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Table S1 Comprehensive Summary of Data-Driven MDD Subtyping Studies. 

Study 

(Author, 

Year) 

Subtype/Cluster Name Data Type/Method 
Biological Basis 

(Results/Conclusion) 

Clinical/Cognitive 

Features 
Key Findings 

Clinical Correlates 

(Etiology, Comorbidity, 

Course, Severity, 

Response) 

Tao et al. 

2025 [1] 
Cognitive Deficit (CD) 

Neuropsychological 

(CANTAB) + MRI 

Reduced GMV in left 

fusiform gyrus and 

cerebellum. 

Significant deficits in 

attention and 

memory. 

Reductions in 

specific regions 

serve as potential 

neuroimaging 

biomarkers for the 

CD subtype. 

Comorbidity: CD group 

associated with 

significantly fewer 

education years (13.40 

± 3.49, p < 0.0001). 

Tang et al. 

2025 [2] 
Subtype 1 (Genetic) Multi-omics + ALFF 

High PRS for MDD; 

enrichment in synaptic 

regulation pathways. 

Most severe HAMD 

symptoms and 

cognitive decline 

(WCST). 

Subtype 1 is 

characterized by 

higher polygenic risk 

and synaptic 

pathway 

enrichment. 

Severity: Significantly 

higher HAMD scores 

(21.1 ± 10.1) than other 

subtypes. 

BMI: S1 BMI (21.7 ± 

3.6) lower than HC. 

Tang et al. 

2025 [2] 

Subtype 2 (Immuno-

inflammatory) 
Multi-omics + ALFF 

Elevated IL-1 beta; 

lower Epigenetic 

Inflammation Score 

(EIS). 

Intermediate 

symptom severity; 

cognitive deficits 

linked to precuneus 

ALFF. 

Homogeneous 

subtype potentially 

responsive to 

adjunctive anti-

inflammatory drugs. 

Etiology: Driven by 

immune-inflammatory 

dysregulation. 

Response: May be a 

candidate for targeted 

anti-inflammatory 

therapy. 
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Hagenberg 

et al. 2025 

[3] 

High Immune-Related 

(HIRDS 1/2) 

Multi-omics (Plasma 

+ RNA-seq) 

High inflammation 

(CRP); altered PBMC 

gene expression 

(NRCAM). 

Elevated depression 

severity (BDI-II and 

MADRS). 

Identified 4 

biological clusters 

corresponding to 

distinct clinical 

phenotypes. 

Etiology: Strongly 

linked to immuno-

metabolic 

dysregulation. 

Comorbidity: Increased 

BMI and sleep in 

HIRDS. 

Tse et al. 

2024 [4] 
Youth MDD Networks 

Meta-analysis of rs-

FC (fMRI) 

Dysconnectivity 

consistently involving 

DMN, DAN, and VAN. 

Symptom severity 

associated with 

specific network 

alterations. 

Models predicted 

diagnostic status 

(AUC of 0.731 for 

predicting 

diagnostic status 

and symptom 

severity (r = 0.14, p 

= 0.008). 

Etiology: Largest 

pooled mega-analysis 

identifying robust 

youth connectivity 

biomarkers. 

Kashiwagi 

et al. 2026 

[5] 

Weak-Correlation 

(Subtype 2) 

rs-FC (resting-state 

fMRI) 

Thalamo-somatomotor 

functional connectivity 

strength. 

Standard depressive 

symptom profile. 

Connectivity 

strength closer to 

the mean predicted 

superior 

antidepressant 

outcomes. 

Response: Tended 

toward higher 

improvement rates (p = 

0.085) than other 

subtypes. 

Colombo 

et al. 2024 

[6] 

High Treatment-

Resistant (Cluster 

associated with higher 

treatment resistance 

(TRD)) 

Structural MRI (CT, 

GMV, FA) 

Widespread reduction 

in cortical thickness and 

white matter integrity.  

BDI Anergy domain: 

fatigue and 

decreased appetite. 

Structural 

signatures identified 

TRD subtypes with 

68.4% accuracy.  

Response: Significantly 

higher rates of 

treatment resistance 

compared to other 

clusters. 
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Xiao et al. 

2024 [7] 
Archetypal vs. Atypical 

ALFF + Machine 

Learning 

Frontal-posterior 

functional imbalance 

(Archetypal: Frontal ↑; 

Atypical: Frontal ↓). 

Both show 

significant 

depressive and 

anxiety symptoms. 

Subtype-specific 

rTMS targets 

(dmPFC, OCC) 

improved 

symptoms. 

Response: classifiers 

allow for precise 

targeted rTMS therapy. 

Habets et 

al. 2023 [8] 

Remission vs. 

Chronicity 

Integrated Multi-

omics + Clinical 

Proteomic pathways (IL-

10 signaling, lipids). 

Baseline symptom 

severity (IDS-SR) 

and Neuroticism. 

Unimodal 

proteomic model 

(AUROC = 0.68) 

outperformed 

clinical predictions. 

Course: Predicts 

remission vs. chronic 

persistence at 2-year 

follow-up. 

Zhou et al. 

2024 [9] 

Anxious Depression 

(AD) 

Anxiety Factor + 

Multimodal MRI 

AD-specific 

abnormalities in Left 

ITG, STG, and SFGdor. 

Agitation and 

restlessness. 

Multimodal MRI 

features identify 

biological 

distinctions from 

Non-Anxious 

Depression. 

Severity: AD has more 

complex and severe 

symptoms. 

Course: Prior literature 

suggests higher risk of 

recurrence and 

suicidality in anxious 

depression. 

Liang et al. 

2020 [10] 

hyperDMN vs. 

hypoDMN 
rs-FC within DMN 

hyperDMN: increased 

prefrontal-PCC/PrC 

connectivity. 

Comparable 

demographics and 

HAMD scores 

between groups. 

Two robust neural 

subtypes identified 

and validated across 

multi-site datasets. 

Course: No significant 

linear correlation was 

found between age and 

other clinical variables. 

Feng et al. 

2025 [11] 
PRG Subtypes A & B 

Transcriptomics + 

Machine Learning 

DE-PRG signatures 

(GZMA, TNF); Subtype B 

upregulated. 

Significant 

differences in 

immune infiltration 

(e.g., M2 

macrophages). 

Identified candidate 

immunological 

biomarkers (GZMA, 

AKR1C3, CD52) for 

MDD. 

Etiology: Linked to 

pyroptosis-related 

inflammation. 
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Zhang et 

al. 2023 

[12] 

Mitophagy Subtypes 1 

& 2 

Transcriptomics + 

WGCNA 

5 biomarkers (MATR3, 

ACTL6A, FUS, BIRC2, 

RIPK1). 

Distinct immune cell 

patterns (Subtype 1: 

higher memory B 

cells). 

Mitophagy-related 

gene signature 

distinguishes MDD 

and molecular 

subtypes. 

Etiology: Linked to 

mitochondrial 

mechanisms and 

biological 

heterogeneity. 

Ding et al. 

2023 [13] 
Anhedonia Subgroup C 

Clinical (TEPS) + rs-

fMRI 

Aberrant connectivity 

between reward 

network and DMN. 

Most profound 

impairment in 

consummatory 

pleasure (31.29 ± 

4.77). 

Anhedonia is non-

uniform; Subgroup 

C has the most 

profound 

impairment. 

Etiology: Subgroup C 

(lowest TEPS scores) is 

associated with the 

most profound 

impairment in both 

anticipatory and 

consummatory 

pleasure, consistent 

with features of 

melancholic 

depression. 

Jing et al. 

2023 [14] 

Subtype I (16%) vs. 

Subtype II (84%) 

rs-FC + Normative 

Modeling 

Subtype I has larger 

extreme functional 

deviations in 10 

networks. 

Comparable 

baseline symptom 

severity 

(HAMD/HAMA). 

Subtypes identified 

by characterising 

functional 

deviations from 

normative range. 

Course: Subtype I 

illness duration (11.7 

months); Subtype II 

longer (22.1 months). 

Liu et al. 

2016 [15] 
Melancholic (MelD) 

Blood 

Metabolomics 

High biological 

homogeneity in 76 

unique metabolites. 

Pervasive anhedonia 

and weight loss. 

Metabolomic 

biosignatures 

accurately classify 

MelD (83.84% 

accuracy). 

Severity: Higher HAMD 

(24.57 ± 4.46) and 

CORE (11.24 ± 3.96) 

scores than others. 
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Grant et al. 

2022 [16] 
Suicide Attempt (SA) 

Multi-omics + 

History 

integrative genomic-

metabolomic signature 

for attempt history. 

SA group had earlier 

depression onset 

(65% vs 37% before 

age 18). 

SNVs and 

metabolites identify 

signature of suicide 

attempts in MDD 

adults. 

Etiology: Subgroup 

defined by history of 

suicide attempt. 

Collins et 

al. 2022 

[17] 

Affective vs Somatic 
STAR*D Clinical 

Data 

IDS-30 component 

analysis identified 

somatic vs affective 

clusters. 

Somatic cluster 

characterized by 

energy, sleep, and 

appetite symptoms. 

Full IDS (30 items) 

better captures 

clinical 

heterogeneity than 

QIDS (12 items). 

Response: Highlights 

importance of targeting 

biological correlates of 

somatic symptoms. 

Yeung et 

al. 2024 

[18] 

MDD Definitions Connectomics + ML 

compared 6 MDD 

definitions (Ever, 

Recurrent, Narrow, 

etc.). 

Defined by varying 

clinical criteria and 

childhood trauma 

exposure. 

Classification 

accuracy varied 

across MDD 

phenotypes and 

improved in more 

homogeneous, 

childhood trauma-

stratified 

subgroups. 

Course: Childhood 

trauma stratification 

enhanced subgroup 

homogeneity and 

classification 

performance. 

Ichikawa et 

al. 2020 

[19] 

Melancholic Biotype rs-FC (MRI) 

Development of 

melancholic MDD 

classifier. 

Moderate-to-severe 

symptoms (BDI-II ≥ 

17). 

Classifier 

generalizable to 

independent 

cohorts and sites. 

Severity: specifically 

targeted at patients 

with melancholic 

M.I.N.I. subtype. 
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Zhang et 

al. 2020 

[20] 

SSRI-Response 

Biotypes 

Clinical + tagSNPs 

(CREB1, BDNF) 

Selected tagSNPs in 

CREB1 and BDNF 

improved prediction 

accuracy for SSRI 

resistance. 

Non-Responsive 

(SSRI-R): young 

onset and frequent 

episodes. 

Combined clinical 

and genetic 

variables improved 

prediction of SSRI 

response (PM9 

accuracy = 77.2%). 

Response: Young age 

at onset and episode 

frequency were 

associated with poorer 

SSRI response. 

Yang et al. 

2025 [21] 
Deteriorated IQ (DIQ) 

IQ Trajectories + 

MRI 

Widespread structural 

(GMV) and functional 

(ALFF) abnormalities in 

DIQ. 

Poor performance 

on logical memory 

and executive 

function tasks. 

IQ decline is a trait 

marker for MDD 

cognitive 

heterogeneity; AUC 

= 0.8023. 

Severity: DIQ patients 

exhibit significantly 

greater cognitive 

impairment. 

Frässle et 

al. 2020 

[22] 

REM, IMP, and CHR 
Generative 

embedding (fMRI) 

Effective connectivity 

parameter estimates 

derived from DCM. 

REM: fast remission; 

CHR: chronic (no 

improvement over 2 

years). 

Classifier 

discriminates CHR 

from REM with 79% 

balanced accuracy. 

Course: Correctly 

identifies individuals at 

high risk for a chronic 

course. 

Chang et 

al. 2019 

[23] 

Antidepressant 

Response 

Deep Learning 

(ARPNet) 

Integration of BDNF, 

SLC6A4, and MRI 

features. 

Individual degree of 

antidepressant 

response. 

ARPNet provides 

robust individual 

response prediction 

(Task 1 RMSE 3.30). 

Response: predicts 

individual treatment 

response based on 

integrated markers. 

Kessler et 

al. 2016 

[24] 

Persistence/Severity 
Baseline Self-

reports 

Predictors focus on 

prognostic value over 

10-12 years. 

Predictive of MDD 

persistence, 

chronicity, and 

disability over time. 

ML models provide 

prognostic subtypes 

(AUC 0.63-0.76) 

from survey data. 

Course: Predicts high 

persistence (34.6-

38.1%) and chronicity. 

Chen et al. 

2024 [25] 
Cluster A (MCI-like) 

MMSE domains + 

Plasma NfL 

Higher NfL negatively 

correlated with MMSE 

scores. 

Lower orientation, 

memory, and 

calculation MMSE 

scores. 

Subgroup of older 

patients may 

progress to clinical 

dementia. 

Severity: severe 

cognitive impairment 

observed in Cluster A. 
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Hack et al. 

2023 [26] 
Cognitive Dyscontrol 

Behavioral Tests + 

Task fMRI 

Reduced activation in 

right dLPFC and dACC. 

Marked impairment 

in executive 

function and 

concentration. 

Cognitive biotype 

represents a distinct 

subgroup; 

impairment persists 

regardless of 

symptom change.  

Response: Was 

associated with poorer 

treatment outcomes 

(lower remission rates). 

Pfarr et al. 

2023 [27] 
Gyrification-based 

Cortical Gyrification 

(MRI) 

Cluster differences in 

SFG, Middle Frontal 

Gyrus, and Cingulate. 

Cluster 3: poorest 

cognitive 

performance (VF, 

DSST, CBBT). 

Clinical diagnoses 

do not form 

biologically 

homogeneous 

groups in cortical 

folding. 

Etiology: Cluster 3 

shows significant 

association with 

prenatal-risk scores (p 

= 0.026). 

Yeung et 

al. 2021 

[28] 

Structural Natural 

Groupings 

Structural Metrics 

(CT, CV, subCV) 

Two robust clusters 

identified in population 

structural data. 

Significantly 

associated with 

general cognitive 

ability (g-factor). 

Natural groupings 

identified in 

population data are 

NOT associated 

with MDD status. 

Severity: MDD status 

was not significantly 

associated with these 

structural groupings 

(p > 0.05). 

Tokuda et 

al. 2021 

[29] 

Functional View-Based 
rs-FC + Multiple 

Clustering 

Identification of 

transdiagnostic 

psychiatric subgroups. 

Transdiagnostic 

features across HC, 

MDD, BD, and SCZ. 

Distribution pattern 

of cluster labels was 

statistically 

consistent across 

KYO and UTO 

datasets. 

Etiology: Unsupervised 

approach identifies 

transdiagnostic risk 

biotypes. 
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Wade et al. 

2021 [30] 
Symptom Dimensions 

Random Forest + 

Volumetric MRI 

Volumetric importance 

in right transverse 

temporal gyrus and left 

frontal pole. 

Dimensions: 

Somatic (SoD), Core 

Mood/Anhedonia 

(CMA), and 

Insomnia. 

Symptom 

dimension change is 

predicted more 

accurately than 

HDRS-17 total score 

(R2 up to 38-47%).  

Response: Recovery 

along dimensions 

relates to unique 

patterns of volumetric 

change. 

Watters et 

al. 2018 

[31] 

Affective Dysfunction 
Circuitry + Behavior 

+ Self-report 

Hyper-reactivity in 

pregenual ACC (anger) 

and right amygdala 

(sadness). 

Profile of less 

frequent use of 

emotion reappraisal 

strategies. 

Unaffected relatives 

can be grouped into 

risk biotypes based 

on emotion profiles. 

Etiology: Familial risk 

involves disruption to 

neural circuits for 

appraising emotions. 
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