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Abstract

Depression affects approximately 280 million
people worldwide, yet remains substantially
underdiagnosed due to the limitations of
clinical assessment tools. This systematic review
synthesizes 38 studies (2013-2025) on Al-based
depression detection across voice, facial expression,
physiological signals, and social media modalities,
following PRISMA 2020 guidelines. Multimodal
fusion  consistently outperforms unimodal
approaches, with reported F1 gains of 5-15% on
benchmark datasets; however, no reviewed system
has undergone prospective clinical validation, and
reported accuracy figures should be interpreted
as upper bounds on clinical utility. Critical open
challenges include cross-cultural generalizability,
longitudinal monitoring, interpretability, and
ethical governance. This review reframes the field’s
central question from can Al detect depression? to
under what conditions and with what governance
can it be safely deployed?
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1 Introduction

Depression affects approximately 280 million people
worldwide and ranks among the leading contributors
to years lived with disability [3]. The COVID-19
pandemic drove a further 25% increase in prevalence
during 2020 [4], while in China the lifetime prevalence
reaches 6.8% [5, 6]. Despite this burden, depression
remains substantially underdiagnosed. Standard
instruments such as the PHQ-9 and Hamilton
Depression Rating Scale are vulnerable to inter-rater
variability, recall bias, and symptom concealment,
and scale poorly to primary care and low-resource
settings [7, 8].

Al offers an objective, scalable complement to
clinical assessment. Machine learning algorithms
have matched clinician-level accuracy on structured
clinical data [1, 2], while deep learning now
enables end-to-end analysis of speech acoustics,
facial dynamics, EEG signals, and social media
language [9]. Multimodal systems integrating
these streams consistently outperform unimodal
approaches, reflecting depression’s multidimensional
phenomenology [10, 11].  Yet critical obstacles
remain: datasets are small and demographically
narrow; models generalize poorly across recording
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conditions; deep learning architectures lack clinical
interpretability; and privacy, bias, and regulatory
questions remain unresolved.

This systematic review synthesizes Al-based
depression detection across four modalities—voice,
facial expression, physiological signals, and
social media—alongside fusion strategies and
benchmark datasets. Our contributions are fourfold:
a modality- organized taxonomy of detection
methods; a cross-benchmark performance comparison
revealing generalization gaps; a critical analysis of
methodological limitations; and an evidence-based
research agenda for clinically deployable systems.

Search Strategy

Searches were conducted in PubMed, IEEE Xplore, and
Google Scholar using: (depression OR major depressive
disorder OR MDD) AND (artificial intelligence OR
machine learning OR deep learning) AND (detection OR
diagnosis OR classification), supplemented by modality-
specific terms. Eligibility required studies to report
quantitative performance on a defined dataset, focus
on automated depression detection, and be published
as peer-reviewed full-text articles in English (January
2013-March 2025). Of 2,847 records identified, 38 met
inclusion criteria after deduplication and screening.
This review follows PRISMA 2020 guidelines [43].

2 Multimodal Feature Analysis of Intelligent
Depression Detection

Depression manifests across multiple behavioral and
physiological dimensions simultaneously, making
single-modality approaches inherently limited in
capturing its full clinical picture. = Multimodal
systems that integrate complementary data streams
have consistently demonstrated superior diagnostic
performance over unimodal counterparts [9, 18],
motivating the field’s shift toward fusion-based
architectures.

2.1 Voice Feature Analysis

Speech is among the most extensively
studied biomarkers of depression. Prosodic
features—particularly reductions in fundamental
frequency (FO), decreased voice energy, and slowed
speech rate—are consistently reported across
studies [19]. Beyond acoustics, linguistic markers
extracted via NLP have also proven informative:
analysis of online text reveals depression- associated
language patterns including increased use of
first-person singular pronouns, negative affect words,

and reduced social engagement vocabulary [10].
However, both acoustic and linguistic features exhibit
substantial inter-individual variability and sensitivity
to confounds such as age, gender, and recording
conditions, limiting cross-corpus generalizability.

2.2 Facial Expression Analysis

Facial dynamics provide objective, non-invasive
indicators of depressive states. Depressed individuals
characteristically display reduced action wunit
activation, delayed expression transitions, and
prolonged neutral affect [12]. Deep learning
models—particularly spatiotemporal CNNs and
attention-based architectures—have demonstrated
strong performance on clinical interview datasets such
as DAIC-WOZ and AVEC, with F1 scores exceeding
0.80 on binary classification tasks [39]. Nevertheless,
performance degrades substantially in naturalistic
settings due to illumination variability, pose changes,
and the absence of controlled elicitation protocols.

2.3 Physiological Signal Analysis

Physiological signals offer direct windows into the
neurobiological substrates of depression. EEG-based
approaches have identified depression-associated
patterns including alpha asymmetry and reduced
theta coherence, achievable through both traditional
feature engineering and end-to-end deep learning [14].
Wearable-derived digital biomarkers—including heart
rate variability, actigraphy, and galvanic skin
response—enable continuous passive monitoring
in ecological settings, offering advantages over
laboratory-bound measurements [15]. A key
limitation is dataset scarcity: clinically annotated
physiological recordings remain rare due to the cost
and ethical complexity of collection.

2.4 Social Media Behavior Analysis

Social media platforms provide large-scale,
longitudinal behavioral data reflecting real-world
depressive symptomatology. Linguistic, temporal, and
social interaction features extracted from platforms
such as Twitter and Reddit have demonstrated
predictive validity against clinical assessments [11, 17].
Population-level monitoring studies have further
shown that aggregated social media signals can
track depression prevalence trends at the community
level [16, 29].  Critical challenges include the
non-representative nature of social media users,
platform policy constraints on data access, and
the ethical implications of passive mental health
surveillance.
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2.5 Multimodal Feature Fusion

Fusion strategies can be broadly categorized
as feature-level (early), decision-level (late),
or hybrid. Feature-level fusion concatenates
representations before classification, preserving
cross-modal interactions but increasing dimensionality.
Decision-level fusion aggregates modality-specific

predictions, offering robustness to missing
modalities [18]. More recently, attention-based
fusion mechanisms—including cross-modal

transformers—have enabled dynamic weighting
of modality contributions, yielding state-of-the-art
performance on multimodal benchmarks [21]. Despite
these advances, the optimal fusion strategy remains
dataset-dependent, and modality alignment across
heterogeneous data streams poses ongoing technical
challenges.

2.6 Benchmark Datasets

Progress in Al-based depression detection is
tightly coupled to dataset availability. Table 1
summarizes the primary benchmarks used in the field.
DAIC-WOZ [40] and the AVEC challenge series [12]
remain the dominant multimodal benchmarks,
providing synchronized audio- visual-text recordings
with standardized PHQ-8 annotations. However,
most datasets are small (fewer than 300 subjects),
demographically homogeneous, and collected under
laboratory conditions—factors that severely limit the
ecological validity and generalizability of models
trained on them. The emergence of naturalistic
datasets such as D-VLOG [31] and social media
corpora represents a meaningful step toward more
representative evaluation, though annotation quality
and label reliability remain concerns.

As summarized in Table 1, more recently, the
D-VLOG dataset [31] has emerged as a valuable
resource, containing 961 video blogs (approximately
160 hours) from 816 subjects in naturalistic settings,
offering a more ecologically valid alternative to
laboratory-collected data. The Pittsburgh Depression
Dataset [32] includes 49 subjects with 130 audio-visual
samples recorded during clinical interviews, with
expert annotations of depression severity.

For physiological signal analysis, several datasets
are available: MODMA [41] provides 53-channel
EEG recordings from clinically diagnosed patients
and matched controls; DEAP [33] contains EEG and
peripheral physiological signals from 32 participants
during emotion elicitation experiments; although
originally designed for general emotion recognition,
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its physiological signal modalities have been adopted
in depression-related affective computing research
as a reference benchmark; and SEED [34] offers
EEG data collected for emotion recognition research,
investigating critical frequency bands and channels
through deep neural networks; its methodology has
been referenced in depression-related EEG studies for
signal processing approaches.

Text-based depression research is supported by
datasets such as the eRisk CLEF collection [35],
which contains early risk detection data from social
media platforms; the Reddit Depression Corpus [42],
which includes user posts from depression-related
subreddits; and various Twitter depression datasets
[36] that enable large-scale analysis of linguistic
patterns.

Recent studies have further enriched the pool of
depression-relevant resources. Wang et al. [37]
proposed a three-dimensional convolutional
network with attention mechanism for depression
speech recognition, demonstrating that acoustic
features extracted from multi-channel speech
signals can effectively capture depressive symptom
severity. IEMOCAP [38] provides multimodal
recordings of dyadic interactions with valence and
arousal annotations; its audio-visual emotional
features have been utilized in transfer learning
approaches for depression detection, given the
overlap between sadness-related affective states and
depressive presentations. He et al. [39] proposed a
CNN-based framework with attention mechanism
for automatic depression recognition from facial
videos, demonstrating that spatiotemporal attention
effectively captures subtle facial dynamics associated
with depressive states.

These diverse datasets collectively address different
aspects of depression manifestation while presenting
unique challenges in data quality, annotation
consistency, and ethical considerations. Researchers
must carefully select appropriate datasets based on
their specific research questions and methodological
approaches.

3 Algorithm  Research
Depression Detection

on Intelligent

Algorithmic approaches to depression detection
have evolved from interpretable statistical models
to end-to-end deep learning architectures, with
each generation offering improved representational
capacity at the cost of increased data requirements
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Table 1. Commonly used depression prediction datasets.

Dataset Name Data Type Key Features

DAIC-WOZ Audio/Video/Text 189 participants in clinical interviews with PHQ-8
depression scores

AVEC Challenge Multimodal Annual competition datasets with synchronized
audio-visual recordings for affective computing research

D-VLOG Video/Audio 961 vlogs (160+ hours) from 816 subjects in naturalistic
settings

Pittsburgh Depression Audio/Video 49 subjects with 130 samples from clinical interviews

MODMA EEG signals 53-channel EEG recordings from clinically diagnosed
patients and matched controls

DEAP EEG/Physiological EEG and peripheral physiological signals from 32
participants during emotion elicitation; adopted as
benchmark in affective computing research including
depression studies

SEED EEG EEG data for emotion recognition research; methodology
referenced in depression-related EEG signal processing
studies

eRisk CLEF Text Early risk detection data from social media platforms

Reddit Depression Corpus ~ Text User posts from depression-related subreddits with

Depression Twitter Social media text

IEMOCAP

Audio/Video/Motion

temporal information

Large-scale collection of tweets with depression indicators
Interactive Emotional Dyadic Motion Capture Database
with valence/arousal annotations; audio-visual features

utilized in transfer learning for depression detection

and reduced transparency [20]. This section traces
this trajectory and critically evaluates the trade-offs
involved.

3.1 Traditional Machine Learning Methods

Classical ML methods—including SVMs, ANNS,
random forests, and logistic regression—dominated
early depression detection research and retain practical
relevance in low-resource clinical settings due to their
interpretability and modest data requirements.
SVMs with radial basis kernels have shown
consistent efficacy on high-dimensional EEG features,
achieving competitive accuracy through systematic
hyperparameter optimization [1]. = ANN-based
approaches have demonstrated utility in community
screening contexts where clinical infrastructure is
limited [28]. A systematic meta-analysis further
confirmed that ML algorithms can meaningfully
predict treatment outcomes in depression, supporting
their role in clinical decision support [27]. The
primary limitation of classical methods is their
reliance on hand-crafted features, which constrains
their ability to capture the temporal and contextual
complexity of depression-related signals.

3.2 Deep Learning Methods

Deep learning has substantially advanced depression
detection by enabling automatic feature extraction
from raw, unstructured data. NLP models applied to

social media text have revealed depression-associated
linguistic markers—including elevated wuse of
negative affect words and reduced future-oriented
language—that are imperceptible to rule-based
systems [10]. Longitudinal social media analysis has
further demonstrated that language shifts precede
clinical symptom onset, suggesting potential for early
intervention [13].

Multimodal deep learning architectures that jointly
process audio, visual, and physiological streams have
consistently outperformed unimodal baselines, with
reported gains of 5-15% in F1 score on DAIC-WOZ and
AVEC benchmarks [18]. Attention mechanisms have
been particularly impactful: cross-modal attention
enables dynamic weighting of modality contributions,
while self-attention captures long-range temporal
dependencies within single modalities. Critically,
attention weight visualization provides a degree of
post-hoc interpretability, allowing clinicians to identify
which facial regions or speech segments drive model
predictions [21]—a property essential for clinical trust
and regulatory acceptance.

3.3 Algorithm Optimization

Translating high-performing models into clinical
tools requires optimization beyond accuracy. For
EEG-based systems, temporal convolutional networks
and recurrent architectures have proven effective
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at capturing depression-related spectral dynamics,
while lightweight model compression techniques
enable deployment on resource-constrained
wearable devices [22]. Regularization strategies
including dropout, batch normalization, and domain
adversarial training have improved cross-dataset
generalization—a persistent bottleneck where
models trained on one benchmark typically show
10-20% performance degradation when evaluated
on another [23]. Data augmentation and transfer
learning from large-scale affective computing corpora
represent promising but underexplored directions
for addressing the chronic data scarcity in clinical
depression research.  Table 2 summarizes the
performance of representative methods reviewed,
illustrating both the progress achieved and the
cross-dataset comparability limitations discussed
above.

4 Existing Problems and Challenges

Despite significant advancements in Al-based
depression detection, several critical challenges remain
across multiple domains including data management,
technological development, clinical integration,
and ethical considerations [20, 25]. Addressing
these challenges is essential for translating research
innovations into practical clinical applications that can
meaningfully impact mental healthcare delivery.

4.1 Data Quality and Standardization Issues

High-quality, standardized data represents the
cornerstone of effective intelligent detection systems.
Several fundamental challenges in medical data
acquisition and utilization directly impact model
performance and clinical validity [25]. These include
inconsistent data collection protocols, variable
annotation standards, and limited representation of
diverse patient populations.

To overcome these limitations, researchers advocate
for establishing unified acquisition standards and
rigorous quality control processes. This approach
necessitates the formation of specialized annotation
teams working with comprehensive guidelines and
protocols.  Implementing multi-rater annotation
procedures with formal consistency assessments
significantly enhances the reliability of training
data, which directly translates to improved model
performance in clinical applications.
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4.2 Technical Reliability and Robustness

The reliability and robustness of depression detection
technologies remain significant concerns for
real-world deployment. In their comprehensive
review, Shatte et al. [20] highlighted three primary
technical challenges: limited model generalization
across diverse populations and clinical contexts,
heightened sensitivity to data noise and environmental
interference, and insufficient stability in multimodal
feature fusion frameworks. These limitations can lead
to inconsistent performance in naturalistic settings,
potentially undermining clinical trust and adoption.

4.3 Clinical Practice and Application Issues

Bridging the gap between technological innovation
and clinical implementation presents multifaceted
challenges. Kellogg and Sadeh-Sharvit [30]
emphasized that successful clinical integration
depends on addressing model interpretability,
seamless workflow integration, and real-time
performance capabilities. Clinicians require systems
that not only provide accurate assessments but
also offer transparent reasoning that aligns with
established clinical frameworks.  Well-designed
Al-assisted diagnosis systems have demonstrated
potential to enhance diagnostic efficiency and accuracy
while providing reliable decision support, but their
implementation requires careful attention to clinical
workflows and practitioner needs.

4.4 Ethical Privacy and Security Issues

The deployment of intelligent detection systems raises
significant ethical considerations regarding patient
privacy and data security. Larson et al. [24] proposed
a comprehensive framework for protecting patient
privacy in medical data utilization, emphasizing that
technological innovation must proceed in parallel
with robust ethical safeguards. This framework
highlights the importance of informed consent, data
minimization principles, and transparent algorithmic
processes.  Establishing sound ethical codes and
privacy protection mechanisms not only safeguards
patient rights but also significantly influences social
acceptance and long-term technological adoption.

4.5 Cost-Benefit and

Considerations

Implementation

The widespread adoption of intelligent detection
technologies necessitates careful evaluation of
economic factors and implementation requirements.
Huckvale et al. [26] advocated for comprehensive
assessment frameworks that consider system
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Table 2. Performance comparison of representative Al-based depression detection methods.

Study Modality Method Dataset Metric Performance
Yang et al. [1] EEG SVM-RBF PRED+CT  Accuracy 96.7%
Sau & Bhakta [28] Clinical ANN Custom Accuracy  97.2%
Caietal. [14] EEG KNN Custom Accuracy 79.3%
De Choudhury etal. [11] Social media SVM Twitter F1 70%
Tadesse et al. [17] Text LIWC+LDA+Bigram Reddit Accuracy 91.0%
Ringeval et al. [12] Audio/Video Multimodal AVEC 2019 F1 52%
He et al. [39] Video CNN+Attention DAIC-WOZ F1 78%
Yang et al. [18] Multimodal  Decision Fusion DAIC-WOZ F1 86%*
*Development set result; test set performance not separately reported.
development and maintenance costs, infrastructure 5.3 The Validation Gap
requirements, training needs, and measurable clinical Every  high-performing system  reviewed
outcomes.  Successful implementation strategies was evaluated retrospectively on  controlled
must balance technological capabilities with resource penchmarks. No study identified completed

constraints, particularly in diverse healthcare settings.
This requires establishing unified data standards,
developing robust and interpretable algorithms,
conducting rigorous clinical validation studies,
implementing appropriate ethical safeguards, and
creating evidence-based evaluation systems to
demonstrate clinical and economic value [20, 25].

5 Discussion

5.1 Modality-Dataset Interaction

Multimodal fusion consistently outperforms unimodal
baselines, yet individual modality contributions
vary substantially across datasets. Speech models
dominate on structured interview corpora such as
DAIC-WOZ but degrade under naturalistic recording
conditions [19]; facial models show the inverse
pattern, with robustness to acoustic variability but
sensitivity to demographic confounds [12]. This
interaction suggests that benchmark rankings reflect
dataset-specific biases as much as genuine algorithmic
superiority, and that performance figures should not
be assumed transferable across clinical contexts.

5.2 Performance versus Interpretability

Deep learning achieves the highest benchmark scores
but produces explanations that are not clinically
grounded—attention weights do not map onto DSM-5
criteria or established symptom dimensions [30].
Classical ML offers transparency but cannot capture
temporal complexity. This trade-off cannot be fully
resolved technically; deployment decisions must
therefore be context-driven, with interpretable models
preferred for individual diagnosis and deep learning
reserved for population screening.

prospective clinical validation, leaving unknown
the failure modes—distributional shift, workflow
friction, edge-case behavior—that emerge in real
deployment [20]. Reported metrics should be
interpreted as upper bounds on, not estimates of,
clinical utility.

5.4 Advances Since Prior Reviews

Relative to Shatte et al. [20], three advances are
evident: attention-based multimodal fusion has
emerged as the dominant paradigm; naturalistic
datasets have challenged laboratory-derived findings;
and the field’s central question has shifted from can Al
detect depression? to under what conditions and with what
governance can it be safely deployed?

6 Future Development Trends

The preceding analysis reveals several structural gaps
that define the field’s near-term research agenda.
Rather than enumerating general directions, this
section identifies four specific open questions whose
resolution is prerequisite for clinical deployment.

6.1 Cross-Cultural and

Generalizability

Demographic

The vast majority of reviewed datasets originate
from North American and East Asian populations
under controlled laboratory conditions. Whether
depression-associated acoustic, facial, and linguistic
markers are culturally universal or context-dependent
remains empirically unresolved. = Future work
should prioritize multi-site, cross-cultural data
collection protocols and evaluate model performance
explicitly across age, gender, ethnicity, and language
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subgroups. Domain adaptation and federated learning
frameworks offer technically feasible pathways to
cross-institutional generalization without requiring
centralized data sharing [25].

6.2 Longitudinal and Ecological Validity

Existing systems are almost exclusively trained and
evaluated on single-session, laboratory-collected
data, which poorly approximates the episodic
and fluctuating course of clinical depression.
Passive sensing paradigms—integrating smartphone
behavioral data, wearable physiological monitoring,
and ambient acoustic capture—enable continuous,
ecologically valid assessment at low burden to
patients [15]. The critical research challenge is
developing models that detect clinically meaningful
symptom trajectories rather than cross-sectional
severity scores, requiring longitudinal datasets and
time-series modeling architectures that remain largely
absent from current literature.

6.3 Interpretability and Clinical Integration

Regulatory approval and clinician adoption of
Al diagnostic tools require that model outputs
be explainable in clinically meaningful terms.
Current attention-based interpretability approaches
provide post-hoc feature attribution but do not yet
map onto established clinical constructs such as
DSM-5 diagnostic criteria or treatment response
predictors [30]. Future systems should embed clinical
knowledge through theory-informed architectures,
symptom-level supervision signals, and structured
output formats aligned with existing clinical
workflows [20].  Prospective clinical validation
studies—moving beyond retrospective benchmark
evaluation—are essential to establish real-world
utility.

6.4 Ethical Governance and Privacy-Preserving
Deployment

The deployment of depression detection systems raises
acute ethical concerns that technical solutions alone
cannot resolve.  Passive behavioral monitoring
risks perpetuating algorithmic bias against
underrepresented populations; training data reflecting
historical diagnostic disparities will reproduce rather
than correct those disparities [25]. Privacy-preserving
techniques including federated learning, differential
privacy, and on-device inference provide partial
technical mitigations, but must be accompanied by
regulatory frameworks specifying data governance,
consent procedures, and audit requirements.
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Multidisciplinary collaboration among Al researchers,
clinicians, ethicists, and policymakers is essential to
develop governance structures commensurate with
the sensitivity of mental health data [24].

7 Conclusion

This review has systematically examined Al-based
depression detection across voice, facial expression,
physiological signal, and social media modalities.
Three conclusions emerge from this synthesis.

Multimodal fusion consistently outperforms unimodal
approaches, yet current architectures remain brittle
to missing modalities and cross-dataset distribution
shift. Models achieving high accuracy on controlled
benchmarks such as DAIC-WOZ have not been
validated in prospective clinical settings, and the
absence of standardized evaluation protocols renders
cross-study comparison largely uninformative. Ethical
and regulatory dimensions—including algorithmic
bias, privacy governance, and equitable access—have
received disproportionately little attention relative to
their centrality for real-world deployment.

Closing these gaps requires richer ecological
datasets, architectures that balance accuracy with
interpretability, and governance frameworks that earn
clinician and patient trust. These remain the field’s
most consequential open challenges.
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