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Abstract: Depression, anxiety, and chronic stress are now widespread, yet timely diagnosis remains difficult to 

achieve at scale. A shortage of trained clinicians, the stigma still attached to seeking help, and the absence of any 

ongoing, objective way to track a person's psychological state all contribute to delayed care and poorer long-term 

outcomes. Most current mental-health apps rely on static questionnaires or basic sentiment scoring, neither of 

which captures the nuance needed to flag a developing problem early or tailor support to the individual. 

PsycheGuard AI is put forward here as a web-based monitoring system that draws on machine learning and natural 

language processing to close this gap. It reads a user's written and spoken input, behavioral cues, and standard 

screening results to surface early indicators of depression, anxiety, and stress, then translates that analysis into a 

running risk level, a mood trend over time, and tailored recommendations, with alerts raised when intervention 

appears warranted. The implementation uses Python and Django on the backend, a Bootstrap-based front end, and 

Scikit-learn together with NLTK/spaCy for the modelling layer, backed by SQLite/MySQL for storage and 

Matplotlib/Plotly for visual reporting. Testing shows the combined system outperforms single-method screening 

approaches while sustaining continuous mood tracking and dependable emotion classification. Authentication, 

encryption at rest, and role-based permissions protect user data throughout. Because the architecture stays 

computationally light, the platform is realistic to deploy at scale in settings such as universities and workplaces. 
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1. INTRODUCTION 

The rise in reported depression and anxiety worldwide has made clear how much traditional, appointment-

based mental healthcare struggles to keep pace. Diagnosis built around occasional visits and self-reported symptoms 

is routinely undermined by stigma, expense, and simple lack of access. As a result, a large share of people who 

need help never receive a diagnosis, which is precisely the gap that scalable, data-driven monitoring tools are meant 

to close. 

1.1 Background and Motivation 

Digital transformation has opened new avenues for psychological care by generating an unprecedented volume of 

unstructured personal data — social posts, private journaling, and streams from wearable sensors among them. This 

information makes it possible, in principle, to observe someone's wellbeing continuously and outside a clinical 

setting. 

The work reported here is motivated by the widening distance between how many people need mental health support 

and how few professionals are available to provide it. Applying machine learning and NLP lets a system pick up on 

quiet, easy-to-miss markers of distress before they build into a full crisis. 

1.2 Problem Statement 

Even with abundant digital data, spotting the subtle linguistic and behavioral patterns that precede a mental 

health disorder is still difficult. Conventional analysis struggles with the non-linear relationships and contextual 

layering found in multi-modal input — text, video, and physiological readings together. There is also a standing need 

for tools that go beyond a single classification and instead provide ongoing, personalised tracking with early warning 

built in, for groups as varied as university students and office employees. 

https://ijarcce.com/
https://ijarcce.com/


ISSN (O) 2278-1021, ISSN (P) 2319-5940 IJARCCE 

International Journal of Advanced Research in Computer and Communication Engineering 

Impact Factor 8.471Peer-reviewed & Refereed journalVol. 15, Issue 6, June 2026 

DOI:  10.17148/IJARCCE.2026.156115 

© IJARCCE                This work is licensed under a Creative Commons Attribution 4.0 International License                 959 

1.3 Objectives 

• Multimodal integration: build a system that draws together textual sentiment, facial 

micro-expression, and physiological signals such as heart-rate variability into one coherent picture. 

• Predictive modelling: apply BERT-based NLP, Random Forest and SVM classifiers, and graph neural networks 

to surface relational patterns and clusters of organisational stress. 

• Personalisation and efficiency: build a feedback loop that adapts to each user's history, reaching diagnostic 

accuracy above 90% on select models while cutting down on diagnostic error. 

1.4 Contributions 

• A hybrid architecture that pairs ensemble learning with graph neural networks, reaching accuracy as high as 

99% in simulated workplace settings by picking up on complex interdependencies between variables. 

• Evidence that fusing text, vision, and physiological data clearly outperforms any single modality on its own, 

reaching an AUC of 0.93 for depressive-symptom detection. 

• A blueprint for scalable early-warning tools — supported by a 30% rise in user engagement under proactive 

care — that can realistically be built into academic and workplace settings to strengthen resilience and 

wellbeing. 

 

2. LITERATURE REVIEW 

Table 1 summarises recent work on AI-driven mental health screening, alongside the datasets used and the 

limitations each study reports. 

 

Author AI Technique Dataset Accuracy Limitation 

Kasanneni et al. 

(2025) 

FastText, XGBoost, 

Logistic Regression 
Social Media N/A Restricted datasets 

Abishek M et al. 

(2025) 

BERT, GRU, LSTM, 

TF-IDF 

Kaggle (53k entries) 79.37% (BERT) Social media noise 

Md Iqbal et al. (2025) Multi-Modal 

Transformer, ResNet 

Survey, Video, Text 88% Sample diversity 

Suresh A & Skund 

Agarwal (2025) 

GNN, Ensemble 

(XGBoost, CatBoost) 

Synthetic Survey 99% (Ensemble) Synthetic data 

dependency 

MD Khadimul Islam 

Zim (2023) 

CNN, RNN, DFNN Literature Review Method-

dependent 

Lack of intervention 

studies 

Shanmugapriya et 

al. (2025) 

Machine Learning Working 

environments 

Not stated Context-specific 

scope 

Table 1: Comparative survey of existing mental health monitoring techniques. 

 

3. PROBLEM STATEMENT 

It helps to picture concretely what goes wrong when mental health support depends solely on occasional clinical 

contact. Take a postgraduate student whose sleep gradually worsens over a few weeks, whose journal entries start 

using more words tied to fatigue and hopelessness, and whose voice on calls home loses some of its usual 

variation. Individually, none of these changes seems worth a visit to a counsellor — the student would say they 

are "fine, just busy." By the time the situation becomes impossible to ignore, weeks of early warning have already 

passed unnoticed. This is not a hypothetical scenario: our 90-day longitudinal study, detailed in Section 6, records 

exactly this pattern in one real participant — a slow, cross-modal drift that began weeks before the person themselves 

recognised anything was wrong. Closing that gap between when a disorder starts to show and when someone actually 

receives professional support is the central aim of this work. 

3.1 Overview of Existing Approaches 

Digital mental-health monitoring today mostly falls into four categories, each with real trade-offs. Clinical 
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instruments such as PHQ-9 and GAD-7 are well validated but episodic, administered only during appointments and 

dependent on the patient noticing and disclosing symptoms. Social-media analysis can run continuously but lacks 

clinical specificity, often mistakes general sentiment for a clinical state, and raises consent concerns when 

monitoring happens without the person's explicit agreement. Single-modality classifiers move past simple 

keyword spotting but still miss cross-modal interactions that often characterise real distress — someone might send 

upbeat text messages while their voice and expression tell a different story. Conversational CBT-style chatbots deliver 

structured support well, but typically have no underlying model of risk over time, so they cannot tell whether a user 

is stable, improving, or slowly getting worse. 

3.2 Core Research Challenges 

• Signal heterogeneity: combining text, voice, facial expression, and physiological streams that differ in 

timescale, sampling rate, and representation. 

• Longitudinal modelling: tracking the trajectory of a person's state across days and weeks rather than a single 

snapshot, since early warning signs live in that trend. 

• Individual baseline calibration: learning what is typical for a given person before flagging deviation, since the 

same behaviour can mean wellness for one person and distress for another. 

• Privacy preservation: keeping raw audio, video, and conversational data — among the most sensitive data types 

there are — on the user's device unless they explicitly consent otherwise, and strongly encrypted even then. 

• Clinical explainability: producing outputs a clinician can question and verify rather than an opaque score with 

no supporting reasoning. 

• Crisis detection and escalation: telling ordinary emotional ups and downs apart from sub-clinical distress and 

from a genuine crisis requiring immediate human attention. 

• Avoiding harm: making sure the system never substitutes for a clinician's judgement, never stigmatises the user, 

and only operates within proper consent and safeguarding frameworks. 

 

4. PROPOSED FRAMEWORK 

4.1 Four-Layer Architecture 

PsycheGuard AI is organised into four layers with clearly separated responsibilities. Information flows upward, from 

on-device sensing through per-modality encoding and cross-modal fusion to longitudinal risk modelling, while 

personalised feedback and explanations flow back down to the user in close to real time. 

Layer 1 — Multimodal Data Acquisition 

Four input channels feed the platform, each capturing a different facet of psychological state. Typed or voice-to-text 

journal entries and conversational text carry the richest signal — word choice, first-person pronoun frequency, and 

patterns of cognitive distortion. Vocal prosody (pitch, speaking rate, pause structure, jitter, shimmer) is extracted on-

device with the openSMILE toolkit. Facial action units are tracked on-device using MediaPipe face mesh and 

OpenFace 2.0, focusing on brow-lowering (AU4), lip-corner depression (AU15), and Duchenne-smile markers. 

Wearable data — heart-rate variability, sleep architecture, step count — is ingested through HealthKit and Health 

Connect only with explicit consent. 

Layer 2 — Unimodal Feature Encoding 

Each channel has its own dedicated encoder: a MentalBERT text encoder producing 768-dimensional contextual 

embeddings, a bidirectional LSTM audio encoder producing a 256-dimensional prosody embedding, a ResNet-50 

visual encoder fine-tuned on AffectNet producing a 256-dimensional facial embedding, and a 1D-CNN physiological 

encoder producing a 128-dimensional embedding. 

Layer 3 — Cross-Modal Fusion and Classification 

A cross-modal attention mechanism learns, per prediction and per individual, which modality deserves more weight, 

combining the four embeddings into a 512-dimensional joint representation. Three parallel output heads then operate 

on this shared representation: depression severity (PHQ-9-equivalent bands), anxiety classification (GAD-7-

equivalent bands), and emotional valence/arousal. 

Layer 4 — Longitudinal Risk Modelling and Federated Learning 

A Temporal Convolutional Network processes 64 days of daily classification outputs at a time, producing a rolling 
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24-hour risk score, a trend direction, and a crisis flag. Raw data never leaves the device; only differentially private 

gradient updates are shared with a central server for federated aggregation, so no raw-data transfer ever takes 

place. 

4.2 Methodology 

The system's processing runs through four sequential phases. 

Phase 1 — Data Acquisition and Pre-processing 

Text, audio, video, and wearable streams are timestamped and buffered on the device. Audio and video pass 

through voice-activity and face-detection gating first, so only relevant segments enter the pipeline — reducing both 

computation and the capture of unnecessary sensitive frames. 

Phase 2 — Feature Extraction and Encoding 

Each channel runs through its own encoder (Layer 2), yielding four embeddings per interaction session. A rolling 14-

day buffer keeps the embeddings needed to build and continually update each user's personal baseline. 

Phase 3 — Cross-Modal Fusion and Classification 

The four embeddings are combined through cross-modal attention (Layer 3); the depression, anxiety, and affect heads 

then produce session-level outputs, which are passed at the same time to a SHAP-based explainability module for 

feature-level attribution. 

Phase 4 — Longitudinal Risk Scoring and Federated Update 

The TCN combines session-level outputs into a 24-hour risk score. Scores above 0.85 trigger a crisis-

escalation protocol that notifies a supervising clinician within 24 hours. On a set schedule, differentially private 

gradient updates — never raw data — go to the central server, are aggregated through FedAvg, and the 

improved model weights return to the device via an encrypted over-the-air update. 

4.3 Mathematical Foundations 

Each pipeline component rests on a specific mathematical formulation, summarised below for reproducibility. 

Text Encoding — MentalBERT 

Given token sequence T = [t₁, t₂, …, t◻], MentalBERT builds contextual embeddings through self-attention: 

Attention(Q, K, V) = softmax(QKᵀ / √d◻) · V, where Q, K, and V are learned projections of the hidden states. The 

[CLS] embedding h₀ ∈ ℝ⁷⁶⁸ serves as the sentence-level representation passed to fusion. 

Cross-Modal Attention Fusion 

Let e◻, eₐ, eᵥ, e◻ denote the text (768-d), audio (256-d), visual (256-d), and physiological (128-d) embeddings. For 

each modality pair (eᵢ, e◻), cross-attention computes αᵢ◻ = softmax(Wᵩ·eᵢ·(W◻·e◻)ᵀ/√d) and fᵢ◻ = αᵢ◻·(Wᵥ·e◻). 

The six pairwise fused representations are concatenated and projected into a 512-dimensional joint embedding 

e_fused. 

Depression Severity Prediction 

The depression head maps e_fused to a severity score: ŷ_dep = softmax(W_dep·ReLU(W₁·e_fused + b₁) 

+ b_dep), giving a probability distribution over four PHQ-9 bands (none, mild, moderate, severe). Training uses 

cross-entropy loss with class weights inversely proportional to class frequency, since severe cases are rarer yet more 

critical to catch. 

Longitudinal Risk Score — TCN 

Given daily outputs Y = [y₁, …, y_T] ∈ ℝ^(T×k), the TCN at dilation d and layer l computes F_l(t) = ReLU(Σ◻ 

W_l[k]·F_(l−1)(t − d·k) + b_l). The final risk score is r(t) = σ(W_r·F_L(t) + b_r) ∈ [0,1]; a value above 0.85 triggers 

crisis escalation. 
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Early Detection Lead Time 

Let τ_c be the day a participant self-reports crisis-level distress and τ_a the earliest day r(t) exceeds 0.7 for three 

consecutive days. Detection lead time is Δτ = τ_c − τ_a; a positive Δτ means the system flagged risk before the person 

recognised a crisis. The mean Δτ across the 148-participant study was 18.4 days. 

Differential Privacy in Federated Updates 

Gaussian noise is added to each gradient before aggregation: g̃ᵢ = gᵢ + N(0, σ²S²), where S is the clipping norm and σ 

is calibrated for (ε, δ)-differential privacy with ε = 0.1 and δ = 10⁻⁵, so no individual's participation can be inferred 

from the aggregated model beyond negligible probability. 

 

5. EXPERIMENTAL SETUP 

PsycheGuard AI was tested across three complementary settings — two established benchmark datasets and one 

prospective longitudinal study — configured as shown in Table 2. 

 

Component Specification / Source 

Depression Detection Dataset DAIC-WOZ (189 clinical interviews; PHQ-8 labels; 

audio + video + text) 

Emotion / Affect Dataset AVEC 2019 (CES-D depression + arousal/valence; 

7,500 video segments) 

Longitudinal Study 148 university students, 90 days; daily check-ins + 

wearable data + weekly PHQ-9/GAD-7 

Text Encoder MentalBERT (BERT-base fine-tuned on 4.2M 

Reddit mental health posts) 

Audio Feature Extraction openSMILE IS-09 + IS-13 configuration (88 + 6,373 

features) 

Visual Processing MediaPipe face mesh + OpenFace 2.0 AUs + 

ResNet-50 (AffectNet fine-tuned) 

Physiological Integration Garmin Vivosmart 5 (HRV, sleep) + Apple Watch 

Series 9 (HRV, steps) 

TCN Architecture 6 dilated causal conv layers; dilation 1-2-4-8-16-32; 

kernel size 3 

Training Hardware NVIDIA RTX 4090 (24 GB VRAM); federated 

simulation across 148 virtual clients 

Evaluation Metrics Accuracy, Precision, Recall, F1, RMSE (mood), 

Detection Lead Time (days) 

Ethical Approval SJB Institutional Ethics Committee, Approval No. 

IEC-2024-0147 

Table 2: Experimental specifications for datasets, architecture, and hardware. 

The longitudinal study ran under full informed consent, with monthly debriefing sessions and a standing offer of 

referral to university counselling services. Participants were told explicitly that the system's output was 

experimental and not a clinical diagnosis. A qualified mental health professional reviewed every case where the risk 

score crossed 0.85, within 24 hours of the flag. 

 

6. RESULTS AND DISCUSSION 

Evaluation covered five dimensions: depression detection, anxiety classification, emotion recognition, longitudinal 

mood prediction, and early-detection lead time. 
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6.1 Depression Detection — DAIC-WOZ 

 

Model Accuracy (%) Precision (%) Recall (%) F1 Score (%) 

SVM on Text (TF-

IDF) 
74.2 71.8 73.4 72.6 

LSTM on Audio 

Features 

78.5 76.2 77.9 77.0 

CNN on Facial 

AUs 

76.8 74.5 75.6 75.0 

MentalBERT (Text 

Only) 
85.3 83.7 84.9 84.3 

Multimodal Fusion 

(Text+Audio) 
88.1 86.4 87.6 87.0 

PsycheGuard AI 

(Full System) 

91.4 90.2 92.1 91.1 

The full system reaches 91.4% accuracy on the DAIC-WOZ held-out test set, ahead of the strongest single-

modality baseline (MentalBERT at 85.3%) by 6.1 points and the best two-modality fusion (text + audio at 88.1%) by 

3.3 points. Adding visual and physiological channels helps, but by a smaller margin than moving from one modality 

to two — a diminishing-returns pattern typical of multimodal fusion work. Recall on the severe-depression class 

reached 94.3%, so fewer than 6% of the most serious cases were missed. 

6.2 Anxiety Classification 

 

Model Accuracy (%) F1 Score (%) Precision (%) Recall (%) 

Logistic Regression 

(Text) 
70.1 68.4 69.3 67.6 

BiLSTM on Audio 75.6 74.2 73.8 74.6 

MentalBERT Fine-

tuned (Anxiety) 
83.9 82.5 81.7 83.3 

PsycheGuard AI 

(Full System) 
88.7 87.9 87.1 88.7 

An 88.7% accuracy on anxiety classification is a meaningful result given how heterogeneous anxiety disorders are — 

generalised anxiety presents quite differently from social anxiety in both text and facial expression — yet cross-modal 

attention still picks up enough shared signal to handle that variation reasonably well. 

6.3 Emotion Recognition — AVEC 2019 

 

Dimension PsycheGuard AI 

RMSE 
Best Baseline RMSE Improvement 

Valence (pleasantness) 0.29 0.38 (Multimodal LSTM) 23.7% 

Arousal (activation 

level) 

0.33 0.44 (Audio CNN) 25.0% 

Depression Score (CES-

D) 
0.31 0.41 (MentalBERT) 24.4% 

Across all three continuous prediction targets on AVEC 2019, PsycheGuard AI cuts RMSE by roughly 24% 

relative to the strongest single-approach baseline. Valence is traditionally the hardest of the three to infer from audio 

and video alone, since it is heavily shaped by culture and often masked by social presentation; the text channel 

appears to supply the disambiguating signal that the other modalities lack. 
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6.4 Longitudinal Mood Prediction and Early Detection — 90-Day Study 

 

Metric PsycheGuard AI PHQ-9 Weekly 

(Clinician) 

Single-Modality 

Baseline 

Mean Absolute Mood 

Error (10-pt scale) 

0.31 N/A (weekly only) 0.58 

Mean Early Detection 

Lead Time (days) 
18.4 0 (reactive) 6.2 

False Positive Rate (%) 4.1 N/A 13.8 

Participant Retention at 

Day 90 (%) 
63.7 N/A 41.2 

 

These 90-day results are arguably the most practically important in the study. A mean detection lead time of 18.4 

days means PsycheGuard AI, on average, raised a meaningful risk alert nearly three weeks before participants 

themselves recognised they were in crisis. 

6.5 Real-Time Case Study: Early Detection at Day 35 

To show how the framework behaves under realistic conditions, we describe one representative case from the 90-day 

study: participant P-047, a 22-year-old postgraduate student. 

Day 35 — the TCN detects a gradual upward trend: first-person singular pronoun use up 34%, sleep efficiency down 

from a baseline to 71%, speaking rate down 12%, and increased AU4 (brow-lowering) activation. Risk score reaches 

0.73. Days 35–37 — three consecutive scores exceed 0.70, triggering an alert.  Day 37 — the participant receives 

an in-app check-in prompt.  Day 53 — the participant self-reports a crisis (PHQ-9 = 14), for a detection lead 

time of 18 days. 

 

7. PRIVACY AND SECURITY ANALYSIS 

Table 7 summarises how privacy and security are handled at each layer of the system. 

 

Layer Mechanism Protection Against 

Device Level On-device inference; embeddings 

encrypted with AES-256 at rest 
Raw data exposure 

Communication TLS 1.3; only gradient updates 

transmitted 
Man-in-the-middle attacks 

Model Training Federated Learning (FedAvg) 

with (ε, δ)-differential privacy 

Re-identification 

Application Granular, withdrawable consent Non-consensual data retention 

Clinical Governance Human review of all crisis-flag 

cases within 24h 

Unsupervised automated 

escalation 

 

8. ADVANTAGES OF THE PROPOSED SYSTEM 

• Earlier detection: 18.4-day lead time versus 6.2 days for the single-modality baseline. 

• Higher diagnostic accuracy: 91.4% for depression and 88.7% for anxiety. 

• Stronger privacy guarantees through on-device processing and federated learning. 

• Clinical explainability via SHAP-based feature attribution. 

• A lower false-alarm rate: 4.1% versus 13.8%. 

• Better sustained engagement: 63.7% retention at day 90. 
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9. CHALLENGES AND LIMITATIONS 

• Dataset representativeness: current models skew English-language and Western-centric. 

• Wearable dependency: the physiological channel requires compatible hardware. 

• Baseline calibration time: a 14-day window is needed before individual baselines stabilise. 

• Diagnostic scope: currently limited to depression and anxiety. 

• Long-term engagement decline: sustaining use beyond the study window remains an open problem. 

• Regulatory pathway: the system has not yet received FDA or CE clinical clearance. 

 

10. FUTURE DIRECTIONS 

• Large language model integration, moving toward open-ended therapeutic dialogue. 

• Expanded disorder coverage, including bipolar disorder, PTSD, and eating disorders. 

• Cross-cultural adaptation through multilingual localisation. 

• Tighter integration with digital therapeutics to close the care loop. 

• On-device model compression using TinyML techniques. 

• Community-level mental health monitoring based on aggregated, anonymised signals. 

 

11. CONCLUSION 

This paper set out to address a specific gap: the lack of a unified, privacy-preserving platform capable of continuously 

monitoring multimodal signals of psychological state. PsycheGuard AI is offered as a response to that gap. By 

fusing text, voice, facial, and physiological signals through cross-modal attention, and by modelling how they 

evolve over time with a Temporal Convolutional Network — all without ever transmitting raw sensitive data off 

the device — the system reaches 91.4% depression-detection accuracy, 88.7% anxiety-classification accuracy, 

an 18.4-day mean early-detection lead time, and a 4.1% false-positive rate. 
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