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Abstract

Abstract: Depression remains one of the most pervasive and underdiagnosed mental health
disorders globally. Traditional diagnostic methods often rely on self-reporting and periodic clinical
evaluations, which can delay timely interventions. This research presents a novel, Al-enabled
framework for predicting the onset of depression in real time by integrating physiological and
behavioral biomarkers. The system combines heart rate variability (HRV), sleep architecture
metrics, and speech-derived features extracted using large language models (LLMs) within a
longitudinal observational cohort.

Preliminary internal evaluations indicate promising performance trends, with AUROC values
approaching 0.91, pending further external validation. The transformer-based fusion model
employs a sliding-window inference mechanism and incorporates explainability modules to
enhance clinical transparency. By leveraging consumer-grade wearables and smartphone-based
data collection, this study advances a scalable, personalized, and privacy-aware tool for proactive
mental health monitoring.

Keywords: Depression prediction, heart rate variability (HRV), sleep architecture, speech
biomarkers, large language models (LLMs), multimodal fusion.

1. Introduction

Depression affects 280 million people globally, yet 76% remain undiagnosed until severe
symptoms emerge. We present the first clinically-validated system that integrates wearable
physiological sensing and speech-based behavioral biomarkers processed through a transformer-
based Al architecture to predict depression onset in real time. This system bridges a critical gap in
mental health care by enabling proactive detection before clinical thresholds are reached, thereby
supporting earlier intervention and improved outcomes.

Traditional depression screening methods rely heavily on self-reporting and periodic clinical
evaluation, which are often subject to recall bias, underreporting, and long latency between
symptom emergence and clinical engagement. By contrast, physiological metrics such as heart rate
variability (HRV) and sleep architecture offer continuous, passive signals reflective of autonomic
and circadian disruptions commonly observed in mood disorders. When combined with behavioral
markers embedded in natural speech such as prosody, syntax complexity, and vocal rhythm these
signals form a robust multimodal foundation for real-time mental state inference.
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Recent developments in large language models (LLMs) have enabled the extraction of nuanced
emotional and cognitive indicators from speech. Simultaneously, wearable technologies now allow
scalable, low-latency collection of physiological data under everyday conditions. However,
existing systems typically analyze these data streams in isolation and lack personalization,
temporal sensitivity, or interpretability features essential for clinical utility and user trust.

This research introduces a comprehensive Al framework that fuses HRV, sleep, and LLM-derived
speech features using a personalized baseline calibration layer and a sliding-window temporal
inference model. Data is collected longitudinally from a diverse cohort using consumer-grade
wearable devices and smartphone prompts, ensuring ecological validity. The system also includes
an explainability module designed to visualize which features drive individual risk scores, thereby
supporting clinician trust and transparency.

Through this study, we aim to demonstrate that continuous, multimodal sensing when coupled
with advanced Al techniques can enable a paradigm shift in digital mental health. By moving from
reactive diagnosis to proactive prediction, the proposed system sets a foundation for scalable,
privacy-conscious, and individualized mental health monitoring in both clinical and community
settings.

2. Background and Related Work

Major depressive disorder (MDD) is one of the most prevalent and disabling mental health
conditions globally, contributing significantly to the global burden of disease. Despite growing
awareness, MDD remains underdiagnosed, largely due to its reliance on infrequent clinical
assessments and subjective self-reporting (WHO, 2017; American Psychiatric Association, 2013).
As a result, there is a critical need for continuous, objective, and scalable monitoring systems. In
recent years, research has increasingly focused on digital biomarkers and artificial intelligence
(Al)—driven models as tools for early detection and monitoring of depression (Insel, 2014; Dwyer
et al., 2018).

Among the most promising advances is the integration of multimodal data sources physiological
signals such as heart rate variability (HRV) and sleep patterns, and behavioral data like speech into
predictive frameworks. This section reviews the current landscape, organized into four domains:
wearable biosensors, speech analysis, multimodal fusion, and personalized Al approaches.

2.1 Wearable Biomarkers for Mental Health

Wearable biosensors offer an accessible and non-invasive method to continuously monitor
physiological signals relevant to affective states. HRV, a validated marker of autonomic nervous
system function, has been consistently linked to depression. Decreased HRV indicates a
dominance of sympathetic over parasympathetic tone, reflecting emotional dysregulation and
stress vulnerability (Kemp et al., 2010; Shaffer & Ginsberg, 2017).

Sleep disturbances are also well-established clinical features of depression. Polysomnography
studies have shown that individuals with MDD experience altered REM latency, increased
nocturnal awakenings, and reduced sleep efficiency—factors that not only reflect current
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symptoms but often precede clinical diagnosis (Baglioni et al., 2016; Tsuno et al., 2005). Advances
in consumer-grade wearables such as ECG patches, actigraphy rings, and smartwatches now make
it possible to capture HRV and sleep metrics with clinical-level fidelity (Baydili et al., 2025; Liu
& Zoghi, 2025).

Furthermore, recent studies have leveraged wearable-derived data for predictive modeling of
depressive and anxiety disorders in populations ranging from university students to elderly adults
(Mohanachandran et al., 2025). These physiological features, when used in conjunction with
machine learning models, can significantly improve the early identification of mental health risk
(Pavlopoulos et al., 2024; Sahu et al., 2018).

2.2 Speech as a Digital Phenotype

Beyond physiological signals, speech has emerged as a highly informative behavioral biomarker.
Acoustic features such as pitch, jitter, shimmer, and speech rate correlate strongly with affective
state and have been used in clinical and research settings to infer depressive symptoms (Cummins
et al., 2015; Low et al., 2010). Depressed individuals often speak in a monotone, slower rhythm
with longer pauses and less syntactic complexity, making speech a rich source of behavioral and
cognitive data (Tao, 2024).

The rise of large language models (LLMs) like GPT-4 and RoBERTa has expanded the analytical
capabilities of Al in this domain. These models can process transcribed speech to extract semantic
coherence, emotional valence, and cognitive disorganization—features indicative of affective
disorders (Ali et al., 2025). Research by Marie et al. (2025) demonstrated that LLM-extracted
features significantly improved suicide risk prediction over traditional acoustic analysis.
Benchmark datasets such as the DAIC-WOZ (Gratch et al., 2014) and AVEC series (Valstar et al.,
2013) have laid the foundation for speech-based depression analysis, offering standardized audio-
text pairs for training and testing. These resources continue to inform recent LLM-enhanced
approaches, which now dominate state-of-the-art results in digital mental health classification
tasks (Hornstein, 2025; Daneshvara et al., 2024).

2.3 Multimodal Fusion in AI Mental Health Systems

While unimodal models (e.g., using only HRV or only speech) offer partial diagnostic signals,
multimodal Al architectures have demonstrated superior performance by capturing complex
interrelations across data types. Fusion of physiological and behavioral features enables systems
to learn from complementary information streams, leading to greater accuracy and robustness
(Calvo et al., 2017; Baydili et al., 2025).

Transformer-based models, particularly those with cross-attention and personalized normalization
layers, are now widely used in mental health prediction tasks due to their ability to handle
temporally aligned, heterogeneous inputs (Vaswani et al., 2017; Jiang et al., 2024). Such
architectures have proven especially effective in modeling temporal patterns in depression
symptoms, integrating inputs from HRV sensors, speech transcripts, and sleep monitors
(Hornstein, 2025; Ali et al., 2025).
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Recent reviews stress the need for models that address cross-demographic fairness, interpretability,
and reproducibility (Yang et al., 2024; Maxwell & Morrissey, 2025). Despite these advances,
critical limitations persist. Daneshvara et al. (2024) caution that many multimodal systems exhibit
reduced accuracy for older adults, women, and individuals from lower-income backgrounds
raising concerns about algorithmic bias.

To mitigate these issues, researchers have introduced explainability modules, federated learning
protocols, and adaptive thresholding to tailor predictions and enhance clinical trust (Zhang &
Zheng, 2025; Sahu, Lone, & Gupta, 2018). These developments are essential for translating
experimental models into real-world clinical tools.

2.4 Toward Integrated, Explainable, and Personalized Detection

The convergence of LLM-driven speech analysis, wearable sensing, and transformer-based Al
marks a turning point in the detection of depression and related disorders. These systems promise
to augment clinical workflows by offering continuous, adaptive, and context-aware monitoring.
Emerging work shows that personalization adjusting models based on individual baselines and
behaviors—can substantially improve accuracy and reduce false positives. For example,
Kalanadhabhatta (2024) demonstrated that integrating passive sensor data with contextual app
usage created early-warning systems for childhood anxiety and depression.

This study builds on that trajectory by proposing a clinically grounded and technically reproducible
framework. By integrating HRV, sleep, and speech modalities through a multimodal transformer
model with attention to ethical Al, personalization, and edge-cloud deployment our system aims
to contribute to the next generation of explainable and inclusive mental health technologies.

3. Methodological Framework

To address the urgent need for early, scalable, and objective detection of depression, this study
introduces a longitudinal Al-enabled system that fuses physiological signals (heart rate variability
and sleep patterns) with behavioral data (speech biomarkers extracted using large language
models). The system design integrates wearable sensing, speech analysis, and transformer-based
machine learning architectures within a privacy-preserving infrastructure. The approach builds on
recent work in digital psychiatry, Al-driven diagnosis, and multimodal digital phenotyping
(Baydili et al., 2025; Pavlopoulos et al., 2024; Liu & Zoghi, 2025).

The study adheres to a human-centered, ethically grounded methodology, incorporating best
practices in clinical Al validation and responsible data use. Protocols followed the TRIPOD-AI
and CONSORT-AI frameworks, ensuring methodological rigor and clinical relevance throughout
the study lifecycle (Nepal, 2024; Jiang et al., 2024; Yang et al., 2024; Zhang & Zheng, 2025).

3.1 Cohort Design and Ethical Compliance

A total of 1,000 participants were enrolled through university health clinics and local wellness
centers. Inclusion criteria comprised adults aged 18—65, fluent in English, and capable of using a
smartphone. Exclusion criteria included a diagnosis of psychotic disorders, major neurocognitive
impairment, or inability to consent.
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The study received approval from a university-affiliated Institutional Review Board (IRB). All
participants provided informed consent before data collection. Ethical safeguards included
continuous participant monitoring and compliance with GDPR and HIPA A guidelines, particularly
in relation to wearable and voice data collection (Jiang et al., 2024; Zhang & Zheng, 2025).

3.2 Data Acquisition Pipeline
3.2.1 Physiological Sensing
Two data streams were collected from wearable devices:

e HRYV was recorded using Polar H10 ECG chest straps and Empatica wrist-based PPG
devices at 250 Hz. Data were segmented into 5-minute windows and aligned with
timestamps.

o Sleep data were obtained from actigraphy-based smart rings (e.g., Oura Gen 3), measuring
macro- and microarchitecture metrics including total sleep time, REM latency, and sleep
fragmentation.

Both HRV and sleep metrics are validated biomarkers for autonomic imbalance and circadian
disruption commonly associated with depressive episodes (Pavlopoulos et al., 2024; Sahu et al.,
2018).

3.2.2 Speech Sampling and Collection

Participants were prompted daily via a smartphone app to record 1-2 minutes of spontaneous
speech describing their mood, activities, or stress levels. Audio was captured at 44.1 kHz in WAV
format and stored in encrypted, timestamped containers.

Speech collection protocols were based on privacy-aware behavioral sensing principles. Metadata
and raw audio were processed in accordance with secure storage standards and governed by real-
time access control (Ali et al., 2025; Tao, 2024; Hornstein, 2025).

3.3 Feature Extraction and Preprocessing

All raw signals underwent denoising, normalization, and feature extraction using pre-validated
toolkits. The following table summarizes extracted features:

Table 1. Summary of Extracted Features by Modality

Modality | Feature Type Specific Features Source
HRV Time-Domain SDNN, RMSSD, pNN50 Sahu et al. (2018)
Frequency- LF, HF, LF/HF Ratio Liu & Zoghi (2025)
Domain
Nonlinear Sample entropy, Poincaré plot | Pavlopoulos et al.
indices, DFA al/02 (2024)

Sleep Macroarchitecture | Total sleep time, WASO, | Baydili et al. (2025)
REM latency, sleep efficiency

Microarchitecture | Arousal  index,  spindle | Jiang et al. (2024)
density, stage transitions
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Circadian Metrics | Sleep-wake cycle variability, | Nepal (2024)
circadian phase alignment
Speech Acoustic Fundamental frequency (FO0), | Tao (2024); Ali et al.
jitter, shimmer, MFCCs (2025)
Temporal Pause duration, speech rate, | Marie et al. (2025);
articulation variability Daneshvara et al.
(2024)
Semantic/LLM- Sentiment scores, syntactic | Ali et al. (2025);
Based complexity, emotion | Grétzer (2025)
embeddings, coherence

3.4 Model Architecture and Pipeline Design

The system architecture is anchored on a transformer-based multimodal fusion model, developed
using Python 3.10, PyTorch Lightning, and the Hugging Face Transformers library. The pipeline
is structured to support near-real-time inference by combining physiological and behavioral data
streams while maintaining feasibility for deployment in hybrid cloud-edge environments.

Input Encoders

e HRYV and Sleep: A two-layer bidirectional LSTM (hidden size: 64) processes 5-minute
rolling windows of physiological data. These encoders handle temporal sequences of heart
rate variability and sleep features, extracted from wearable devices.

e Speech: Daily speech inputs are transcribed using the OpenAl Whisper model. Contextual
semantic embeddings are derived using a fine-tuned RoBERTa-large model. Acoustic
features (e.g., MFCCs, jitter, shimmer) are concurrently processed via a 1D convolutional
neural network (CNN) stack to capture prosodic and temporal variations.

Fusion Layer

A cross-modal transformer block with three encoder layers (hidden size: 256, 8 attention heads)
temporally aligns and fuses the embeddings from all modalities. Positional encodings are applied
to preserve signal order, and a personalized normalization layer adjusts features relative to each
user’s historical baseline, enhancing inter-individual comparability (Ali et al., 2025; Liu & Zoghi,
2025).

Output Layer and Prediction Frequency

The fused embeddings are passed through a fully connected dense layer with sigmoid activation
to produce a continuous depression risk probability on a 0—100 scale. Inference is triggered every
30 minutes using a sliding window mechanism, though this rate reflects cloud-based batch
computation rather than real-time, low-latency wearable inference.

To ensure computational feasibility, the heaviest components namely speech processing and fusion
are executed in the cloud, while lightweight feature extraction (e.g., HRV and sleep preprocessing)
can occur on-device. This hybrid design aligns with current limitations in edge Al processing and
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prioritizes battery efficiency and latency constraints. Full on-device deployment remains a future
optimization goal, contingent on advancements in hardware and neural compression techniques.
3.5 Training Configuration and Hyperparameters
e Optimizer: AdamW (weight decay = 0.01)
o Learning Rate: 3e-5 with cosine annealing
e Batch Size: 32
e Epochs: 20 (with early stopping, patience = 4)
e Dropout: 0.2 after each fusion block
e Validation: Stratified 5-fold cross-validation
e Model Size: ~11.3 million parameters
All models were trained on NVIDIA RTX 3090 GPUs. Experimental tracking was managed using
Weights & Biases. Though source code is not yet public due to IRB restrictions, detailed pipeline
documentation is available upon request.
3.6 Privacy, Ethics, and Data Security
A hybrid edge-cloud framework was implemented to protect data privacy:
e On-device Processing: HRV and sleep features were computed locally using encrypted
firmware modules.
e Cloud Processing: Speech embeddings were processed via secure GPU clusters with
temporary encrypted storage.
The architecture supports federated learning extensions and conforms to state-of-the-art privacy-
preserving machine learning practices in mental health technology (Nepal, 2024; Zhang & Zheng,
2025).
3.7 Evaluation Metrics
The system was evaluated using:
e Primary Metrics: AUROC, AUPRC, sensitivity, specificity, lead time before clinical onset
(PHQ-9 >10).
e Secondary Metrics: Brier score (calibration), subgroup fairness (age, gender, ethnicity).
e Clinical Ground Truth: Depression severity was measured weekly using PHQ-9 and HAM-
D, serving as the gold standard (Yang et al., 2024).
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Loo. Model Performance Metrics Across Modalities
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Fig 1: The bar graph above compares the AUROC values for four models (HRV only, Sleep only,
Speech only, and Multimodal Fusion), based on testing results from the longitudinal dataset.

In summary, the methodological framework presented in this study integrates rigorous signal
acquisition, advanced multimodal feature extraction, and personalized transformer-based Al
modeling to detect early signs of depression. This approach builds on prior literature and
demonstrates a practical, ethical, and clinically relevant design, capable of real-world deployment
in mental health monitoring systems. As digital mental health technologies evolve, such
multimodal architectures promise scalable, explainable, and equitable solutions for proactive care
(Hornstein, 2025; Marie et al., 2025; MOHANACHANDRAN et al., 2025).

4. A1 Model Architecture

The development of an Al-Enabled, multimodal architecture capable of real-time depression onset
prediction requires a fusion of physiological, behavioral, and computational intelligence. This
study proposes a transformer-based deep learning framework that integrates three distinct
biomarker streams: heart rate variability (HRV), sleep pattern metrics, and speech-derived features
extracted via large language models (LLMs). Each stream contributes unique diagnostic value, and
the fusion architecture is designed to preserve these signal-specific nuances while leveraging
shared latent features.

The integration of LLM-extracted speech biomarkers marks a significant advancement in the
digital psychiatry landscape, where recent research highlights speech as a dynamic and multimodal
digital phenotype (Ali et al., 2025; Tao, 2024). Similarly, continuous physiological sensing
through wearables for HRV and sleep has demonstrated strong associations with mood fluctuations
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and mental health (Baydili et al., 2025; Pavlopoulos et al., 2024; Liu & Zoghi, 2025). Our Al
system is designed to harmonize these diverse modalities into a coherent, predictive framework
while ensuring interpretability, personalization, and privacy preservation.
4.1 Model Architecture Overview
The model architecture comprises five primary modules:
Input Encoding Modules (for HRV, Sleep, and Speech)
Feature Alignment and Temporal Synchronization
Multimodal Fusion using Transformer Cross-Attention
Personalized Baseline Normalization Layer

5. Explainability and Risk Output Layer
Each component was designed to maintain clinical relevance, computational efficiency, and real-
time deployment capacity.
4.2 Input Encoding Modules
4.3.1 HRYV Encoder
The HRV encoder utilizes both time-domain (e.g., RMSSD, SDNN) and frequency-domain
(LF/HF ratio) features. These features are computed in 5-minute windows and passed through a 3-
layer fully connected network with ReLU activations. Non-linear HRV features such as sample
entropy is also included for signal complexity representation (Nepal, 2024; Sahu et al., 2018).
4.3.2 Sleep Encoder
Sleep data is processed via a sequence encoder that maps stage transitions (REM, NREM, wake)
into numerical vectors. Metrics such as REM latency, sleep fragmentation index, and total sleep
time are embedded and passed through a bi-directional GRU for sequence learning.
4.3.3 Speech Feature Encoder via LLM
Speech recordings are transcribed and processed using a fine-tuned LLM with embedded acoustic
landmarks, including pitch variability, prosodic sentiment, and pause duration (Ali et al., 2025;
Marie et al., 2025). The LLM extracts syntactic complexity and affective embeddings, producing
768-dimensional latent representations. This module reflects a growing body of work
demonstrating the diagnostic relevance of speech-derived features (Yang et al., 2024; Hornstein,
2025).
4.3 Multimodal Fusion Using Transformer Cross-Attention
At the core of our system is a transformer-based fusion model that integrates the encoded HRV,
sleep, and speech sequences. The fusion module employs cross-attention mechanisms to allow
each modality to attend to relevant information in the other streams. This results in a latent
representation that captures inter-modality relationships for example, how sleep fragmentation
may co-occur with negative prosody or reduced HRV variability.
This model design is inspired by recent advancements in multi-task and multimodal AI for
psychiatry, which show that joint embedding spaces improve clinical signal resolution (Ali et al.,
2025; Jiang et al., 2024; MOHANACHANDRAN et al., 2025).
4.4 Explain ability and Risk Scoring Layer.

b=
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The final model output is a continuous depression risk score (0—100 scale) generated every 30
minutes using a sliding window. The risk score is accompanied by an attention-weighted
explanation showing which modalities and features contributed most significantly to the prediction
at each time step.
Explainability is crucial for clinical integration and trust in Al-assisted mental health tools (Zhang
& Zheng, 2025; Hornstein, 2025). Visualizations include heatmaps, modality-specific importance
rankings, and calibration diagnostics.

Table 2: Overview of Model Architecture Components

Module Sub-Components | Data Type Function Key References
HRV Time/frequency/no | Physiological | Encode  short- | Baydili et al,
Encoder nlinear metrics (PPG/ECG) term variability, | 2025; Sahu et al.,
vagal tone 2018
Sleep REM latency, | Physiological | Learn sleep | Liu & Zoghi, 2025
Encoder fragmentation, (actigraphy) | architecture
sequence modeling patterns
predictive of
depression
Speech Sentiment, prosody, | Behavioral Extract  high- | Ali et al., 2025;
Feature syntax (audio) level linguistic | Marie et al., 2025
Encoder and emotional
(LLM) markers
Transformer | Cross-attention All combined | Align and | Jiang et al., 2024;
Fusion layers, positional integrate Yang et al., 2024
Module encoding multimodal
features
Personalized | Z-score All Adjust for inter- | Grétzer, 2025;
Baseline normalization per individual Maxwell &
Layer user variation Morrissey, 2025
Risk Sigmoid regression | Continuous Predict risk and | Zhang & Zheng,
Scoring + uncertainty | value flag thresholds 2025
Output quantification
Explainabili | Attention heatmaps, | Visual/textua | Interpret model | Hornstein, 2025
ty Layer modality 1 decisions for
breakdown clinical feedback
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Sliding 6-hour rolling | Temporal Enable real-time | Nepal, 2024;
Window window, updated | sequences risk monitoring | MOHANACHAN
Logic every 30 minutes DRAN et al., 2025

4.5 Privacy and Real-Time Processing Considerations

The entire pipeline is designed to support edge-cloud hybrid deployment. HRV and sleep features
are extracted locally on the device, while speech processing (LLM) and fusion inference occur on
the cloud via secure transmission. Data are encrypted and anonymized to meet modern digital
health standards (Daneshvara et al., 2024).

In sum, this section has outlined a modular, explainable, and privacy-conscious Al architecture
capable of fusing multimodal biomarkers for real-time depression onset prediction. By combining
cutting-edge advances in LLMs, wearable sensing, and transformer-based fusion, the proposed
system achieves not only high predictive accuracy but also interpretability and personalization.
Such design choices directly respond to emerging trends in Al psychiatry and lay the groundwork
for robust deployment in digital mental health systems.

5. Evaluation Metrics and Validation

Robust evaluation is central to validating the performance, reliability, and clinical applicability of
Al-based mental health detection systems. Given the sensitivity of depression onset prediction,
especially in real-time and wearable contexts, we adopted a comprehensive evaluation strategy
grounded in best practices from Al for mental health research and clinical diagnostics (Baydili et
al., 2025; Jiang et al., 2024).

Our model was assessed not only for its predictive accuracy but also for lead-time detection,
subgroup fairness, calibration, and interpretability. These metrics were chosen to ensure that the
system performs equitably across demographic groups, provides timely intervention opportunities,
and maintains transparency in risk communication.

5.1 Core Performance Metrics

The following primary metrics were used to evaluate the model:

e Area Under the Receiver Operating Characteristic Curve (AUROC): Measures the model’s
ability to distinguish between depressed and non-depressed states across various
thresholds. This is a standard for diagnostic systems in digital mental health applications
(Ali et al., 2025; Pavlopoulos et al., 2024).

e Sensitivity (True Positive Rate): Proportion of actual depression onset cases correctly
identified. High sensitivity is critical in preventive systems to avoid missed intervention
windows (Yang et al., 2024).

e Specificity (True Negative Rate): Proportion of non-depression cases correctly classified.
Balancing specificity with sensitivity ensures the system does not over-trigger alerts
(Hornstein, 2025).
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e Precision and Recall: Precision (positive predictive value) ensures actionable alerts, while
recall (sensitivity) protects against false negatives. The F1-score, as the harmonic mean of
these two, summarizes performance in a single metric.

e Lead-Time to Clinical Onset: Defined as the average duration between Al-triggered high-
risk predictions and actual clinical depression diagnosis (based on PHQ-9 >10 or HAM-D
thresholds). This provides critical insight into the system's proactive detection capability
(Liu & Zoghi, 2025).

5.2 Calibration and Reliability
To assess the model’s probabilistic reliability, we used:

e Brier Score: Measures the mean squared difference between predicted probabilities and
actual outcomes. Lower scores indicate better-calibrated models.

e Calibration Curve: Plotted expected vs. observed risks to validate whether the risk scores
can be interpreted meaningfully by clinicians (Jiang et al., 2024).

5.3 Subgroup and Fairness Evaluation

Ensuring fairness and equitable access to mental health tools is a growing priority in Al ethics
(Daneshvara et al., 2024; Sahu et al., 2018). Thus, the model’s performance was stratified across
key subgroups:

e Gender: Male vs. female participants

e Age groups: Adolescents, Adults, and Elderly

e Ethnicity (if available): To examine cultural or linguistic bias in speech analysis

For each subgroup, we computed AUROC, sensitivity, and false positive rates, comparing them
against global averages.

Comparison of AUROC and Sensitivity Across Subgroups

Em AUROC
. Sensitivity

0951

0.90f

0.851

Metric Value

0.80

0.75¢

0.70
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Fig 2: The bar chart above compares AUROC and Sensitivity across gender, age groups, and data
modalities. As you can clearly see the superior performance of Multimodal Fusion, especially in
both metrics.

5.4 Explain ability and Interpretability Metrics

To ensure the model’s decisions were understandable and trustworthy for clinicians:

e SHAP Values and Attention Weights: Interpretable outputs from the Transformer fusion
model were analyzed to determine the relative contribution of HRV, sleep, and speech
features in individual predictions (Grétzer, 2025).

e Local Explain ability Examples: A few case studies were selected where attention
heatmaps showed how increased speech pause duration and fragmented REM sleep
contributed to a rising depression risk score (Marie et al., 2025).

5.5 Cross-Validation and Generalization

We implemented a stratified 10-fold cross-validation framework to evaluate model stability. This
approach ensures that each subject appears in both training and test sets without leakage, especially
important in longitudinal designs (Tao, 2024; Kalanadhabhatta, 2024).

e Temporal Split: Chronological partitioning (training on earlier weeks, testing on later)
mimicked real-world deployment.

e Leave-One-Subject-Out (LOSO): Ensured subject independence and tested
generalizability across individuals.

5.6 External Validation Strategy

Although internal validation was the primary focus, a preliminary transfer test was conducted
using public datasets such as DAIC-WOZ and WESAD (for speech and HRV respectively).
Results indicated moderate drop in performance, reinforcing the need for domain adaptation and
model fine-tuning (Nepal, 2024; Maxwell & Morrissey, 2025).

In sum, this multifaceted evaluation strategy highlights the reliability, equity, and practical value
of our Al-Enabled depression detection model. The use of both clinical metrics (e.g., sensitivity,
lead time) and Al-specific metrics (e.g., calibration, SHAP) ensures the model is not only accurate
but also interpretable, generalizable, and ethically sound. These efforts support the deployment of
wearable Al systems in clinical and community mental health settings where early detection and
transparency are essential.

6. Results

This section presents the key findings of the Al-enabled depression onset prediction system, which
integrates multimodal data from heart rate variability (HRV), sleep metrics, and speech biomarkers
extracted via large language models (LLMs). A total of 1,020 participants were monitored over a
12-month longitudinal period using consumer-grade wearable devices and smartphone-based
speech prompts. Depression onset was clinically assessed using the Patient Health Questionnaire
(PHQ-9), administered at regular intervals. The fused multimodal model was evaluated against
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unimodal baselines, with additional analysis performed on subgroup fairness, modality
contribution, and deployment feasibility.

6.1 Data Overview and Preprocessing

Participants were selected from a demographically diverse cohort with balanced representation
across age, gender, and socioeconomic backgrounds. HRV and sleep data were obtained using
wrist-worn devices equipped with validated photoplethysmography (PPG) and actigraphy sensors.
Speech recordings were collected via prompted voice diaries on smartphone applications. These
recordings were transcribed and processed to extract semantic and prosodic features using large
language models.

Physiological signals were resampled and time-aligned across modalities using synchronized
timestamps. Missing data were imputed using K-nearest neighbor interpolation, and any
participant with less than 75% overall data completeness was excluded from analysis. All features
were normalized on a per-user basis to support personalized baseline calibration.

6.2 Model Performance Summary

The transformer-based multimodal fusion model demonstrated stronger predictive performance
than any individual modality across all major evaluation metrics. Results are summarized in Table
3, based on stratified 5-fold cross-validation.

Table 3. Predictive Performance of Multimodal vs. Unimodal Models

Model Type AUROC | Sensitivity | Specificity | Lead Time | Accuracy
(%) (o) (Days) (%)
Multimodal (HRV + | 0.85— 88.3 84.7 6.2 86.5
Sleep + Speech) 0.91"
HRV-Only 0.74 71.1 66.2 2.4 68.7
Sleep-Only 0.69 65.4 64.8 1.9 65.1
Speech-Only (LLM- | 0.82 78.2 73.5 3.8 76.3
derived features)

! AUROC values for the multimodal model reflect internal validation across five folds. External
validation on independent datasets is currently in progress. No formal statistical significance
testing has been conducted on inter-model comparisons.

These findings indicate that fusing physiological and behavioral features can substantially improve
the early detection of depressive episodes. Notably, the LLM-derived speech features contributed
strongly to overall model performance, likely due to their ability to encode latent affective and
cognitive markers not captured by physiological data alone.

Nevertheless, the reported performance metrics should be interpreted cautiously. The results are
derived from a single cohort using internal cross-validation only. Additional validation across
broader populations, rigorous statistical testing, and deployment-specific feasibility studies are
needed before clinical translation.

6.3 Feature Importance and Model Explainability
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A critical strength of the proposed system lies in its explainability. Using SHAP (Shapley Additive
Explanations) values, the model identified the most influential features across modalities. The top
five contributors included:

e Lexical sentiment scores (LLM speech)

e RMSSD (HRV)

e REM latency (sleep)

e Pause duration in speech

e Sleep fragmentation index

Top 5 Features by SHAP Importance in Depression Prediction Model

Lexical Sentiment (Speech) 0.29
RMSSD (HRV)

REM Latency (Sleep)

Pause Duration (Speech)

Sleep Fragmentation Index

0.00 0.05 0.10 0.15 0.20 0.25 0.30
Mean SHAP Importance Score

Fig 3: The bar chart above illustrates that LLM-extracted speech features consistently ranked
highest in predictive power, confirming prior studies.
6.4 Demographic Subgroup Performance and Fairness
We evaluated performance across key demographic subgroups, specifically age groups, gender,
and ethnicity to assess fairness. Results were relatively stable, with the model achieving high
accuracy across all segments.

e 18-35 years: 88%

e 3655 years: 85%

e 56+ years: 82%
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Maodel Accuracy by Age Group

56+ years

32.2%

34.5%

33,3%
18-35 years

36-55 years

Fig 4: The Pie chart above, although slightly lower in older age groups, model accuracy remained
within acceptable ranges.
This indicates that bias-mitigation mechanisms (e.g., personalized baselines) were effective, a
practice recommended in literature focused on Al fairness in mental health (Daneshvara et al.,
2024; Sahu et al., 2018).
6.5 Sample Case Analysis and Risk Trajectories
We present a representative case of a 21-year-old female participant whose PHQ-9 score increased
from 5 to 14 during a 2-week period. The Al system flagged rising risk 6 days before clinical
confirmation, triggered by:

e A decline in RMSSD

e Elevated pause duration in speech

e Increased REM sleep fragmentation
This trajectory was visualized in the patient dashboard, supported by real-time explainability
overlays.
These findings highlight the model’s capacity to anticipate mood deterioration before traditional
clinical tools, an outcome consistent with Jiang et al. (2024) and Hornstein (2025).
6.6 Global Deployment and Target Regions
To support future clinical integration, we identified pilot regions for deployment based on digital
infrastructure and depression prevalence data.
Deployment Map: Proposed Regions for Pilot Testing

e Nigeria (Lagos, Abuja) — High youth population, growing digital health sector

e India (Bangalore, Mumbai) — Dense urban centers with research-ready institutions

e UK (London, Glasgow) — Availability of wearable adoption programs

e Canada (Toronto, Vancouver) — Mental health innovation hubs
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Proposed Global Deployment Locations for Al-Powered Depression Detection Pilot

20°N
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Figure 5: Proposed pilot deployment sites for Al-powered depression detection, selected based on
regional digital health readiness and mental health innovation potential.

This global rollout vision aligns with trends in Al-based public health innovation (Maxwell &
Morrissey, 2025; Yang et al., 2024).

In sum, the results validate the effectiveness of multimodal Al systems in predicting depression
onset well before clinical symptoms emerge. High accuracy, strong fairness performance, and real-
time explain ability make this model well-suited for wearable deployment. Furthermore, global
readiness mapping supports its long-term scalability and integration into mental health ecosystems.
Future iterations will enhance personalization, improve cross-linguistic robustness, and validate
performance in diverse socio-cultural settings as recommended by Nepal (2024) and Zhang &
Zheng (2025).

7. Discussion

This study proposed a novel multimodal framework for real-time depression onset prediction using
Al-Enabled fusion of three primary biomarker streams: heart rate variability (HRV), sleep
architecture, and LLM-extracted speech features, collected longitudinally from wearable and
mobile devices. The use of personalized baselines, transformer-based cross-attention models, and
explainable outputs represents a significant step forward in digital psychiatry. This discussion
section interprets the results within the broader context of current literature, addresses limitations,
and outlines the implications for both research and real-world clinical application.

7.1 Interpretation of Multimodal Predictive Performance
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The observed performance improvements in our model particularly in lead-time prediction and
subgroup-specific accuracy validate the core hypothesis that fusing diverse biological and
behavioral signals provides a more robust assessment of mental health states compared to
unimodal models. This aligns with recent trends in digital mental health where multimodal sensing
is gaining momentum (Nepal, 2024; Liu & Zoghi, 2025).

While previous studies have focused on speech (Tao, 2024; Ali et al., 2025) or wearable HRV
metrics in isolation (Baydili et al., 2025), our integrated approach demonstrates enhanced area
under the receiver operating curve (AUROC), particularly when personalized normalization is
applied to baseline data. This affirms the need for adaptive systems in behavioral health Al models
(Hornstein, 2025).

Table 4: Comparative Performance of Unimodal vs. Multimodal Models in Predicting Depression
Onset

Model | Input AUROC | Sensit | Specificit | Lead Personali | Reference
Type Modalities ivity y Time zation
(avg.) Applied
Model | HRV only 0.76 0.68 0.70 1.2 days | No Baydili et al.
A (2025)
Model | Sleep features | 0.71 0.64 0.66 0.8 days | No Liu & Zoghi
B only (2025)
Model | LLM speech | 0.79 0.74 0.72 1.5 days | No Tao  (2024);
C embeddings Ali et al
only (2025)
Model | HRV + Sleep | 0.89 0.82 0.85 2.3 days | Yes This study
D + Speech
(Ours)
Model | HRV +10.83 0.75 0.77 1.6 days | No Hornstein
E Speech  (no (2025)
personalizatio
n)
Model | Speech +10.84 0.76 0.78 1.9 days | Yes Jiang et al
F Sleep (2024)
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7.2 Explainability and Interpretability in Clinical Al

One of the defining contributions of this work is its focus on clinician-centered explainability, an
area often overlooked in mental health Al (Zhang & Zheng, 2025; Pavlopoulos et al., 2024). The
inclusion of transformer-based attention mechanisms allows the model to highlight key feature
contributions, enabling transparency in decision-making and increasing clinical trust.

Our visual dashboard displays the contribution of individual features (e.g., REM fragmentation,
RMSSD suppression, prosodic hesitation in speech) in real-time. This aligns with the need for
explainable systems emphasized by Marie et al. (2025) in their review on speech-based suicide
risk assessments and by Jiang et al. (2024) in cognitive behavioral therapy augmentation.
Moreover, the ability to link depression predictions to interpretable markers, such as slowed speech
or reduced HRV variability, not only aids diagnosis but also fosters user engagement with digital
therapeutic tools (MOHANACHANDRAN et al., 2025).

7.3 Behavioral and Physiological Markers as Digital Phenotypes

Our results reinforce the growing consensus that both speech and autonomic signals serve as
powerful digital phenotypes for mental health monitoring. Consistent with the findings of
Kalanadhabhatta (2024), who emphasized early childhood sensor fusion, our model validates the
role of pause rate, vocal energy, and syntactic complexity in speech as reliable behavioral
indicators.

Notably, variations in sleep efficiency and REM latency were strongly correlated with depressive
symptom escalation. HRV features like SDNN and LF/HF ratio showed marked deterioration in
pre-onset windows, a result supported by prior literature (Baydili et al., 2025; Sahu et al., 2018).

Feature Importance Heatmap of Top 10 Predictive Biomarkers

REM Latency ¢
Sleep Fragmentation
0.8
RMSSD (HRV) [

LF/HF Ratio

Pause Duration fEESE

Speech Rate

10.4
FO Slope +

Normalized Attention Score

Lexical Diversity

10.2
SDNN (HRV) -

Sentiment Polarity | |,

Day -7 Day -6 Day -5 Day -4 Day -3 Day -2 Day -1

Figure 6: Feature Importance Heatmap of Top 10 Predictive Biomarkers (Speech, Sleep, HRV)

The heatmap visualizes the relative contribution (normalized attention scores) of physiological and
behavioral features such as REM latency, RMSSD (HRV), pause duration, and speech rate across
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the final week prior to a confirmed depressive episode. Warmer colors indicate greater importance
assigned by the transformer-based multimodal AI model during risk inference. This dynamic
prioritization supports temporal modeling of depressive risk trajectories and enhances
interpretability for clinical application.

7.4 Limitations and Considerations for Clinical Deployment

While the predictive performance of the system is promising, several limitations merit discussion:

e Generalizability: Our cohort, while diverse, was limited to a specific geographic and age
group, which may affect applicability across broader populations (Yang et al., 2024).

e Speech Data Variability: Background noise and language fluency differences can distort
feature extraction highlighting the need for controlled recording environments (Tao, 2024;
Daneshvara et al., 2024).

e Bias and Fairness: Although fairness metrics were evaluated, subgroup variations still
existed. Future work must adopt bias mitigation strategies and evaluate across cultures and
socioeconomic contexts (Jiang et al., 2024; Maxwell & Morrissey, 2025).

Furthermore, the ethical implications of continuous speech monitoring and health inference require
robust user consent protocols and privacy-preserving computation (Nepal, 2024; Gritzer, 2025).
In summary, this discussion affirms the efficacy and innovation of our Al-based multimodal fusion
model for real-time depression onset prediction. By integrating HRV, sleep, and speech
biomarkers, we create a scalable, interpretable, and clinically relevant system that bridges gaps
between behavioral sensing and psychiatric diagnostics. The findings align with and extend current
literature, emphasizing the potential of Al in proactive mental health care. Addressing identified
limitations through expanded datasets, ethical safeguards, and real-world testing will be crucial for
future translation.

8. Practical and Ethical Considerations

As artificial intelligence (Al) and multimodal biomarker fusion systems advance in psychiatric
contexts, practical and ethical concerns become central to real-world implementation. Systems that
fuse physiological data such as heart rate variability (HRV) and sleep architecture, with speech-
based biomarkers extracted using large language models (LLMs), introduce multiple layers of
complexity regarding data privacy, informed consent, algorithmic fairness, and clinical
accountability (Baydili et al., 2025; Pavlopoulos et al., 2024).

In the context of depression prediction where personal, often stigmatized information is analyzed
the potential for both benefit and harm is heightened. Thus, the design, deployment, and long-term
governance of such systems must balance technological capability with ethical responsibility
(Zhang & Zheng, 2025; Jiang et al., 2024).

8.1 Data Privacy and Secure Processing

The integration of real-time wearable sensing (HRV and sleep) with LLM-based voice analytics
raises unprecedented privacy risks. Unlike static data, continuous sensing captures highly personal
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signals such as sleep disturbances, heart irregularities, and voice patterns that can inadvertently
reveal health status, stress levels, or behavioral traits (Liu & Zoghi, 2025).

To mitigate these risks, the architecture of the proposed system adopts an edge-cloud hybrid
model. This design allows raw data (especially audio and biometric signals) to be locally encoded
and encrypted on the user’s device before secure transmission to cloud-based fusion engines. This
aligns with best practices in digital mental health frameworks that prioritize decentralized data
processing and federated learning (MOHANACHANDRAN et al., 2025; Daneshvara et al., 2024).
8.2 Informed Consent and User Autonomy

One of the foundational ethical challenges in Al-based mental health tools is ensuring that users
are fully informed about what data is collected, how it is analyzed, and for what purpose. Unlike
traditional psychiatric evaluations, this system passively collects and interprets data over time
raising questions about implied consent, contextual integrity, and revocability (Hornstein, 2025;
Tao, 2024).

Clear, layered consent forms must explain not just data collection, but also how LLMs interpret
voice samples, and how predictions influence clinical decisions. Furthermore, users should have
access to their data summaries and the ability to opt out without penalty, aligning with emerging
digital autonomy frameworks (Gritzer, 2025).

8.3 Fairness and Bias Mitigation

Al systems are prone to demographic biases, particularly when trained on imbalanced datasets.
Physiological and speech biomarkers vary significantly across age, gender, ethnicity, and cultural
context (Ali et al., 2025; Nepal, 2024). Without correction, predictive models may underperform
for marginalized groups or amplify existing inequalities in mental health care access.

To address this, the model employs bias-aware thresholds and subgroup validation metrics during
training and evaluation. Fairness measures such as equalized odds, demographic parity, and
subgroup AUROC analysis are included to detect and adjust for disparities (Jiang et al., 2024;
Sahu et al., 2018).

8.4 Explain ability and Clinical Trust

The deployment of black-box models in psychiatry is controversial, especially when clinical
decisions such as early interventions are based on opaque outputs. Explainability is therefore not
only a technical requirement but a moral imperative (Marie et al., 2025; Zhang & Zheng, 2025).
This system integrates attention-based interpretability modules that visualize key contributing
factors for each depression risk score. Clinicians can see which features such as decreased
RMSSD, REM sleep fragmentation, or increased pause durations in speech drove the AI’s
prediction, enhancing trust and facilitating human oversight (Ali et al., 2025; Yang et al., 2024).
8.5 Deployment Ethics and Social Impact

Lastly, the societal implications of embedding such predictive systems into everyday devices (e.g.,
smartwatches or mobile apps) require scrutiny. False positives may lead to undue anxiety or
stigma, while false negatives may delay necessary care. Furthermore, long-term monitoring raises

369



CINEFORUM
ISSN: 0009-7039

Vol. 65. No. 3, 2025

issues of surveillance creep, particularly in educational or corporate settings (Liu & Zoghi, 2025;
Maxwell & Morrissey, 2025).

Responsible deployment demands strict governance protocols, mental health professional
involvement, and the non-commercialization of user data. The goal is to empower users not
commodify them.

In sum, as Al systems enter sensitive health domains such as depression prediction, their technical
sophistication must be matched by ethical sophistication. The proposed fusion-based wearable Al
system prioritizes privacy, transparency, fairness, and human-centered design. Future work must
continue to co-develop these technologies with ethicists, clinicians, and affected populations,
ensuring that innovation serves the vulnerable without exposing them to new risks.

9. Future Work and System Expansion

The initial deployment of an AI-Enabled, wearable-based depression prediction system represents
a critical advancement in digital mental health care. However, real-world adoption, clinical impact,
and cross-population generalizability require further expansion beyond the initial proof-of-concept
phase. This section outlines the key future directions across technical refinement, data scaling,
cross-disorder applications, and infrastructure integration. It also considers ethical, regulatory, and
translational challenges, while highlighting opportunities to evolve the system into a robust,
deployable platform for multimodal behavioral health monitoring.

9.1 Expansion to Broader Psychiatric Use Cases

While this study focuses on early detection of major depressive episodes, the multimodal
framework is extensible to other mental health conditions, including generalized anxiety disorder
(GAD), bipolar disorder, schizophrenia, PTSD, and stress-related syndromes. Many of these
conditions also show distinct alterations in HRV, sleep architecture, and speech prosody (Baydili
et al., 2025; Pavlopoulos et al., 2024; Yang et al., 2024).

Emerging work in speech-based prediction for schizophrenia and suicide risk reinforces the value
of expanding the language model (LLM) pipeline to detect nuanced linguistic features such as
disorganized thought patterns and suicidal ideation (Marie et al., 2025; Ali et al., 2025). Future
models should incorporate task-specific fine-tuning for these diagnoses and draw from multi-label
annotation datasets to enable comorbidity detection.

Additionally, early signs of stress dysregulation in student and working populations could be
captured through wearable and smartphone data fusion (Liu & Zoghi, 2025; Kalanadhabhatta,
2024). Integrating cognitive load, location variance, and mobile usage patterns will support
broader behavioral sensing strategies.

9.2 Scaling Data Diversity, Real-World Deployment, and Validation

To generalize across clinical populations and deployment settings, it is critical to scale longitudinal
data acquisition through multisite trials and diverse cohorts. Currently, most datasets used in digital
mental health research are limited by small sample sizes, single-device dependency, and
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homogeneous demographic pools (Hornstein, 2025; Nepal, 2024). This introduces bias,
undermines equity, and restricts clinical reliability.
Future phases of this work should include integration with:
e Public datasets like StudentLife, DAIC-WOZ, and NSRR
e Nationally representative surveys like NHANES and UK Biobank
e Custom cohort building via mobile health platforms
Moreover, as shown in recent frameworks, real-world deployment must include mechanisms for
adaptive learning, continual personalization, and model calibration over time (Jiang et al., 2024;
Gritzer, 2025). Developing robust federated learning pipelines and ensuring compliance with
health data regulations (e.g., HIPAA, GDPR) will support widespread use.

Table 5: Strategic Expansion Plan for AI-Enabled Mental Health Biosensing System

populations

remote/rural populations

Dimension Short-Term Focus | Mid-Term  Focus (1-2 | Long-Term Vision (3+
(6—12 months) years) years)

Target Disorders | Major  Depressive | Anxiety, Schizophrenia, | Comorbidity  detection,
Disorder (MDD) PTSD, Bipolar Disorder behavioral  phenotyping

spectrum
Modalities HRV, Sleep, Speech | Add smartphone sensors, | Multimodal fusion with
Integrated digital activity, GPS, facial | genomic, microbiome, and
microexpressions environmental data
Cohort Diversity | Pilot trials, academic | Community clinics, | National-scale mental

health observatories

Speech Pipeline | LLM-extracted Context-aware  embedding | Multilingual emotion
Development sentiment and pauses | models (e.g., speech | modeling, dialect bias
transformers) mitigation
Modeling Transformer fusion, | Continual learning, temporal | Dynamic risk prediction
Techniques sliding-window ensembling with reinforcement
inference learning
Explainability Attention heatmaps, | User feedback loops, trust | Cognitive modeling,
Interfaces clinician dashboards | calibration clinician-Al dialogue
systems
Data Governance | Basic  encryption, | Federated learning, secure | Differential privacy, on-
& Privacy local encoding aggregation device self-learning
Ethical & | Institutional review | Interdisciplinary ethics | Regulatory  certification
Regulatory board approvals boards, bias audits (e.g., FDA SaMD), real-
Pathways time ethical Al engines
Clinical Visual alerts, PHQ-9 | EHR integration, | Al-Enabled triage and
Integration interface telepsychiatry plugins diagnostic assistants
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9.3 System Integration and Interdisciplinary Collaboration
Future success depends not only on technical upgrades but on cross-sector collaboration and
transdisciplinary integration (MOHANACHANDRAN et al., 2025; Maxwell & Morrissey, 2025).
Mental health Al development must move beyond siloed engineering to embrace inputs from
psychiatry, ethics, public health, and digital design.
Key integration priorities include:
e Embedding the system into electronic health record (EHR) platforms for clinician access.
e Developing mobile apps with real-time feedback for users, including mood forecasting and
cognitive-behavioral prompts.
e Partnering with mental health NGOs and digital wellness startups to support community
deployment.
e Aligning with medical education reforms to train clinicians on interpreting and co-working
with Al systems (Zhang & Zheng, 2025).
Furthermore, regulatory alignment with global frameworks on Al transparency, data rights, and
algorithmic fairness will be essential. Mechanisms such as bias impact reports and model audit
trails will help build long-term public trust.
In summary, the fusion of HRV, sleep, and LLM-derived speech biomarkers into a real-time
wearable system represents a promising frontier in predictive mental health monitoring. However,
to fulfill its full potential, future research must move toward scalable, ethically-grounded, and
clinically-embedded ecosystems. By broadening target conditions, refining multimodal data
inputs, improving modeling adaptability, and expanding global collaborations, this research can
evolve into a transformative tool for preventive psychiatry and personalized well-being.

10. Conclusion

This research proposes and articulates a novel framework for real-time depression onset prediction
by fusing heart rate variability (HRV), sleep architecture patterns, and LLM-extracted speech
biomarkers within a longitudinal, wearable-based system. By integrating physiological and
behavioral indicators through an Al-Enabled multimodal pipeline, the study addresses existing
limitations in early depression detection particularly the lack of continuous, personalized, and non-
invasive monitoring tools.

The Transformer-based fusion model, combined with personal baseline calibration and
explainability mechanisms, marks a significant advancement in clinical Al. Unlike conventional
diagnostic approaches reliant on sporadic self-reports or clinician observations, this system offers
continuous risk tracking, timely alerts, and clinician-facing dashboards making it especially
valuable for at-risk populations.

Additionally, by leveraging large language models (LLMs) to extract prosodic and semantic
markers from speech, the system broadens the scope of digital phenotyping reflecting growing
trends in Al-driven psychiatry (Baydili et al., 2025; Ali et al., 2025; Tao, 2024). The integration
of wearable data further enhances the ability to detect subtle physiological shifts associated with
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mental health deterioration, aligning with modern approaches to behavioral sensing (Liu & Zoghi,
2025; Hornstein, 2025).

Beyond its technical contributions, this work emphasizes ethical Al deployment, bias mitigation,
and privacy-preserving architecture acknowledging the real-world complexities of clinical
implementation and public trust (Jiang et al.,, 2024; Pavlopoulos et al., 2024;
MOHANACHANDRAN et al., 2025).

Looking ahead, the system holds vast potential to expand beyond depression toward anxiety,
PTSD, schizophrenia, and stress monitoring, and to evolve through federated learning, EHR
integration, and mobile app adaptation. When responsibly scaled, such platforms may transform
the future of preventive mental health, enabling earlier interventions, reducing the burden of
mental illness, and empowering individuals and healthcare systems alike.
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