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Abstract- Mental health disorders affect over one billion
people globally, yet timely professional support remains
limited. This paper presents MindCare, an Al-powered mental
health chatbot integrating Natural Language Processing
(NLP), Machine Learning (ML), and Deep Learning (DL) for
empathetic, context-aware conversational support. The system
employs a fine-tuned BERT-based transformer for emotion
and intent detection, a Bidirectional LSTM (BiLSTM) for
sentiment analysis, and a Retrieval-Augmented Generation
(RAG) framework for clinically informed responses. A Crisis
Detection Module (CDM) triggers emergency escalation when
suicidal ideation is detected. Evaluation on Empathetic
Dialogues and DAIC-WOZ datasets demonstrates 94.7%
emotion accuracy, 91.3% intent F1-score, and 87.2% user
satisfaction across 500 clinical trial participants over 12
weeks (p < 0.001).
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I. INTRODUCTION

Mental health is one of the most pressing global
health challenges of the 21st century. The World Health
Organization reports that 1 in 8 people lives with a mental
disorder, with anxiety and depression being the most prevalent
[1]. The COVID-19 pandemic triggered a 25% surge in global
prevalence within its first year [2]. Despite this, nearly two-
thirds of affected individuals never seek professional help due
to stigma, cost, and geographic barriers.

Conversational Al  offers  24/7
anonymity, and scalability that traditional care cannot
economically provide. However, existing mental health
chatbots use shallow rule-based systems incapable of handling
nuanced emotions or crisis signals [3]. This paper proposes
MindCare, a multi-layer deep learning chatbot addressing
these gaps with four key contributions:

availability,
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(1) Fine-tuned BERT transformer for simultaneous emotion
detection and intent classification (94.7% accuracy).

(2) BiLSTM-based longitudinal mood monitoring across user
sessions.

(3) Retrieval-Augmented Generation (RAG) engine grounded
in clinical CBT guidelines.

(4) Crisis Detection Module (CDM) with real-time human
escalation protocols.

I1. SYSTEM ARCHITECTURE
A. Overall Architecture

MindCare adopts a modular pipeline comprising: (1)
Preprocessing Engine, (2) NLP Feature Extractor, (3) Emotion
and Intent Classifier, (4) Response Generation Module, and
(5) Crisis Detection Module. The system is deployed via
Docker microservices with a RESTful API gateway.

B. Preprocessing Engine

Raw text undergoes multi-stage normalization;
contraction expansion, Unicode normalization, and custom
mental-health-aware tokenization that preserves clinical
terminology and emotionally significant punctuation.
Negation scope detection prevents sentiment inversion errors
common in standard pipelines.

C. BERT-Based Emotion and Intent Classification

The core NLP component uses a fine-tuned BERT-
base-uncased (110M parameters) with a dual-head classifier.
The emotion head classifies into 28 categories following
Plutchik's model; the intent head identifies 12 therapeutic
intents. Trained on 385,000 samples using AdamW
(Ir =2x107°, 5 epochs). The classification equations are:

ygmoteon = soﬁmax(Wz : h[CLS] + bl)
yhent = softmax(W- - hfCLS] + bs)
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D. BiLSTM Sentiment Analysis

Longitudinal mood tracking uses a 2-layer BiLSTM
(256 hidden units per direction) that processes session-level
BERT embeddings. It outputs a PHQ-9-aligned depression
score and a GAD-7-aligned anxiety index, detecting gradual
deterioration that single-session models miss.

E. Retrieval-Augmented Generation

Response generation combines dense retrieval over
12,400 expert-authored CBT templates (encoded via sentence-
transformers all-mpnet-base-v2) with a GPT-4 decoder fine-
tuned via RLHF on therapist feedback. Top-k=5 retrieved
passages are concatenated with the user query for contextually
grounded generation.

F. Crisis Detection Module

A dedicated RoBERTa classifier (trained on 45,000
crisis-labeled utterances) detects suicidal ideation and self-
harm with 96.2% sensitivity and 94.8% specificity. Upon
detection, the system provides emergency resources, notifies a
human counselor, and switches to a structured safety script
within 23 seconds mean escalation time (mEST).

I11. RELATED WORK

Mental health chatbot research has evolved through
three generations. First-generation systems such as ELIZA [4]
used pattern matching to simulate therapeutic dialogue but
lacked semantic understanding. Second-generation systems
applied ML classifiers; Woebot [5] used rule-based CBT,
proving effective for mild depression but limited to scripted
flows [6]. Third-generation transformer systems like
MentalBERT [7] and Xu et al. [8] achieve state-of-the-art
emotion recognition but lack integrated crisis handling and
longitudinal modeling. MindCare unifies all three capabilities
in one production system.

Fig. 1. MindCare System Architecture
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Fig. 1. MindCare End-to-End System Architecture
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Fig. 2. BERT Fine-Tuning Pipeline for Emotion and Intent Classification
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Fig. 2. BERT Fine-Tuning Pipeline for Dual-Head
Emotion and Intent Classification

IV. EXPERIMENTAL SETUP
A. Datasets

(1) EmpatheticDialogues [9]: 25,000 annotated conversations
with 32 emotion labels for classification benchmarking. (2)
DAIC-WOZ [10]: 193 clinical interviews with PHQ-8 scores
for depression estimation. (3) Crisis Text Line Dataset: 50,000
anonymized crisis conversations for CDM training. (4)
Proprietary  Clinical Corpus: 120,000 therapist-patient
dialogue snippets from partnered clinics.

B. Evaluation Metrics

Performance was measured using: (1) Emotion Classification
Accuracy and Macro F1; (2) Intent Recognition Precision,
Recall, and F1; (3) Response Quality via BLEU-4 and
BERTScore; (4) Clinical Outcomes via PHQ-9 and GAD-7
pre/post trial; (5) User Satisfaction via the 7-item Chatbot
Usability Scale (CUS); (6) Mean Escalation Response Time
(mEST).

C. Baselines

MindCare was evaluated against four baselines: ELIZA (rule-
based, 1966), Woebot (scripted CBT), MentalBERT (pre-
trained transformer), and the Xu et al. multi-task learning
framework. All baselines were tested on identical held-out
evaluation sets to ensure fair comparison.

D. Clinical Trial Design

A 12-week randomized controlled trial (RCT) at three clinical
sites enrolled 500 participants (age 18-55, DSM-5 diagnosed
anxiety or depression). Participants were randomly assigned to
MindCare (n=255) or a waitlist control (n=245). PHQ-9 and
GAD-7 assessments were administered at 0, 4, 8, and 12
weeks.
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V. RESULTS AND DISCUSSION

Table | presents the performance of MindCare
against all baselines. MindCare achieves 94.7% emotion
accuracy, 91.3% intent F1, and a BERTScore of 0.891,
outperforming all baselines across every metric. The full
performance comparison is presented below.

TABLE I. System Performance Comparison

System Emo. Acc. (%) Intent F1 BERTScore CUS (/5) mEST (s)
ELIZA [4] 412 038 0612 2.1 NA
Wocbot [5] 67.8 0.61 0.734 3.4 —

Mental BERT [7] 883 0.82 0.841 39

Xu etal. [8] 911 0.87 0367 4.1 —
MindCare (Proposed) 94.7 0913 0891 46 23

Fig. 3, Performance Comparison Across Mental Health Chatbot Systems
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Fig. 3. Performance Comparison Across Mental Health
Chatbot Systems

Fig. 4. Clinical Trial Outcomes: 12-Week RCT (n=500)
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Fig. 4. 12-Week RCT Clinical Outcomes: (a) PHQ-9
Depression Scores; (b) GAD-7 Anxiety Scores

A. Discussion

Clinical trial results (n=500, 12 weeks) revealed
statistically significant improvements. MindCare participants
showed a mean PHQ-9 reduction of 6.3 points (p <0.001,
Cohen's d=0.82) and GAD-7 reduction of 5.1 points
(p < 0.001). The control group showed no significant change.
The CDM identified 98/102 simulated crisis cases (96.1%
recall), with mean escalation time of 23 seconds.
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Superior performance is attributed to joint emotion-intent
BERT learning and the RAG framework's clinically validated
knowledge base. Ablation studies confirmed the BiLSTM
temporal module contributed an 11.4% improvement in
depression severity estimation. User feedback highlighted
empathy (4.7/5), response relevance (4.5/5), and ease of use
(4.8/5).

Limitations include occasional generative
hallucinations (3.2% of responses flagged by expert review)
and reduced performance on code-switched (Tamil-English)
inputs. The confusion matrix (Fig. 5) shows strongest
classification for Joy (95.8%) and lowest for Anger (91.8%),
reflecting dataset imbalance for complex emation categories.

VI. ETHICAL CONSIDERATIONS

(1) Data Privacy: All data is AES-256 encrypted at
rest and TLS 1.3 in transit. MindCare is HIPAA-compliant
and GDPR-compatible with a custom de-identification
pipeline. (2) Bias Mitigation: Training corpus was audited
across age, gender, ethnicity, and socioeconomic status.
Fairness constraints are embedded in the fine-tuning loss
function.(3) Human Oversight: MindCare is a supplementary
tool, not a replacement for licensed therapists. All crisis events
trigger mandatory human review. Monthly audit reports are
generated for clinical supervisors. (4) Informed Consent:
Users are informed they interact with an Al, and explicit
consent is obtained before data retention.

VII. CONCLUSION

This paper presented MindCare, a comprehensive Al-
powered mental health chatbot integrating BERT dual-head
classification, BiLSTM temporal analysis, RAG response
generation, and a robust crisis detection system. State-of-the-
art benchmarks and significant clinical outcomes in a 12-week
RCT validate the proposed architecture.

Future work will explore multi-modal inputs (voice,
facial expression), multilingual support for regional Indian
languages, and federated learning for privacy-preserving
personalization. MindCare represents a meaningful step
toward democratizing access to mental health support through
responsible, clinically grounded Al.
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