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From data integration to clinical translation: a review of machine learning applications in

depression diagnosis
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[Abstract] Depression is characterized by an insidious onset and marked symptom heterogeneity. Current diagnostic practice still
mainly relies predominantly on clinical interviews and rating scales, which are constrained by substantial subjectivity, limited capacity
for early identification, and insufficient performance in subtype differentiation and prognostic evaluation. With the growing availability
of objective data, including neuroimaging, electroencephalography, speech and digital behavioral features, clinical scales, and multi-
omics profiles, machine learning has opened new avenues for the objective identification of depression. Focusing on this central issue,
the present review summarizes recent advances in the application of machine learning to neuroimaging and other unimodal objective
data, further discusses the integrative value of multimodal data in the diagnosis, subtyping, disease-course assessment, and treatment-
response prediction of depression, and provides a systematic overview of common fusion strategies, model interpretability, and issues
related to clinical translation.
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Table 1

R EBAE B AR ZS R KB R B AEHL 2R 5 S0 T o Y N A

Overview of multimodal data types for depression and their application in machine learning diagnosis

Data modality

Key information reflected

Typical machine

learning tasks

Main advantages and limitations

Representative

literature

Neuroimaging

EEG & electro-
physiological

signals

Speech & digi-
tal behavioral

data

Clinical or psy-
chometric
Scales & broad

clinical data

Multi - omics &
fluid biomark-

ers

Gray matter volume, cortical
thickness, white matter hyper-
intensity burden; fractio - nal
anisotropy, mean diffusivity,
white matter tractography,

and network efficiency

Temporal dynamics of brain
activity, oscillatory rhythms,

and neural synchronization

Paralinguistic acoustic fea-
tures; ecological behaviors
such as physical activity lev-

els and sleep rhythms

Symptom dimensions, course
characteristics, comorbidity

profiles, and treatment history.

Genetic susceptibility, tran-
scriptional and metabolic sta-
tes; inflammatory and endo-

crine levels

Classification: diagnosist(MDD
vs. HC or others) & geriatric
differential diagnosis;
Precision medicine: subtyping
& treatment response predic-
tion

Assessment: automated scree-
ning & severity grading;
Prediction: forecasting outco -

mes of drugs or stimulation

Detection: objective recogni-
tion of depressive states;

Monitoring: continuous track-
ing of symptom fluctuation &

relapse prediction

Risk stratification: predicting
onset and relapse;

Trajectory modeling: identify-
ing treatment-resistant or high-
risk subgroups

Profiling: biological risk iden-
tification & subtyping;
Biotyping: linking molecular
signatures to clinical pheno-

types

Pros: high spatial resolution; maps
network topology; potential for objec-
tive biomarkers;

Cons: high cost; significant batch ef-
fects; overfitting risk in small sam-

ples

Pros: high temporal resolution; cost-
effective; portable; ideal for longitu-
dinal monitoring;

Cons: low spatial resolution; sensi-

tive to artifacts; lacks standardization

Pros: non - invasive; high ecological
validity; enables passive, continuous
sensing;

Cons: Environmental confounders;
privacy risks; ground - truth labeling
difficulties

Pros: low cost; scalable to multi-cen-
ter cohorts; broad clinical coverage;
Cons: shjective reporting bias; total
scores mask symptom heterogeneity;

label noise

Pros: mechanistic insight; facilitates
novel target discovery;

Cons: high cost; high dimensionality;
reproducibility challenges; requires

large samples & rigorous QC

5,9-12, 14,
26-27

15-19, 28,

31,37

20-21

2,3,8,23-25

22-24
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