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Abstract- No single source of information captures the full experience of depression
or anxiety. Artificial intelligence (Al) research has therefore turned to multiple digital
signals, including standardised questionnaires, electronic health records, written
language, speech, facial behaviour and passively sensed smartphone and wearable data.
This paper compares these modalities for Al-assisted detection of depression and
anxiety. Drawing on the literature synthesised in a doctoral study, it maps each modality
to the symptom domains it can reflect (cognitive, emotional, behavioural, physiological
and functional), summarises the features typically extracted, and appraises each against
six practical criteria: clinical validity, scalability, participant burden, privacy
protection, interpretability and cross-cultural robustness. It also compares early, late
and hybrid fusion strategies. The analysis shows that the modalities are complementary
rather than interchangeable. Questionnaires and language are strongest for cognitive
and emotional symptoms, speech and facial signals for psychomotor and affective
expression, and wearables for behavioural and physiological rhythms. Late fusion of
modality-specific models offers the best balance of robustness to missing data and
auditability for early clinical research. The paper concludes with design
recommendations for building multimodal datasets that can support valid, fair and
clinically interpretable Al screening.
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. Introduction

Depressive and anxiety disorders affect an estimated 280 million and 301 million
people worldwide, respectively [1], and both became markedly more common during
the COVID-19 pandemic [2]. They often co-occur [3], and their expression varies
widely between individuals: one person may present mainly with low mood and
negative thinking, another with sleep disturbance, fatigue and withdrawal. Standard
assessment relies on clinical interview supported by self-report instruments such as the
PHQ-9 [4] and GAD-7 [5]. These instruments are accurate, but they capture only what
a person is able and willing to report at one moment.

Artificial intelligence (Al) offers a way to supplement self-report with other signals that
people produce in daily life, such as the words they write, the way they speak and their
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patterns of movement and sleep [6], [7]. Reviews of Al for depression and anxiety
document a growing number of studies using these modalities [8]-[10], but they seldom
compare the modalities side by side on criteria that matter for clinical use. This paper
aims to fill that gap. Its objectives are (i) to map each data modality to the symptom
domains it can reflect, (ii) to summarise the features and methods used for each, (iii) to
compare modalities on practical criteria for clinical research, and (iv) to evaluate
strategies for fusing them.

I1. Method of Analysis

The paper uses a structured comparative analysis of peer-reviewed literature identified
during the doctoral study, searched in PubMed, Scopus, IEEE Xplore and Google
Scholar. For each modality, the evidence was coded for the symptom domains captured,
the representative features, the typical algorithms, and the reported strengths and
limitations. Domain coverage (Fig. 1) and practical ratings (Fig. 2) were assigned by
the authors on ordinal scales, based on consistency of evidence across the cited sources.
They are qualitative syntheses intended to support design decisions, not pooled effect
sizes.

I11. Modality-by-Modality Analysis

1. Questionnaires and Clinical Records

Questionnaire items directly sample cognitive and emotional symptoms. A PHQ-9
score of 10 or more has shown sensitivity and specificity of about 0.88 against
structured interviews [4], [11], and the GAD-7 performs similarly for anxiety [5]. ML
can weight individual items and response patterns, but when a questionnaire cut-off is
also used as the outcome label, the model learns the instrument rather than the disorder.
Electronic health records add longitudinal information on diagnoses, prescriptions and
service use, which makes them particularly informative about functional impact. They
also carry inconsistent coding and site-specific practices [12].

2. Written Language

People with depression use more first-person singular pronouns and more negative
emotion words than non-depressed peers [13]. Social media studies have extended these
findings to large, naturalistic samples [14]. When consented Facebook posts were
linked to medical records, language predicted a later clinical diagnosis of depression
[15]. Transformer models such as BERT capture context and negation better than word-
count dictionaries [16], and large language models add further capability along with
risks of hallucination and privacy exposure [17]. Language is rich for cognitive and
emotional content but reveals little about behavioural and physiological change.

3. Speech and Facial Behaviour

Depression is associated with monotone prosody, slower speech, longer pauses and

altered voice quality, which reflect psychomotor retardation [18]. Benchmark

challenges such as AVEC 2016 established shared audio-visual datasets and evaluation

protocols for depression recognition from interviews [19]. A systematic review found

promising accuracy across psychiatric disorders but noted small samples, inconsistent
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feature sets and little cross-corpus testing [20]. Acoustic features are sensitive to
recording conditions, language and accent, so models trained in one setting often
transfer poorly to another.

4. Smartphone and Wearable Sensing

Digital phenotyping uses smartphones and wearables to measure behaviour
continuously and passively [7], [21]. GPS-derived features such as location variance
and circadian regularity have been associated with PHQ-9 severity [22].
Accelerometry, heart rate and sleep timing add physiological information. These
signals carry little participant burden and capture behavioural and somatic change well,
but they reflect emotional and cognitive states only indirectly. They are also affected
by adherence, battery life and device differences [23].

Physiological /
Cognitive Emotional Behavioural somatic Functional

Facial / behavioural Low - Low
Wearable / smartphone Low Low -

Fig. 1. Qualitative coverage of the five symptom domains by each data modality,
synthesised by the authors from the reviewed literature [4], [6], [14], [18], [22].
Darker cells indicate stronger and more consistent evidence.

Table 1 summarises representative features and typical algorithms for each modality.

Table 1. Representative features and algorithms by modality

Modality Representative features Typical algorithms
Questionnaire Item scores, totals, response latency Logistic regression, random
forest [24]
EHR Diagnoses, prescriptions, utilisation, clinical | Gradient boosting [25], NLP on
notes notes
Language Pronoun and affect indices, topics, SVM [26], transformers [16]
contextual embeddings
Speech Pitch, energy, pause length, speech rate, SVM, CNN, LSTM [27]
spectral features
Facial / behavioural Action units, gaze, head movement CNN, LSTM [28]
Wearable / Location variance, steps, sleep, heart rate, Random forest, gradient
smartphone phone use boosting, LSTM
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IVV. Comparative Appraisal

Fig. 2 compares four principal modalities on six practical criteria. Questionnaires rate
highest on clinical validity and interpretability but need active participation. Language
scales most easily, since text is abundant, but is weaker on privacy and on cross-cultural
robustness, because expressions of distress differ across languages and cultures. Speech
occupies a middle position. Wearables minimise participant burden but have the
weakest direct link to clinical diagnosis. No modality dominates on all criteria, which
is the main argument for combining them.

= Questionnaire
- Language

Passivity i
(low burdea Scalability Speech
Wearable / smartphone

protecti¢

pOSs-cultural
robustness

Interpre
ability

Fig. 2. Comparative appraisal of four modalities on six practical criteria (1 = weak, 5
= strong). Ratings are the authors' qualitative synthesis of the reviewed literature.

V. Fusion Strategies

Multimodal ML integrates heterogeneous inputs through three broad strategies [29],
illustrated in Fig. 3 and compared in Table 2. Early fusion concatenates features into
one vector for a single classifier. It can capture cross-modal interactions but fails when
any modality is missing. Late fusion trains a separate model for each modality and
combines their outputs by weighted averaging or stacking. It tolerates missing
modalities and lets each channel be validated and explained separately. Hybrid fusion
learns a joint representation through shared layers or attention [30]. It is the most
expressive option but needs the most data and is the hardest to interpret.
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(a) Early fusion (b) Late fusion (c) Hybrid fusion
(feature level) (decision level) (intermediate)
Text Text [»| Model Text [p| Encoder
Joint Single Weighted Shared
Speech 4] feature [p Class?f‘ler Speechp| Model || vote/ Speech|p| Encoder (] layer /
vector stacking attention
Sensor Sensor [pr| Model Sensor | Encoder

Captures cross-modal interactions; Robust to missing data; auditable; Learns joint representation;
[ragile to a missing modality ignores low-level interactions needs more data; less transparent

Fig. 3. Early, late and hybrid fusion strategies for combining text, speech and sensor
data, following the taxonomy of Baltrusaitis et al. [29].

Table 2. Comparison of fusion strategies for clinical research

Criterion Early fusion Late fusion Hybrid fusion
Cross-modal interaction Captured Limited Captured
Missing modality Fails or needs Handled Partly handled
imputation naturally
Data requirement Moderate Low to High
moderate
Explainability Moderate High (per Low
modality)
Suitability for small Moderate High Low
clinical samples

V1. Discussion and Recommendations

The analysis supports four recommendations for multimodal Al research in depression
and anxiety. First, anchor the outcome to a clinical reference standard, such as a
structured interview, and treat questionnaires as predictors rather than labels [11].
Second, start with late fusion of modality-specific models and a transparent logistic-
regression baseline. This suits the modest sample sizes typical of clinical studies [31]
and keeps each channel auditable [32]. Third, plan for heterogeneity: collect data
across languages, devices and settings, and validate externally, because acoustic and
linguistic signals shift with context [33]. Fourth, minimise data and burden: gather
each additional modality only when it is expected to add information, under separate
consent and with strong privacy safeguards [34].

For research in multilingual regions such as North-East India, the cross-cultural
fragility of language and speech models is a particular concern. Models developed in
English-language or Western samples should not be assumed to transfer. Locally
collected, consented and validated datasets are required, as are fairness checks across
language groups [35].
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1. Limitations
The coverage and appraisal ratings are qualitative syntheses and could vary with the
evidence selected. The comparison does not pool performance metrics, because study
designs, labels and populations differ too much. Empirical validation of the
recommended late-fusion design on a locally collected dataset is the next step of the
doctoral work.

VII. Conclusion

Questionnaire, record, language, speech and sensor data each provide a partial and
complementary view of depression and anxiety. Combining them through a transparent,
missing-data-tolerant fusion strategy and validating the result against clinical diagnosis
across diverse populations offers the most credible path toward multimodal Al
screening that supports, rather than replaces, professional judgement.
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