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Abstract

Depression has become an important target of machine learning research because conventional assessment
often depends on intensive clinician-patient interaction and may be influenced by subjectivity. This narrative
review examines recent studies on depression assessment from three major perspectives: physiological signals,
behavioral signals, and multimodal fusion. After outlining the conceptual background of depression detection
and prediction—including common datasets, methodological workflows, and evaluation issues—it compares
representative studies using electroencephalography, heart-rate-related signals, speech, facial behavior, text,
and combined modalities, highlighting how different data modalities capture complementary aspects of
depressive states. Across these domains, both traditional machine learning and deep learning methods have
shown promising performance, with reported within-dataset accuracies often exceeding 90% and AUCs above
0.9 in some EEG and ECG studies. However, performance frequently drops sharply in cross-site or multi-
cohort settings—falling to around 52% balanced accuracy after harmonization in one large multi-site MRI
benchmark—and major challenges remain in sample size, label quality, external validation, interpretability,
fairness, and clinical deployment. Multimodal strategies appear especially promising, though they also
introduce greater complexity in data collection and integration. Overall, future progress will depend not only
on improving predictive accuracy but also on building reliable, explainable, and clinically usable systems for
real-world mental health care.
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1. Introduction

Depression is one of the most important mental health challenges worldwide and continues to impose a
substantial disease burden across populations [1]. Because of its impact on functioning, quality of life, and
long-term well-being, early identification of depression remains a major clinical and public health priority [1].
In practice, however, conventional assessment still relies largely on clinical interviews and self-report rating
scales. Although these tools are essential in psychiatric settings, they may be limited by subjectivity, time cost,
and unequal access to mental health professionals [2]. These limitations have spurred growing interest in
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machine learning as a means to support more objective, scalable, and data-driven approaches to depression
assessment [2,3].

Recent studies have applied machine learning to a wide range of data modalities related to depression.
These include physiological signals such as electroencephalography and electrocardiography, as well as
behavioral signals derived from speech, facial expressions, body movements, and text [3,4]. This growing
literature suggests that depression is not only reflected in clinical symptoms, but is also associated with
measurable biological and behavioral patterns that can potentially be captured computationally [2,3]. At the
same time, machine learning studies in this field address different goals. Some focus on detection, namely
identifying whether an individual currently shows depression-related characteristics, whereas others aim at
prediction, such as estimating future risk, symptom trajectory, or treatment response [3,5]. However, the field
is still dominated by detection-oriented classification studies, while prediction research remains less mature
and often requires longitudinal data and stronger validation [3,5].

Methodologically, this body of research draws on both traditional machine learning algorithms—such as
logistic regression, support vector machines, random forests, and gradient boosting—and deep learning
approaches that learn representations directly from raw signals, images, audio, or text [2,3,10]. Performance
is typically reported using accuracy, precision, recall, F1 score, and area under the curve. Still, these numbers
must be interpreted cautiously, given the small, imbalanced, and site-specific nature of many depression
datasets [3,8,10]. Notably, although many studies are labeled as “prediction,” they often in fact perform cross-
sectional detection, while genuinely prospective work using longitudinal data to identify depression risk before
clinical manifestation remains rare [3,11].

A related but often under-discussed issue concerns where the “depression” labels used to train these models
actually come from. Across studies, depression has been operationalized in highly heterogeneous ways—
formal DSM-5 diagnosis, structured clinical interviews, self-report scales such as the PHQ-9 or BDI, hospital
records, or even self-identification on social media—and these sources differ substantially in reliability. A high
PHQ-9 score, for example, is not equivalent to a clinician-confirmed diagnosis of major depressive disorder,
yet both are often used interchangeably as ground truth in the literature. This matters because no matter how
sophisticated a model is, its outputs can only be as reliable as the labels it is trained on. The ambiguity in what
counts as “depression” across datasets fundamentally limits how confidently reported performance can be
compared or generalized [3,8].

Another notable trend is the growing use of deep learning and multimodal fusion. Reviews of recent studies
indicate that integrating multiple sources of information may improve robustness and better reflect the
complexity of depression than relying on a single modality alone [2,3]. In addition, systematic reviews on
speech-based and text-based approaches show that behavioral data can provide useful and relatively scalable
signals for depression-related assessment [6,7]. Nevertheless, promising results in research settings do not
automatically translate into clinical usefulness. Persistent issues such as small sample sizes, dataset bias,
limited external validation, insufficient interpretability, and uncertainty in real-world deployment continue to
restrict progress toward clinical application [5,8].

Against this background, this paper presents a narrative review of recent machine learning research on
depression. It first introduces the basic conceptual background of depression detection and prediction, then
reviews the literature in three areas: physiological-signal-based studies, behavioral-signal-based studies, and
multimodal fusion. Finally, it discusses the key methodological and clinical challenges that currently shape
future research in this field [3,5,8].

2. Literature Review

This section reviews recent machine learning studies on depression assessment from three main
perspectives [3,9]. First, it examines physiological-signal-based approaches, including EEG, ECG, MRI, and
fNIRS, which aim to capture biological correlates of depression. Second, it discusses behavioral-signal-based
studies, such as those using speech, facial expression, body movement, and text, which are generally more
accessible and scalable for large-scale screening. Third, it reviews multimodal fusion approaches that combine
multiple information sources to improve robustness and better reflect the complexity of depressive symptoms
[33]. Across these three strands, the review compares common modeling strategies, reported performance, and
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the major methodological challenges that continue to limit clinical translation [3,9,33]. Although some studies
address prediction and longitudinal outcomes, most of the existing literature still focuses primarily on detection
and assessment in cross-sectional settings [3,5].

2.1 Physiological-Signal-Based Approaches to Depression Assessment

Physiological signals have become an important data source in machine-learning research on depression
because they provide relatively direct information about neural and autonomic processes associated with
affective dysfunction [13]. Among these modalities, electroencephalography (EEG) has received particular
attention due to its low cost, portability, and high temporal resolution [13]. Recent EEG studies also show a
clear methodological shift from handcrafted features toward deep neural architectures trained on raw signals
or transformed time—frequency representations [14].

Recent EEG studies illustrate both methodological evolution and a recurring problem of generalization.
Algorithmically, the field has shifted from signal-processing pipelines toward biologically motivated
architectures and richer input designs: Bagherzadeh et al. paired the synchrosqueezed wavelet transform with
transfer learning to obtain very high within-dataset accuracy, though their cross-database performance dropped
considerably [15]; Shen et al.'s HEMAsNet instead embeds inter-hemispheric asymmetry directly into the
network architecture [14]; and Noda et al. expanded the input space by combining resting-state EEG with
TMS-evoked EEG, reaching a mean AUC of 0.922 when multiple feature sets were integrated [13].
Acquisition has likewise diversified: Suzuki et al. showed that even consumer-grade EEG could support
depression detection (Macro-F1 91.59%), suggesting feasibility outside specialized labs [16]. Together, these
advances illustrate that EEG research has become both methodologically diverse and more portable—but
Bagherzadeh's cross-database drop foreshadows a broader concern that within-dataset performance does not
necessarily translate to robust generalization.

Compared with EEG, electrocardiography (ECG) has been studied less frequently in depression research.
Still, it remains clinically attractive because autonomic dysregulation is closely related to depressive states,
and ECG acquisition is relatively simple [17]. Habib et al. proposed MDDBranchNet, a deep learning model
for detecting major depressive disorder from ECG signals, achieving an accuracy of up to 95.4% [17]. This
suggests that cardiac signals serve as useful complementary biomarkers, especially in wearable or low-burden
monitoring scenarios [17]. However, the current ECG literature is still much smaller than the EEG literature,
which means its clinical value remains less well established at present [17].

Neuroimaging-based approaches, especially those using MRI, aim to capture distributed brain-network
abnormalities associated with depression [18]. Li et al. conducted a two-center radiomic study based on
multisequence MRI features and reported AUC values ranging from 0.794 to 0.866 across models [18].
Pilmeyer et al. extended this line of work by integrating T1-weighted MRI, resting-state fMRI, and diffusion
tensor imaging, and their multimodal ensemble achieved AUCs of 0.746 for diagnosis and 0.932 for six-month
outcome prediction [19]. However, performance drops sharply when models are tested on larger, more
heterogeneous samples. In a large multi-site benchmark study including 5,365 participants, Belov et al.
reported balanced accuracy of only about 62%, which further declined to about 52% after ComBat
harmonization [20]. This pattern reflects well-documented sources of multi-site MRI variability—differences
in scanner vendors, magnetic field strength, acquisition sequences (such as TR, TE, and voxel size), and
preprocessing pipelines across centers. That further drop suggests that some of the apparent “signal” within-
site analyses may have reflected site-specific confounds rather than depression-related neurobiology, and that
aggressive harmonization may strip away biologically meaningful variance along with the noise [20]. These
results indicate that MRI-based machine-learning models may detect biologically meaningful patterns, but
cross-site generalizability remains a major challenge [20].

Functional near-infrared spectroscopy (fNIRS) has drawn growing interest as a more portable, lower-cost
alternative to MRI for capturing cortical hemodynamic responses [21]. Early fNIRS-based depression work
focused on extracting handcrafted biomarkers from cortical signals—Li et al. showed the feasibility of this
approach [21], and Mao et al. extended it to a verbal-fluency task [23]—while more recent work designs deep
models around known neurobiology: Lee et al., for example, built a channel-embedding layer that encodes
inter-hemispheric asymmetry in prefrontal responses [22]. A separate line of work has begun to look beyond
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diagnosis: Ho et al. used baseline fNIRS with clinical variables to predict six-month treatment response, an
early example of fNIRS applied to longitudinal clinical outcomes rather than cross-sectional classification [24].

Overall, recent studies of physiological signals show that deep learning has become increasingly dominant
across EEG, ECG, MRI, and fNIRS research [14]. At the same time, the strongest reported results still tend to
come from relatively small or internally validated datasets [15]. By contrast, large multi-site evidence shows
that robust generalization remains difficult to achieve [20]. For this reason, the future clinical value of
physiological-signal-based models will depend not only on higher accuracy but also on standardized
preprocessing, external validation, and improved interpretability [20].

2.2 Behavioral Signals for Depression Assessment

Behavioral-signal research examines whether depression-related information can be inferred from how
people speak, write, and behave in observable settings. Compared with physiological modalities, behavioral
data are often easier to collect using microphones, cameras, smartphones, and online platforms, making them
attractive for scalable assessment outside highly specialized clinical environments [6,29].

Speech has received sustained attention among behavioral modalities. A recent meta-analysis (Maran et al.)
found that speech-based methods are promising but vary substantially across studies in recording protocols,
feature sets, and modeling pipelines [6]. Two directions extend this work: broadening the population—Wei et
al. showed that acoustic-based machine learning supports detection in Chinese university students, a younger
and non-Western sample [25]—and broadening what speech is taken to measure, with Wiseman et al. reporting
that objective speech measures capture not only depressive symptoms but also associated cognitive difficulties,
suggesting speech may reflect clinically meaningful variation rather than a binary distinction [26]. Speech is,
therefore, a practical, low-burden signal source, although performance depends on language, speaking task,
and recording quality [6].

Visual and other nonverbal behavioral cues form another important branch of the literature. Ozturk et al.
showed that digitally assessed nonverbal behaviors could forecast the first onset of depression, which is
especially notable because it moves beyond simple cross-sectional recognition [27]. In facial analysis research,
Liu et al. proposed a stimulus-response pattern framework for robust cross-stimulus facial depression
recognition, directly addressing the fact that facial markers may shift across elicitation contexts [28]. Together,
these studies suggest that facial expressions, head movements, posture, and related nonverbal signals contain
useful information. Still, they are highly context-sensitive and can be influenced by camera conditions, task
design, and individual expressive style [27,28].

Text-based approaches form another major direction, especially using social media or open-ended self-
report data. Recent work has extended the basic paradigm of binary classification on social media in several
directions. Kerasiotis et al. enriched the input side by combining transformer models with auxiliary metadata
and linguistic markers, substantially improving weighted F1 over a transformer-only baseline for depression
detection [29]. Qasim et al. enriched the output side, targeting depression severity rather than binary presence
and indicating that NLP work is moving toward fine-grained assessment [30]. Chung et al. shifted the data
source itself, applying BERT and BERTopic to open-ended mobile-app messages from older adults and
extending text-based analysis from anonymous online posts into a more clinically oriented, age-specific
context [32].

At the same time, behavioral text models raise important concerns about fairness and transferability. Rai et
al. demonstrated that key language markers of depression on social media depended on race. Language-based
models were considerably more predictive for White participants than for Black participants [31]. This finding
is important for the wider behavioral-signal literature because it warns against assuming that a model trained
on one population or platform will generalize cleanly to another. Overall, behavioral approaches offer clear
advantages in cost, accessibility, and repeated measurement, but their future clinical value will depend on
stronger external validation, better bias analysis, and more interpretable modeling strategies [6,31].

2.3 Multimodal Fusion Approaches

Multimodal fusion has become one of the most active directions in machine-learning-based depression
assessment, since depressive symptoms are often expressed across several channels simultaneously: language,
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speech prosody, facial behavior, and sometimes physiological signals. A recent meta-analysis confirmed that
multimodal approaches generally outperform unimodal systems for screening, though with substantial
heterogeneity across datasets, labels, and evaluation protocols [33].

Recent work has focused on combining text, audio, and video collected from clinical interviews or
structured assessments. The target task itself has broadened: Zhang et al. integrated text, audio, and video for
binary detection, showing that complementary cues from different modalities can be combined within a single
pipeline [34], while Sadeghi et al. extended this approach to severity estimation, suggesting that different
modalities may contribute differently depending on the target task [35].

A second methodological trend is the shift from simple feature concatenation to more structured fusion
strategies. For example, Chen et al.'s IIFDD framework separates intra-modal fusion (within each modality)
from inter-modal fusion (across modalities) using attention-based mechanisms, reflecting the principle that
each modality must be adequately represented before cross-modal interaction begins [36]. Yang et al. pursue
a related goal through representation learning and knowledge transfer, arguing that better latent alignment
across heterogeneous modalities improves diagnostic robustness [37].

More recent work draws on pretrained foundation models and increasingly knowledge-informed designs.
Xu et al. built a voice—text fusion system on Wav2Vec 2.0 and BERT, outperforming unimodal baselines on
both classification and severity estimation [38]. Yang et al. go further with a hierarchical prompt-fusion model
that combines psychological knowledge with text, audio, and visual data, moving multimodal fusion beyond
purely technical integration toward knowledge-informed modeling [39].

An additional clinical limitation of multimodal fusion is the absence of modalities at the time of use. Most
current models implicitly assume that all input channels are available for every patient, but this assumption is
difficult to sustain in real settings. A patient may refuse video recording, audio may be degraded by background
noise, or a particular sensor may be unavailable. Missingness may also be clinically meaningful rather than
random, since patients who avoid certain forms of data collection may differ in important ways from those
who do not. However, this issue has received limited attention in depression-focused multimodal research.
Although the broader multimodal-learning literature has explored approaches such as modality-dropout
training and adaptive fusion, these strategies are still rarely discussed in studies of depression assessment.

Despite these advances, the clinical value of multimodal fusion remains unestablished. Weber et al. showed
that depression diagnosis from patient interviews using multimodal machine learning is feasible in naturalistic
psychiatric settings, but also highlight a central limitation: current models often rely on highly specific
interview formats, small samples, and institution-bound data distributions [40]. Multimodal fusion remains
promising because it better matches the multifaceted nature of depression than single-modality modeling, but
larger real-world datasets, external validation, interpretability, and clinically realistic collection protocols are
still needed before such systems can be deployed as dependable screening tools [33,40].

3. Discussion

Recent studies suggest that physiological, behavioral, and multimodal approaches should not be treated as
mutually exclusive options, but rather as different points on a continuum of trade-offs [17,33]. Physiological
signals are often closer to the neurobiological correlates of depression, while behavioral signals are cheaper,
less invasive, and easier to collect at scale [13,29]. Multimodal fusion is attractive because it may combine
biological specificity with ecological validity [33,35]. From this perspective, the most important question is
no longer which single modality is “best,” but which kinds of models can remain reliable across heterogeneous
datasets, devices, and clinical environments [20,40].

A second synthesis point concerns the interpretation of model performance. In this field, high accuracy on
a curated dataset does not automatically imply clinical usefulness [20,40]. Recent work on explainable machine
learning for depression detection shows that interpretability is becoming a major concern, but it is still an
emerging rather than a mature solution [12,41]. In practice, explainability is valuable only if it helps clinicians
understand whether a model is using psychologically and medically plausible signals, whether its errors are
systematic, and whether its outputs can support individual-level judgment instead of functioning as a black
box [12,41].
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A related translational concern is that many of the most technically impressive models rely on data
modalities such as EEG, fNIRS, or MRI that are still far from routine use in ordinary depression assessment
workflows. In everyday clinical practice, depression assessment continues to depend largely on symptom-
based evaluation, clinical interviews, and validated questionnaires rather than physiological or neuroimaging
markers. In many cases, the entire diagnostic encounter consists of a brief clinical interview and a self-report
scale. One of them is the PHQ-9—a process that bears little resemblance to the multimodal data pipelines
proposed in the literature. This means that even when models achieve strong performance on research datasets,
their relevance to real clinical decision-making may remain limited. From this perspective, the central
challenge is not simply to report higher AUCs or F1 scores, but to explain why these methods have not yet
reshaped routine mental health care and what kinds of evidence would be required for them to do so.

Another key issue is the instability introduced by heterogeneous labels and data-collection protocols.
Across the literature, depression may be operationalized through formal diagnosis, scale-based thresholds,
psychiatric samples, or self-reported symptoms, and these targets are not fully equivalent [3,8]. At the same
time, differences in sensors, preprocessing pipelines, feature engineering, and recording conditions make direct
comparison across studies difficult [3,8,20]. This helps explain why strong results in one dataset often do not
transfer smoothly to another, especially when models are moved from research settings to broader clinical
populations [20].

Fairness becomes even more important once models move closer to implementation. A recent study across
four populations showed that standard machine-learning models for depression prediction can exhibit bias, and
that debiasing methods can reduce these inequalities but not eliminate them [42]. This is especially important
in mental health, where training data may already reflect unequal access to care, diagnostic bias, and
differences in help-seeking behavior [42]. As a result, a model that appears accurate overall may still perform
inadequately for specific demographic or social groups unless fairness is evaluated explicitly [42].

Clinical translation also depends on whether patients and professionals are willing to use Al-assisted
systems in practice. Survey evidence indicates that patients often recognize potential benefits of Al in mental
health care, but concerns about privacy, confidentiality, bias, and loss of human connection balance this interest
[43]. Likewise, health professionals have expressed cautious optimism toward passive sensing, Al, and
machine learning, while also raising ethical, practical, and therapeutic concerns [44]. These findings suggest
that adoption will require more than technical accuracy; it will also depend on transparency, human oversight,
and careful integration into clinical workflows [43,44].

This point is particularly relevant for digital phenotyping, which is often presented as a promising approach
to continuous, ecologically valid depression assessment. Recent reviews indeed emphasize the broad clinical
potential of digital phenotyping, but they also stress that meaningful impact depends on standardized sensor-
based data collection, interoperable protocols, and stronger evidence from real-world deployment [45,46]. In
other words, the field is moving from proof-of-concept research toward implementation science [45,46]. Future
work should therefore focus not only on improving algorithms, but also on multicenter validation, prospective
evaluation, fairness auditing, and interpretable outputs that genuinely fit mental health care pathways
[41,42,45].

These limitations also suggest several technical directions for future work. Small sample sizes and strict
privacy constraints, especially in clinical-interview and physiological-signal datasets, make federated learning
worth exploring, since it may allow collaboration across hospitals or research sites without requiring sensitive
patient data to be centrally pooled. The distribution shifts observed in multi-site MRI studies and cross-
population speech data also indicate a need for methods such as domain adaptation or domain generalization,
which are designed to improve robustness when training and deployment conditions differ. For the
heterogeneous, sometimes imperfect labels discussed above, weak supervision and noisy-label learning may
help mitigate the impact of annotation inconsistency. These approaches are not complete solutions, but they
point to a more methodologically grounded research agenda than simply pursuing higher accuracy on curated
benchmarks.

Overall, the literature reviewed in this paper suggests that machine learning for depression assessment has
entered a more demanding stage of development [47]. The central challenge is no longer to demonstrate that
computational models can detect depression-related patterns, but to determine whether such systems can
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become robust, fair, interpretable, and clinically acceptable in real settings [42,47]. This shift from technical
feasibility to responsible implementation should shape the next phase of research in the field [47].

4. Conclusion

In conclusion, machine learning has become an important direction in depression assessment because it
offers new ways to analyze complex physiological, behavioral, and multimodal data. The literature reviewed
in this paper suggests that these approaches can support more objective and scalable assessments than
conventional methods alone, especially when they are used to complement rather than replace clinical
judgment.

This review has shown that different data modalities provide different kinds of value. Physiological signals
may be more closely related to neurobiological processes, whereas behavioral signals are often easier to collect
and more suitable for large-scale or repeated assessment. Multimodal fusion appears especially promising
because it can integrate complementary information from different sources, but its practical use is still limited
by data quality, external validation, interpretability, and deployment complexity.

Future progress in this field will depend less on reporting high performance on isolated datasets and more
on developing robust, explainable, fair, and clinically usable systems. In particular, stronger longitudinal
designs, more standardized data collection, better cross-population validation, and closer integration with real
mental health care settings will be essential if machine learning is to make a meaningful contribution to
depression assessment in practice.
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