of site influence on MADRS in harmonization 
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and subsequent brain–behavior associations, the resultant correla-
tional NBS findings were compared with chance level using permuta-
tion testing. This involved randomly permuting site-regressed MADRS 
scores among individuals within each site to generate a null dataset 
where any potential association between functional connectivity and 
MADRS is eliminated. Multiple instantiations of such null datasets were 
generated (N = 1,500), and the exact same ComBat harmonization and 
NBS correlational analysis pipeline was repeated for each null dataset. 
This revealed that approximately 5% of the 1,500 null distribution sam-
ples yielded a significant subnetwork linked with depression symptom 
severity for positive and negative association (P < 0.05), respectively, 
confirming satisfactory control of false positive rates.

Supplementary NBS analyses were also performed to explore 
whether unique patterns of functional connectivity changes may be 
associated with distinct demographic and/or clinical profiles. First, we 
repeated the between-group NBS analyses with the additional inclusion 
of age-by-diagnosis and sex-by-diagnosis interaction terms to delineate 
potential age and sex interaction effects. An additional between-group 
comparison was also conducted to assess the effect of medication 
history by comparing functional connectivity between patients with 
(n = 68) and without (n = 190) a history of antidepressant intervention, 
with age and sex included as covariates. The same statistical threshold 
was applied for all supplementary NBS analyses.

The assumption of normality and equal variances was not formally 
tested as the statistical tests used to derive functional connectivity 
markers of youth MDD do not make any assumptions regarding data 
distribution.

Predictive modeling of diagnostic status and depression 
severity
Support vector machines (SVMs) were trained to predict individual 
diagnostic status and MADRS score on the basis of functional connec-
tivity profiles. ComBat was first implemented to harmonize functional 
connectivity matrices with relevant variables of interest retained for the 
classification (diagnosis, age and sex; n = 810) and regression (MADRS, 
age and sex; n = 348 youths with MDD) samples, respectively. To miti-
gate the potential impact of significant site differences in MADRS on 
harmonization and regression modeling, we regressed the effect of site 
from MADRS before ComBat harmonization. Following harmonization, 
data were first partitioned into training and test sets using leave-one-
site-out cross-validation (Fig. 1). Partitioning was performed such that 
N – 1 sites were used for model training while the remaining site was 
reserved as the test set. Functional connectivity data were summarized 
in the form of a matrix X of dimensions M × 102,831 matrix, where M is 
the number of individuals composing the training set and 102,831 is the 
number of unique functional connections (454 × 453/2 = 102,831 upper 
diagonal elements). Note that M changed for each cross-validation fold. 
To reduce the dimensionality of the functional connectivity space, PCA 
was applied to X, yielding a 102,831 × M – 1 matrix of principal compo-
nent coefficients, C, and a corresponding M × M – 1 matrix of principal 
component scores, S. The PCA decomposition could be represented 
as X = SC′. The SVM was trained using the top 60 principal component 
scores stored in S.

The SVM classification and regression were implemented using 
the fitclinear and fitrlinear functions, respectively, in MATLAB. Models 
were fitted with stochastic gradient descent, and ridge regularization 
was performed with the default regularization term strength of λ = 1/M. 
Model performance could potentially be improved by optimizing this 
hyperparameter, but this was not considered in the current study. 
Accuracy was evaluated on the test set as follows. Let Xtest denote the 
equivalent of X for the test set. We first projected Xtest into the space of 
the principal components, such that X̄test = XtestC, and then applied the 
fitted model to X̄test  to derive predictions for individuals composing 
the test set. Given the stochastic nature of the model-fitting algorithm 
(stochastic gradient descent), the entire model-fitting and evaluation 

process was repeated 100 times, and model performance was averaged 
across the 100 iterations, unless otherwise stated.

To assist with interpretability of the feature weights, they were 
transformed using the Haufe transformation34,134. The relative contri-
bution of each of the seven networks to prediction performance was 
also examined (see Supplementary Section 5 for details).

To explore the sole contribution of demographic variables to 
classification performance, we trained an SVM classifier to classify 
diagnostic status on the basis of age and sex, as well as age alone. This 
established a benchmark/reference prediction accuracy.

Last, permutation testing was used to estimate a P value to exclude 
any parametric assumptions. This involved permuting site-regressed 
MADRS scores among individuals within each site before the appli-
cation of ComBat and SVM regression analyses. This procedure was 
repeated 1,500 times to generate an empirical null distribution. We 
found that the observed r value was greater than that obtained from 
permutations in 1,483 of 1,500 trials (P = 0.011), confirming that the 
observed strength of correlation was significantly stronger than would 
be expected by chance.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
This study did not involve the use of publicly available datasets, but de-
identified data from seven previously published datasets collected by 
six research groups across four countries. Data may be made available 
upon reasonable request at the discretion of each respective principal 
investigator. Data sharing will be subject to the policies and procedures 
of the institution where each dataset was collected. Principal investi-
gators from sites that provided data used in this study include C.G.D. 
(Sites 1 and 2), I.H.G. (Site 3 TAD dataset), B.J.H. (Sites 1 and 2), T.C.H. 
(Site 3 TIGER dataset), J.Q. (Site 5), J.S. (Site 4) and T.T.Y. (Site 6). Please 
direct all data requests to N.Y.T. at ngayant@student.unimelb.edu.au.

Code availability
All the neuroimaging pre-processing and analyses conducted in this 
study involved the use of publicly available toolboxes and resources. 
This included the fMRIPrep version 23.0.1 (accessible at https://
fmriprep.org/en/stable/installation.html), the combined Schaefer 400 
cortical and Melbourne Subcortex Atlas (accessible at https://github.
com/yetianmed/subcortex/tree/master/Group-Parcellation/3T/Cor-
tex-Subcortex), NBS MATLAB toolbox version 1.2 (accessible at https://
www.nitrc.org/projects/nbs/) and ComBat Harmonization package 
(https://github.com/Jfortin1/ComBatHarmonization). All cortical 
renderings were generated using the GUI-based toolbox BrainNet 
Viewer version 1.7 (https://www.nitrc.org/projects/bnv) via MATLAB. 
For predictive analyses, dimension reduction via PCA was performed 
using the pca function in MATLAB version R2021a. This was followed by 
classification and regression analyses performed using the fitclinear 
and fitrlinear MATLAB functions, respectively.
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Extended Data Fig. 1 | Participant exclusion flowchart. Flowchart outlining the number of participants excluded and the reason for exclusion following each stage of 
processing. HC = healthy control; MDD = major depressive disorder.
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