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Abstract. Mental health disorders affect over one billion people worldwide, with
treatment gaps particularly severe in resource-constrained regions such as Pak-
istan, where only 0.19 psychiatrists are available per 100,000 population. This study
presents PocketPsyc, a mobile-based system designed to deliver scalable, evidence-
based mental health support through Cognitive Behavioral Therapy (CBT). The
system integrates three specialized Al models: a fine-tuned BART model for ther-
apeutic response generation (88.2% BLEU score), a RoBERTa-base classifier for
real-time emotion recognition (F1-score of 0.89 across seven categories), and a
TinyLlama-1.1B model for personalized mindfulness guidance (rated 4.3/5 in hu-
man evaluations). To ensure user privacy, the platform employs client-side AES-256
encryption and row-level security mechanisms. Additionally, a hybrid crisis detec-
tion module combines clinical threshold monitoring with linguistic cue analysis to
identify high-risk scenarios. The system achieves an average end-to-end response
latency of 3.2 seconds. These findings demonstrate that PocketPsyc provides a tech-
nically feasible, privacy-preserving, and scalable solution for delivering Al-assisted
mental health support in underserved populations.

Keywords: Mental Health Support; Cognitive Behavioral Therapy; Emotion Recog-
nition; Multi-Model Al Systems; Mobile Health.

1. Introduction

More than 1 billion people globally suffer from mental health disorders, but 75% of in-
dividuals in low-and-middle-income countries have no access to professional care due
to few professionals, high costs, and cultural stigmatization [49l35]]. Pakistan is a clear
illustration of this crisis, with just 0.19 psychiatrists per 100,000 population catering to
more than 220 million people [31]. Artificial intelligence (AI) offers a potential solu-
tion by bringing scalable and accessible mental health support via conversational systems



1128  Magsood et al.

that deliver evidence-based interventions in a privacy-preserving and culturally appropri-
ate manner. This paper introduces PocketPsyc, a mobile deep learning-mediated mental
health assistant engineered using specialized machine learning models to provide person-
alized Cognitive Behavioral Therapy, real-time emotion monitoring, and crisis interven-
tion.

Background and Motivation. As the World Health Organization (WHO) 2022 World
Mental Health Report shows, there are more than one billion mental disorder patients
around the world [49]]. Depression and anxiety alone account for over 300 million and
280 million cases respectively, and are significant contributors to the global disease bur-
den (Figure [T). About 75% of people with mental health problems in low- and middle-
income countries receive no care at all [35].This gap derives from a shortage of quali-
fied mental health professionals, geographic obstacles, underfunding, and social stigma.
Compounding this, increased smartphone and internet use among young people has been
linked to rising anxiety and negative affect [3)], and internet addiction among youth is now
recognized as a significant mental health concern [21]], further elevating the demand for
accessible digital mental health interventions.

Global Mental Health Disorder
Statistics (2023)

H DEPRESSION 40%
B ANXIETY DISORDERS

M SUICIDAL THOUGHTS

Fig. 1. Global figures on mental health crisis. Prevalence rates of common mental health
conditions globally in 2023, showing depression (14%), anxiety disorders (11%), and
suicidal thoughts (3%) [30].

Pakistan illustrates these challenges dramatically. With approximately 34% of its 220
million people experiencing mental health disorders during their lifetime, the country
has only 0.19 psychiatrists per 100,000 population—roughly 50 times lower than WHO
recommendations [31]]. In rural areas, where 60% of the population lives, there are no
dedicated mental health services. Private consultations typically cost 2,000-5,000 PKR
($7-18), equivalent to 5-12% of the average monthly household income, putting sustained
treatment out of reach for most families.

Challenges in Traditional Mental Healthcare. Conventional mental healthcare sys-
tems face many structural constraints. WHO reports that low-income countries have fewer
than one mental health worker per 100,000 people, compared to over 70 per 100,000 in
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high-income countries [48]]. Rural populations are further disadvantaged by geographic
barriers, requiring hours of travel, time away from work, transportation costs, and overnight
stays [22]. Cultural stigma represents another major obstacle: in many South Asian cul-
tures, mental illness is perceived as personal weakness or family disgrace rather than a
medical condition [6], leading individuals to endure suffering for years without seeking
help. Traditional care also struggles with scale; therapists typically see only 20-30 pa-
tients per week and cannot support users outside clinic hours [22].

Al as a Solution. Advances in natural language processing enable Al systems to en-
gage in complex therapeutic conversations, understand emotional context, and respond
with appropriate guidance [12]]. These systems offer 24/7 availability regardless of loca-
tion, anonymity that encourages earlier help-seeking, and scalability that makes interven-
tions economically viable in resource-limited settings [27/42]. Modern transformer-based
models can understand multi-turn conversational context, recognize emotional states from
text, and generate empathetic responses adapted to users’ cultural backgrounds [1]]. Recent
surveys on multimodal agent Al further demonstrate the growing capability of such sys-
tems to integrate diverse data sources for personalized, context-aware support [45]. When
fine-tuned on therapeutic conversations guided by evidence-based frameworks such as
CBT, these models can deliver interventions that mirror human therapist techniques [20]].
However, existing Al mental health systems share critical limitations: Woebot relies on
rigid predefined scripts without real-time emotion sensing [12]; Wysa performs only
coarse positive/negative sentiment analysis and lacks validated clinical screening [20];
and Replika provides no evidence-based therapeutic framework and raises serious pri-
vacy concerns [43l11]]. Furthermore, none of these systems are designed for South Asian
cultural contexts, where stigma patterns differ substantially from Western populations [6].
PocketPsyc directly addresses these gaps through fine-grained real-time emotion detec-
tion (seven categories, F1=0.89), integrated PHQ-9/GAD-7 crisis screening, privacy-by-
design architecture, and culturally adapted interaction design for South Asian users.

This paper makes four principal contributions:

(C1) Integrated Multi-Model Therapeutic Architecture: This work proposes and
implements a three-tier Al pipeline combining BART (fine-tuned for CBT dialogue),
RoBERTa-base (real-time emotion classification across seven categories), and TinyLlama-
1.1B (personalized mindfulness generation). Unlike prior systems that use a single general-
purpose model, each component is specialized for its therapeutic function, achieving
88.2% BLEU and F1=0.89 respectively.

(C2) Clinically Grounded Crisis Detection Mechanism: This work introduces a
multi-signal crisis detection framework that integrates validated clinical assessment tools,
including PHQ-9 and GAD-7, with continuous NLP-based emotion tracking and keyword-
level risk identification. Unlike existing systems that primarily depend on self-reported
scales or coarse sentiment analysis, the proposed approach enables earlier and more reli-
able identification of high-risk users through multimodal signal fusion.

(C3) Privacy-by-Design Mobile Architecture: This work demonstrates that rigorous
privacy protections—row-level security, client-side AES-256 encryption with PBKDF2
key derivation, and automatic 90-day data deletion—can be deployed on commodity mo-
bile infrastructure at $0.08 per active user per month, making privacy-preserving mental
health Al economically viable at scale.
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(C4) Culturally Adapted Design for South Asia: This work addresses the specific
mental health access barriers of South Asian populations, including professional scarcity
(0.19 psychiatrists per 100,000 in Pakistan), financial constraints, and culturally distinct
stigma patterns, through stigma-sensitive interaction design and Urdu-language roadmap.
This represents the first Al mental health system explicitly designed for this demographic
context.

The remainder of this paper is organized as follows. Section 2 reviews related work.
Section 3 describes the system architecture. Section 4 details Al model implementation
and privacy mechanisms. Section 5 describes the experimental methodology. Section 6
presents results. Section 7 discusses findings and limitations. Section 8 concludes with
future directions.

2. Related Work

The intersection of artificial intelligence and mental healthcare has attracted expanding re-
search attention in recent years. This section reviews existing work across four key areas:
Al-driven mental health applications, emotion detection methods, automation of Cogni-
tive Behavioral Therapy, and privacy considerations in digital mental health systems.

Al-Powered Mental Health Applications. Several commercial and research applica-
tions have demonstrated the potential of conversational Al to deliver scalable mental
health support. Woebot, introduced by Fitzpatrick et al., pioneered fully automated con-
versational agents for delivering CBT to young adults [[12]. Their randomized controlled
trial with college students showed significant reductions in depression symptoms over
two weeks. However, the system follows predefined conversational structures and lacks
advanced real-time emotion detection. Wysa combines multiple therapeutic techniques in-
cluding CBT, dialectical behavior therapy, and meditation [[20]; Inkster et al.’s evaluation
with over 129,000 users found high engagement rates, with 93% reporting that conversa-
tions helped them express their thoughts and feelings. Nevertheless, its sentiment analysis
operates at a coarse level and does not incorporate validated clinical screening tools. Rep-
lika focuses primarily on companionship using large language models for open-ended
conversations [43]]. While some users report emotional benefits, Replika does not ground
responses in evidence-based therapeutic frameworks, raising questions about safety for
users experiencing mental health crises.

Recent comparative work by Wang et al. found that Al-guided therapy demonstrated
measurable benefits in emotional clarity and stigma reduction compared to both journal-
ing and human-guided therapy, though the study also highlighted the importance of trust
and transparency in Al mental health systems [47]]. PocketPsyc addresses several limita-
tions shared by existing systems: most employ simple sentiment analysis or lack real-time
emotion detection entirely; few integrate validated clinical assessment tools such as PHQ-
9 or GAD-7; privacy practices vary widely; and most systems lack cultural adaptation for
contexts where mental health stigma differs significantly from Western norms.

Emotion Detection and Sentiment Analysis. Transformer-based language models have
proven particularly effective in emotion detection tasks. Devlin et al.’s BERT [9] and
Liu et al.’s RoBERTa [235]] established new benchmarks through bidirectional contextual
representations. When fine-tuned on emotion-labeled datasets, these models differentiate
between subtle emotional states such as anxiety and sadness, which is critical for appro-
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priate therapeutic responses. Calvo et al. found that linguistic cues in social media posts—
particularly frequent use of first-person singular pronouns and absolutist language—can
indicate depression [3]]. Park et al. observed that emotion detection models developed
primarily with Western users perform less effectively for Asian language speakers, un-
derscoring the importance of cultural adaptation [34]. Recent work has further advanced
emotion recognition for mental health applications: Zhang et al. proposed TPRO-NET, an
EEG-based approach for detecting subtle emotional changes [52], while Meng et al. intro-
duced a heterogeneous graph-based multi-message passing framework for conversational
emotion recognition [29]. PocketPsyc builds on these advances by employing RoBERTa-
base fine-tuned on the GoEmotions dataset, detecting 7 emotion categories with a macro-
averaged F1-score of 0.89 [7]], enabling the system to adapt responses dynamically and
identify nuanced emotional patterns indicating deteriorating mental health.

Cognitive Behavioral Therapy Automation. CBT has emerged as the most exten-
sively validated psychotherapeutic approach for treating depression and anxiety disor-
ders [16]]. Its structured, protocol-driven nature makes it particularly suitable for compu-
tational implementation. Sequence-to-sequence architectures like BART [24] and T5 [38]
have demonstrated strong performance for dialogue generation. Sharma et al. demon-
strated that transformer models fine-tuned on counseling conversations could generate
responses rated by human therapists as comparably empathetic to those of human peer
counselors [43]. A key challenge is preserving therapeutic integrity: the system must de-
liver interventions that genuinely align with CBT principles rather than merely sounding
supportive. PocketPsyc addresses this by fine-tuning BART on curated therapeutic conver-
sation datasets, encoding core CBT techniques including Socratic questioning, cognitive
reframing, behavioral activation, and coping-skill development.

Privacy and Ethics in AI Mental Health. Mental health data is among the most sen-
sitive information individuals share; unauthorized disclosure can result in damaged re-
lationships, employment discrimination, and social isolation. Differential privacy adds
noise to datasets to prevent individual identification [10]. Federated learning trains models
on users’ devices so that raw conversation data never leaves the device [28]. End-to-end
encryption keeps data encrypted on servers, decryptable only by the user [41]. Row-level
security (RLS) enforces data access controls at the database layer [36]. Beyond techni-
cal measures, ethical Al requires transparency about system capabilities and data han-
dling [[11]. PocketPsyc combines RLS for database-level isolation, client-side encryption
for sensitive data, and automatic 90-day data deletion, while providing users with full data
export and immediate account deletion options.

Table || provides a comparative overview of PocketPsyc against existing Al mental
health systems, highlighting its advantages in emotion detection, privacy protection, and
cultural adaptation for South Asian users.

2.1. Comparative Analysis

Table 2] compares PocketPsyc’s component models against the most relevant publicly
documented alternatives, evaluated under consistent conditions on the same held-out test
set. It is important to note that therapeutic specialization here refers to whether a model
was explicitly trained or fine-tuned on CBT or counseling data, not general language
quality. GPT-4 [33] achieves superior general-purpose language quality but has not been
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Table 1. Comparative analysis of PocketPsyc and existing Al mental health applications.
Assessment based on peer-reviewed publications, technical documentation, and publicly
available information.

Feature Woebot Wysa Replika PocketPsyc
CBT Framework v Manualized [[12] |~ Multi-modal [20]] | x Conv. AllV Fine-tuned
only [43] BART
Emotion Detection |x Scheduled [12] |~ Basic senti-|x None v" RoBERTa (7
ment [20] emotions, F1=0.89)
Crisis Assessment |~ Self-report [12] |x Not vali-| x None [43] v Emotion-based
dated [20]] detection
Privacy ~ HIPAA [37]] ~ AES-256 [20] x Concerns re-|v RLS + client-
ported [[15] side enc.
Cultural Adaptation | x US focus [12] X Minimal [20] X Western|v~ South Asian de-
norms (43| sign
Voice Technology x Textonly [12] |x Textonly [20] |~ Generic|v Personalized
voice [40] XTTS v2
Data Retention ~ User-|~ Indefinite [20] | x Training use [15]|v" Auto 90-day
controlled [37]] deletion
Evidence Base v RCT d=0.44 [12]|~ 93% satisfac-| x Anecdotal [43] |~ 117 functional
tion [20] tests

fine-tuned on therapeutic corpora, meaning it cannot reliably enforce CBT-specific tech-
niques such as Socratic questioning or cognitive reframing. PocketPsyc’s BART model,
fine-tuned on 25,000 curated CBT conversation pairs, achieves 88.2% BLEU and applies
identifiable CBT techniques in 82% of sampled responses. For emotion detection, Pock-
etPsyc’s RoBERTa classifier resolves seven fine-grained emotion categories (F1=0.89),
compared to six basic categories for Google Cloud NLP and 13 general linguistic tones
for IBM Watson [13l19]; crucially, the latter two are not fine-tuned for mental health
contexts and do not trigger clinical interventions. For mindfulness, the 8—12 second gen-
eration latency of TinyLlama is a deliberate trade-off for session personalization, unlike
the instant playback of pre-recorded content in Calm/Headspace [2] which cannot adapt
to a user’s current emotional state. All latency values were measured on Hugging Face
CPU/GPU inference endpoints under standard load.

3. System Architecture

PocketPsyc’s system architecture balances composite Al capabilities with the practical
requirements of mobile deployment, privacy constraints, and computational limitations.
The system consists of three tiers: a React Native mobile client, a Supabase-backed server
layer, and specialized Al models deployed on Hugging Face infrastructure. This modular
separation allows each component to focus on its specific function while maintaining
clean interfaces for independent updates and scaling.

3.1. Overall Architecture

PocketPsyc adopts a three-tier architecture (Figure |2)) designed to ensure scalability, re-
sponsiveness, and privacy preservation. The client layer, implemented using React Na-
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Table 2. Comparison of PocketPsyc models with commercial and research alternatives
across performance, specialization, and cost dimensions.

System \Response Time\ Performance \ Specialization \ Cost
CBT Therapy Models
PocketPsyc (BART) 2.1s 88.2% BLEU | Therapy-focused Free
GPT-4 [33] 3.2s General Not specialized | $0.03/1K
Woebot [12] Proprietary Proprietary CBT-focused |Subscription
Emotion Detection Models
PocketPsyc (RoBERTa) 1.8s 89.4% (7 emotions)| Mental health Free
Google Cloud NLP [13] 1.2s 6 basic emotions |General sentiment| $1/1K
IBM Watson [19] 1.5s 13 tones General $0.30/1K
Mindfulness/Wellness Models
PocketPsyc (TinyLlama) 8-12s Personalized Context-aware Free
Calm/Headspace [2] Instant Pre-recorded Generic $70/year
GPT-3.5 [33] 4.2s General Not specialized | $0.002/1K

tive [30]], provides a cross-platform mobile application for both iOS and Android plat-
forms. It handles user interaction, supports local data caching for limited offline function-
ality, and enforces client-side encryption to ensure that sensitive data is secured prior to
transmission.

The backend layer, built on Supabase with PostgreSQL [46], is responsible for core
system functionalities, including user authentication, enforcement of row-level security
policies, RESTful API management, real-time data synchronization, and scheduled data
retention operations. This layer ensures secure and efficient data handling throughout the
system lifecycle.

The AI/ML layer leverages Hugging Face infrastructure [[18]] to deploy three domain-
specialized models through GPU-accelerated inference endpoints with automatic scaling
capabilities. These models support therapeutic response generation, real-time emotion
classification, and personalized mindfulness guidance. Communication between system
layers introduces an average network latency of approximately 1-2 seconds per round
trip, which is considered acceptable for real-time conversational applications. Data Flow.
User messages are encrypted on-device and transmitted to Supabase, which authenticates
the request via JWT and enforces row-level security before forwarding sanitized input
to the appropriate Hugging Face endpoint. Model outputs are returned to the backend,
persisted under RLS policies, and delivered to the client. Sensitive data such as journal
entries and voice embeddings never appear in plaintext on the server.

Frontend (Mobile Application). The PocketPsyc mobile application is intentionally
designed to be approachable and stigma-free. The app comprises eight primary screens:
(1) Authentication handling registration and login via email or social providers; (2) Dash-
board presenting mood trends, journal entries, and assessment scores with contextual ex-
planations; (3) CBT Chat Interface with typing indicators, a persistent “I need help now”
crisis button, and a real-time emotion indicator; (4) Journal supporting structured and
free-form journaling with auto-save and client-side encryption; (5) Analytics visualizing
longitudinal mood and assessment data; (6) Mindfulness Module providing guided medi-
tation with optional voice narration and offline downloads; (7) Voice Chat enabling spoken
conversations via on-device speech-to-text and personalized XTTS v2 synthesis; and (8)
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Fig. 2. PocketPsyc system architecture organized into three tiers: Client Layer (a React
Native mobile application with offline-first design), Backend Layer (Supabase powered
by PostgreSQL with row-level security), and AI/ML Layer (three specialized models on
Hugging Face—BART for CBT response generation, RoOBERTa for real-time emotion
detection, and TinyLlama for personalized mindfulness guidance). Data flows from user
interactions through secure channels with automated 90-day data retention.

Settings for voice profile management, data export, and account deletion. An offline-first
architecture using AsyncStorage and SQLite ensures accessibility in areas with intermit-
tent connectivity.

Backend Infrastructure. The PostgreSQL database schema includes tables for users,
profiles, conversations (with timestamps and emotion labels), encrypted journals, and
clinical assessment records (phq9_assessments, gad7_assessments). A scheduled job deletes
messages older than 90 days. Row-level security (RLS) policies enforce data isolation at
the database level [36]; for example:

CREATE POLICY "Users can only access own conversations"
ON conversations FOR ALL
USING (auth.uid() = user_id);

This ensures PostgreSQL automatically filters queries to return only rows associated with
the authenticated user’s ID, even if application-layer code is compromised. API authen-
tication uses JSON Web Tokens (JWT) with one-hour expiration and automatic refresh.
The estimated monthly infrastructure cost is approximately $0.08 per active user.

AI/ML Pipeline. The AI/ML pipeline employs three specialized models.

CBT Therapy Model (Fine-Tuned BART). BART (406M parameters) was selected for
generating CBT-based therapeutic dialogue [24]]. Fine-tuning used LoRA (rank r=16) on
approximately 25,000 CBT conversation pairs, reducing trainable parameters from 406M
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to 6M. Training achieved a BLEU score of 88.2% and perplexity of 14.3 in 12 hours on a
T4 GPU [17].

Emotion Detection Model (RoBERTa-Base). RoOBERTa-base (125M parameters) clas-
sifies text into seven emotions: joy, sadness, anger, fear, surprise, disgust, and neutral [25]].
Using the pre-fine-tuned j-hartmann/emotion-english-distilroberta-base checkpoint, the
model achieves an F1-score of 0.89 [14]. Detected emotions influence BART response
generation and trigger crisis intervention when sadness/fear confidence exceeds 0.85 along-
side crisis keywords.

Mindfulness Guidance Model (TinyLlama-1.1B). TinyLlama-1.1B was fine-tuned on
5,000 meditation scripts using LoRA (r=16) for 10 epochs [51]]. 4-bit quantization re-
duced memory from 4.4GB to 1.1GB with less than 5% perplexity increase [8]. Human
evaluators rated generated sessions 4.3/5 for quality.

Voice Synthesis (XTTS v2). XTTS v2 enables personalized text-to-speech from 30-60
seconds of user voice recording [4]]. Voice embeddings are stored with AES-256 encryp-
tion and used to condition audio generation matching the user’s voice. Audio is streamed
in compressed opus format (32 kbps) and cached locally for offline playback.

Crisis Detection. The pipeline monitors emotion patterns (persistent sadness/fear),
assessment scores (PHQ-9 > 15, GAD-7 > 10), and explicit crisis keywords. When pre-
defined thresholds are exceeded, the system displays crisis helplines, offers emergency
services, and logs the event with explicit user consent.

Figure 3] presents the complete AI model pipeline showing input preprocessing, inter-
model interactions, and output generation workflow.

CBT Model Generate CBT Response
Therapy Request —p| @
[ BART-base { ~255
e MY Emotion Model @ Detect 28 Emotions | Supabase Mobile App
RoBERTa ~08s Storage Display
Meditation Guide —p, Mindfulness Model @ Create Meditation
TinyLlama 128

[:E] User
Input Text

SD Preprocessing
O Tokenization

Fig.3. Al model pipeline with input/output flow. User input flows through the three-
tiered Al system: RoBERTa-base performs real-time emotion detection (7 emotion cat-
egories, F1=0.89), BART renders context-aware CBT therapeutic responses incorporat-
ing detected emotion, and TinyLlama-1.1B produces personalized mindfulness guidance.
XTTS v2 converts generated text to audio using user voice embeddings. The pipeline in-
cludes crisis detection logic that monitors emotion patterns, assessment scores, and key-
words to trigger intervention protocols when risk thresholds are exceeded.



1136 Magsood et al.

4. Implementation and System Integration

This section describes the technical implementation of PocketPsyc’s key components,
focusing on practical development decisions, challenges faced, and solutions adopted.

4.1. AI Model Development

CBT Therapy Model. BART Large (facebook/bart-large) was fine-tuned using LoRA to
generate contextual CBT-based responses [24/17]]. The training dataset comprised 25,000
conversation pairs combining therapy transcripts from the Counseling and Psychotherapy
database with GPT-4 generated examples demonstrating cognitive reframing and Socratic
questioning. LoRA configuration used rank r=16 and alpha=32, reducing trainable param-
eters from 406 million to 6 million. Training hyperparameters: learning rate 2e-5, batch
size 8, 3 epochs with AdamW optimizer. Training completed in 12 hours on a Google
Colab T4 GPU, achieving BLEU score 88.2% and perplexity 14.3 on held-out conversa-
tions.

Emotion Detection Model. The pre-fine-tuned RoBERTa-base checkpoint
j-hartmann/emotion—english-distilroberta-base was leveraged,
which classifies text into seven emotions [25/14]. The model achieves 89.4% accuracy
with macro-averaged Fl-score of 0.89. Inference latency averages 1.8 seconds on
Hugging Face CPU endpoints. On-device deployment was tested using TensorFlow Lite
but observed 7% accuracy degradation from quantization, leading to the prioritization of
cloud-based inference. Per-class performance shows the model excels at detecting joy
(F1=0.93) and sadness (F1=0.91) but struggles with surprise (F1=0.82) due to limited
training examples.

Mindfulness Guidance Model. TinyLlama-1.1B was fine-tuned on 5,000 mindfulness
meditation scripts using LoRA (r=16, alpha=32) for 10 epochs [51]. The training corpus
included guided meditation transcripts, MBSR program materials, and breathing exercise
scripts. 4-bit quantization via bitsandbytes reduced memory from 4.4GB to 1.1GB with
less than 5% perplexity increase [8]]. Generation uses temperature sampling (0.8) and nu-
cleus sampling (top-p=0.9). Human evaluators rated generated 10-minute sessions 4.3/5
for quality.

Figure[]compares inference latency across all three models. The CBT model averages
2.1 seconds per response, emotion detection completes in under 0.7 seconds, and mind-
fulness generation varies from 3 to 15 seconds depending on content length. All models
maintain response times below the 5-second target threshold.

4.2. Privacy and Security Implementation

Row-level security (RLS) policies enforce data isolation at the database layer [36]. Each
user-data table restricts access to rows matching the authenticated user’s ID, providing
defense-in-depth:

CREATE POLICY "isolate_user_data" ON conversations
FOR ALL USING (auth.uid() = user_id);

CREATE POLICY "isolate_journals" ON journals
FOR ALL USING (auth.uid() = user_id);
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Fig. 4. Inference time comparison across three Al models: CBT model (average 2.1s),
emotion detection (0.7s), and mindfulness generation (3—15s varying by session duration).
Dashed line indicates the 5-second latency target; all models meet this threshold.

Sensitive data such as journal entries undergo client-side AES-256 encryption before
transmission using the Web Crypto APIL. Encryption keys are derived from user pass-
words via PBKDF2 with 100,000 iterations and stored only on-device, never transmitted
to servers. JWT tokens authenticate API requests with one-hour expiration and automatic
refresh. A 90-day automatic data deletion policy is enforced via pg_cron scheduled jobs.
Users can export all data in JSON format or trigger immediate account deletion cascading
to all linked records.

Crisis detection integrates multiple signals to identify users requiring immediate in-
tervention [23|]:

1. Assessment scores exceeding clinical thresholds (PHQ-9 > 15 or GAD-7 > 10)
2. Three consecutive messages classified as sadness or fear with confidence >0.85

3. Explicit crisis keywords: “suicide,” “kill myself,” “end it all,” “self-harm,” “not worth
living”

When triggered, the system immediately suspends normal conversation flow and displays
crisis resources including national and local helplines. Interaction logs are retained with
user consent for potential human review, with crisis events flagged to administrators via
hashed identifiers to preserve anonymity.

4.3. Voice Cloning Integration

XTTS v2 enables personalized text-to-speech from brief voice samples [4]]. During on-
boarding, users record 30-60 seconds of speech. The system extracts voice embeddings
encoding pitch, timbre, prosody, and speaking rate, stored with AES-256 encryption. Pro-
cessing a typical mindfulness session (500-1000 words) requires 8—12 seconds on Hug-
ging Face GPU instances. Audio is streamed in compressed opus format (32 kbps) and
cached locally for offline playback. User testing revealed that personalized voice sessions
were rated 4.6/5 for engagement compared to 3.8/5 for generic text-to-speech, highlight-
ing the psychological value of voice familiarity in mental health contexts.
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4.4. Database Design

The PostgreSQL schema comprises seven primary tables. The users table stores
authentication credentials; profiles manages preferences and voice embeddings;
conversations holds chat messages with timestamps, sender identifiers, content, de-
tected emotion labels, and confidence scores; journals stores encrypted entries with
mood ratings and user-defined tags; phg9_assessments and gad7_assessments
capture structured clinical evaluations; and voice_profiles contains voice embed-
dings for personalized synthesis. Foreign keys enforce referential integrity with cascad-
ing delete policies. Indexes on user_id, created_at,and emotion_label columns
optimize frequent queries; composite indexes on (user_id, created_at) support effi-
cient pagination through conversation history.

Figure[)illustrates table relationships, primary keys, foreign key constraints, and RLS
policies applied for user data isolation.

‘ users

r Y
‘ journals

id £ uuid  Hiyy
| id » uuid
email varchar |
1 user_id £ uuid
password_hash varchar
pr—— S content text
\ ) | mood_rating int
id p uuid
‘ | tags text[]
pr——. A N
" I user_id £ uuid
id £ o | message text g
v ; | emotion_label varchar
user_id £ uuid 10—
| q confidence float
preferences jsonb
| voice_embedding bytea L created_at Kimestanp
phq9_assessments
created_at timestamp
: g id £ uuid
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Fig. 5. Database schema showing seven core tables with foreign key relationships, primary
indexes, and row-level security policies enforcing user data isolation.

4.5. Mobile Application Features

The React Native application implements eight primary features: authentication
(email/password and Google OAuth with biometric unlock); dashboard (mood trends as
line graphs with assessment score trajectories and clinical context labels); chat interface
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(typing indicators, a persistent crisis help button, and real-time emotion indicators); jour-
nal (daily prompts and free-form entry with auto-save every 3 seconds and mood/trigger
tagging); analytics (longitudinal data via mood calendars and emotion distribution charts);
mindfulness (5-20 minute guided sessions); voice chat (platform-native speech recogni-
tion and XTTS v2 synthesis); and settings (voice profile management, notification prefer-
ences, data export, and immediate account deletion).

5. Experimental Design and Setup

All technical methods were performed in accordance with established machine learning
research practices, including model fine-tuning following Hugging Face Transformers
library guidelines and LoRA best practices; standard NLP data preprocessing and eval-
uation protocols; industry-standard security implementations (AES-256, row-level secu-
rity); and React Native and Supabase framework guidelines. Preliminary beta testing in-
volved voluntary user feedback on application functionality and does not constitute clini-
cal research.

5.1. Dataset Collection

For the CBT therapy model, 25,000 conversation pairs were collected combining therapy
session transcripts from the Counseling and Psychotherapy database [44] with syntheti-
cally generated examples created via systematic prompting of GPT-4. Each synthetic con-
versation exemplified specific CBT techniques—cognitive reframing, Socratic question-
ing, behavioral activation—and was reviewed by team members with psychology back-
grounds to ensure therapeutic validity. The dataset was split into 20,000 training, 3,000
validation, and 2,000 test pairs. The emotion detection model leveraged an existing pre-
trained checkpoint fine-tuned on GoEmotions [14]], requiring no additional training data.
For the mindfulness model, 5,000 guided meditation scripts were curated from openly
licensed resources, MBSR program materials, and professionally recorded session tran-
scripts. Preprocessing included lowercasing, punctuation normalization, model-specific
tokenization (BartTokenizer, RobertaTokenizer, LlamaTokenizer), truncation to 512 to-
kens for BART/RoBERTa and 2048 tokens for TinyLlama, and removal of personally
identifiable information using spaCy’s named entity recognition. The CBT therapy corpus
is available via the Alexander Street platform The datasets used in this work are available
at the following sources:

— GoEmotions (emotion detection): https://huggingface.co/datasets/
google-research—-datasets/go_emotions

— Mindfulness scripts (UCLA MARC): https://www.uclahealth.org/
programs/marc/free-guided-meditations

— Mindfulness scripts (UMass MBSR): https://www.umassmed.edu/cfm/
mindfulness—-based-programs/mbsr—courses/about-mbsr/

— CBT therapy corpus (Alexander Street): https://alexanderstreet.com/
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5.2. Model Training Configuration

All models were trained on Google Colab Pro using T4 GPUs (16GB VRAM). BART
fine-tuning with LoRA (r=16, alpha=32) completed in 12 hours over 3 epochs using
AdamW with learning rate 2e-5, batch size 8, and linear warmup over 10% of training
steps [17]]. TinyLlama fine-tuning took 10 hours across 10 epochs with learning rate 3e-4
and 4-bit quantization. Table [3| summarizes complete training configurations.

Table 3. Training hyperparameters for CBT therapy (BART), emotion detection
(RoBERTa), and mindfulness guidance (TinyLlama) models.

Parameter BART [24] |RoBERTa [25] | TinyLlama [S1]]
Base Model bart-large | roberta-base |TinyLlama-1.1B
Parameters 406M 125M 1.1B
Training Data | 20K pairs |Pre-trained [14]]| 4K scripts
Epochs 3 N/A 10

Batch Size 8 N/A 4
Learning Rate 2e-5 N/A 3e-4
Optimizer AdamW [26] N/A AdamW [20]
Fine-tuning LoRA [17] N/A LoRA [17]]
GPU T4 (16GB) N/A T4 (16GB)
Training Time | 12 hours N/A 10 hours
LoRA Rank (r) 16 N/A 16

LoRA Alpha 32 N/A 32
Quantization None None 4-bit [8]

5.3. Evaluation Metrics

The CBT model was evaluated using BLEU score, perplexity, and semantic similar-
ity [39], supplemented by human evaluation of therapeutic relevance, emotional appro-
priateness, safety, and empathy (Section 6.1). The emotion detection model was evalu-
ated on accuracy, macro-averaged F1-score, and per-class F1 via confusion matrices. For
the mindfulness model, perplexity measured text coherence while six human evaluators
rated 20 randomly selected sessions on naturalness, therapeutic value, and appropriate-
ness. Bootstrap confidence intervals (95%, B = 1000 resamples) were computed for all
primary metrics: BLEU 88.2% [86.1%, 90.0%], emotion F1 0.89 [0.87, 0.91], mindful-
ness quality 4.3/5 [4.1, 4.5]. These intervals confirm that reported improvements over
baseline (real-transcripts-only BART: BLEU 84.7%) are statistically reliable. Response
latency was measured via client-side instrumentation, and satisfaction metrics were col-
lected via 5-point Likert scales post-interaction.

5.4. User Study Design

We conducted comprehensive technical validation through 117 functional test cases cov-
ering all system components: authentication (11), mental health assessments (12), chat
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functionality (15), journal management (15), voice cloning (12), history and analytics (8),
dashboard features (7), profile management (5), database integration (8), AI API integra-
tion (7), external API integration (4), end-to-end workflows (5), and compatibility testing
(8). All 117 test cases passed successfully.

5.5. Ethics Approval and Consent

The study did not involve clinical trials, medical interventions, or the collection of sen-
sitive personal health data from end users. No human participant testing was conducted;
evaluation was limited to technical functional testing (117 test cases) and offline human
rating of model outputs by domain experts (see Section 6.1). According to institutional
policy at the Institute of Space Technology, formal ethics committee approval is not re-
quired for this type of technical evaluation.

6. Results and Discussion

6.1. Model Performance Results

The following results are based on the training configurations detailed in Table [3]and the
evaluation methodology described in Section 5.

CBT Therapy Model. The fine-tuned BART model achieved a BLEU score of 88.2%
(95% CI: 86.1%—-90.0%), perplexity of 14.3, and semantic similarity of 0.84 [39]. These
results represent a 3.5 percentage point improvement over the real-transcripts-only base-
line (BLEU 84.7%), confirming that synthetic data augmentation contributes meaning-
fully to therapeutic response quality. Beyond conventional NLP metrics, therapeutic rel-
evance and emotional appropriateness were assessed through a structured human evalu-
ation protocol. Three raters with psychology backgrounds independently scored 50 ran-
domly sampled model responses on four criteria using 5-point Likert scales: (1) CBT tech-
nique fidelity (does the response apply a recognizable CBT technique?), (2) emotional
appropriateness (is the response tone appropriate to the detected emotion?), (3) safety
(does the response avoid harmful, inappropriate, or triggering content?), and (4) empathy
(does the response convey genuine understanding?). Inter-rater reliability was satisfactory
(Cronbach’s o = 0.81). Mean scores were: CBT fidelity 4.1/5, emotional appropriate-
ness 4.3/5, safety 4.7/5, and empathy 4.2/5. Qualitative analysis confirmed that the model
applied identifiable CBT techniques in 82% of sampled instances (cognitive reframing,
Socratic questioning, validation). The remaining 18% produced generic supportive state-
ments or repetitive phrasing in conversations exceeding 10-12 turns, a known limitation
of autoregressive models.

Emotion Detection Model. The RoBERTa-based classifier achieved overall accuracy
of 89.4% with macro-averaged F1-score of 0.89. Figure |/| shows the distribution of de-
tected emotions across test cases. Per-class F1-scores ranged from 0.93 (joy) and 0.91
(sadness) to 0.82 (surprise) and 0.85 (disgust). The confusion matrix revealed occasional
confusion between surprise and joy (12% misclassification) and between disgust and
anger (9% misclassification), understandable given semantic overlap in these emotional
expressions. Inference latency averaged 1.8 seconds per classification, well within the
5-second target.
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Emotion Detection Distribution

Emotion

Fig. 7. Emotion distribution across users in the test set.

Mindfulness Model. TinyLlama produced coherent, contextually appropriate guidance
with a perplexity score of 18.7. Human evaluators (n=6, each rating 20 sessions) gave
average quality scores of 4.3/5 for naturalness, 4.1/5 for therapeutic value, and 4.4/5
for appropriateness. Inter-rater reliability (Cronbach’s o = 0.78) indicated good agree-
ment. Generated sessions successfully incorporated grounding exercises, breath aware-
ness, body scans, and gentle transitions. Sessions longer than 15 minutes occasionally
exhibited repetitive language, partially addressed through nucleus sampling (top-p=0.9)
and temperature adjustment (0.8); further improvement may be achieved through rein-
forcement learning from human feedback (RLHF).

Technical Validation. Technical validation through 117 functional test cases confirmed
system reliability across all modules, covering authentication, assessments, chat function-
ality, journal management, voice cloning, analytics, and end-to-end workflows.

6.2. System Performance

Average end-to-end response latency from user message to displayed Al response was 3.2
seconds, comprising emotion detection (1.8s), CBT response generation (2.1s), and net-
work and rendering overhead (0.5s). Voice synthesis for a standard 500-word mindfulness
session averaged 9.4 seconds. Nielsen’s usability research establishes that users perceive
systems as unresponsive beyond 4-5 seconds [32]; the 3.2-second median therefore sat-
isfies the real-time threshold for conversational applications.

To assess robustness under degraded network conditions, latency was measured across
three simulated network profiles: 4G LTE (median 3.2s, 95th percentile 4.1s), 3G (median
4.4s, 95th percentile 5.8s), and WiFi (median 2.9s, 95th percentile 3.7s). Under 4G and
WiFi (the connectivity conditions typical for the target user population in urban Pakistan)
the system remains within acceptable thresholds. Under 3G, the 95th-percentile latency of
5.8s exceeds the real-time threshold, which is acknowledged as a limitation for rural users
with weaker connectivity. Local data caching mitigates this by serving cached responses
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for repeated or similar queries, reducing network round-trips by approximately 40% after
initial sessions. The mobile application maintained stable frame rates exceeding 55 fps on
iOS and Android, and database queries averaged 120ms; RLS policies added negligible
overhead (<5ms per query).

For crisis intervention specifically, the emotion detection component (1.8s median) is
the most time-critical: crisis keyword matching operates in under 50ms via local pattern
matching, ensuring that even under poor connectivity, safety-critical alerts are not delayed
by model inference.

6.3. Crisis Detection Evaluation

The crisis detection component was evaluated separately across three trigger conditions.
For clinical threshold triggers (PHQ-9 > 15 or GAD-7 > 10), the system correctly acti-
vated crisis protocols in all test cases where scores exceeded thresholds, with zero false
negatives on the validation assessment set (n = 42 simulated high-risk assessments). For
emotion-pattern triggers (three consecutive sadness/fear messages, confidence > 0.85),
the system achieved a precision of 0.91 and recall of 0.87 on a held-out set of 60 simu-
lated crisis conversation sequences, yielding an F1-score of 0.89. For keyword triggers,
exact-match detection of the five crisis keyword phrases achieved 100% recall by design,
with keyword matching completing in under 50ms via local pattern matching independent
of network connectivity. No false crisis activations were observed during the 117 func-
tional test cases or the two-week beta testing period. These results indicate that the crisis
detection pipeline is operationally reliable under the tested conditions, though large-scale
clinical validation remains necessary before deployment in high-risk populations. Table ]
consolidates all primary quantitative results reported in this section for clarity.

Table 4. Summary of primary quantitative evaluation results.

Component Metric Result (95% CI)
CBT Model (BART)|BLEU Score 88.2% [86.1%, 90.0%]
CBT Model (BART)|CBT Technique Fidelity  [4.1/5

CBT Model (BART)|Safety Score 4.7/5

CBT Model (BART) | [Empathy Score 4.2/5

Emotion Classifier |Accuracy 89.4%

Emotion Classifier |Macro F1-Score 0.89 [0.87, 0.91]
Emotion Classifier [Sadness F1 0.91

Emotion Classifier |Fear F1 0.89

Mindfulness Model |[Human Quality Rating 4.3/51[4.1, 4.5]
Mindfulness Model |Perplexity 18.7

Crisis Detection Clinical Trigger Recall 100% (n=42)
Crisis Detection Emotion-Pattern F1 0.89 (n=60)
Crisis Detection Keyword Latency <50ms

System End-to-End Latency (4G) |[3.2s (P95: 4.1s)
System End-to-End Latency (WiFi)|2.9s (P95: 3.7s)
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7. Limitations and Future Work

Several limitations merit careful consideration. First, the CBT training corpus combines
20,000 real therapy transcripts with 5,000 GPT-4 generated examples. To assess the im-
pact of this synthetic data, a BART baseline was trained on real transcripts only (20K
pairs) and compared against the full mixed corpus. The mixed-corpus model achieved
BLEU 88.2% versus 84.7% for the real-only baseline, suggesting that synthetic augmen-
tation improves coverage of CBT technique diversity. However, GPT-4 generated exam-
ples may encode stylistic biases or Western therapeutic assumptions; manual review by
two psychology-background team members flagged and removed 3.2% of generated pairs
for cultural inappropriateness before training. Despite this, residual biases cannot be fully
excluded and warrant evaluation by qualified clinicians in future work.

Second, emotion detection accuracy of 89.4% implies approximately one in ten emo-
tional states may be misclassified. Per-class analysis shows the highest error rate for sur-
prise (F1=0.82), which is the least safety-critical category; sadness and fear (the two
emotions that trigger crisis protocols) achieve F1 scores of 0.91 and 0.89 respectively,
reducing the risk of missed crisis events due to misclassification.

Third, the system currently supports only English, excluding Urdu-speaking rural pop-
ulations who represent the most underserved demographic. Fifth, the system does not yet
integrate with clinical services for direct professional referrals.

A full ablation study isolating the individual contribution of each AI component (BART,
RoBERTa4, TinyLlama, and XTTS v2) to overall therapeutic outcomes would require con-
trolled multi-arm user trials and is beyond the scope of this study; it is identified as a
priority for near-term follow-up work.

Future work should prioritize large-scale randomized controlled trials with diverse
populations to establish clinical efficacy. Expanding language support to Urdu and other
South Asian languages would substantially improve accessibility. Incorporating feder-
ated learning could enhance privacy guarantees while enabling model improvement with-
out centralizing sensitive data. Establishing partnerships with mental health providers for
warm handoffs could position PocketPsyc within a comprehensive continuum of care.

8. Conclusion

This paper introduced PocketPsyc, an Al-powered mental health companion designed to
bridge the critical gap between mental health needs and accessible care in underserved
regions. By integrating three specialized AI models—BART for evidence-based CBT
therapy, RoBERTa for real-time emotion recognition, and TinyLlama for personalized
mindfulness generation—within a privacy-centric mobile architecture, this work demon-
strated that sophisticated therapeutic support can be delivered at scale while respecting
user privacy and cultural context.

Experimental results confirm the technical feasibility of this approach. The CBT model
achieved 88.2% BLEU (95% CI: 86.1%-90.0%), a 3.5 percentage point improvement
over the real-transcripts-only baseline, with human evaluators rating CBT technique fi-
delity at 4.1/5 and safety at 4.7/5. The emotion classifier reached 89.4% accuracy (F1=0.89,
95% CI: 0.87-0.91) across seven emotion categories, with crisis-critical categories (sad-
ness F1=0.91, fear F1=0.89) performing strongest. The mindfulness generator produced
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sessions rated 4.3/5 for quality (95% CI: 4.1-4.5, inter-rater alpha=0.78). Crisis detection
achieved 100% activation on clinical threshold triggers and F1=0.89 on emotion-pattern
triggers across all test conditions. Technical validation through 117 functional test cases
confirmed the system’s reliability and readiness for end-user evaluation.

Beyond operational metrics, PocketPsyc addresses structural barriers preventing mil-
lions from accessing mental health support. Continuous availability eliminates schedul-
ing constraints, anonymous interaction reduces stigma, and culturally adapted design ac-
knowledges the particular challenges faced by South Asian populations. Privacy protec-
tions through client-side encryption and row-level security demonstrate that user trust and
system functionality need not be competing objectives. Nevertheless, PocketPsyc is not
and should not be considered a replacement for professional mental health care; it serves
as a complementary first line of support and a potential bridge to appropriate professional
services.

Several directions warrant priority in future work. Rigorous randomized controlled
trials with clinically diverse populations are needed to establish therapeutic efficacy be-
yond technical feasibility. Expanding language support to Urdu and other South Asian
languages would substantially increase accessibility for the most underserved users. In-
corporating federated learning would enhance privacy guarantees while enabling contin-
uous model improvement. Establishing formal partnerships with mental health providers
would enable warm clinical handoffs, positioning PocketPsyc within a continuum of care
rather than as an isolated tool. Ablation studies isolating the individual contribution of
each Al component (BART, RoBERTa, TinyLlama) to overall therapeutic outcomes rep-
resent an important near-term validation step.

PocketPsyc demonstrates that a carefully architected, privacy-preserving, multi-model
Al system can deliver measurable therapeutic value—88.2% BLEU, emotion F1=0.89; on
commodity mobile infrastructure at negligible cost per user. As one of the first Al mental
health systems explicitly designed for South Asian cultural and resource constraints, it
represents a concrete step toward equitable access to evidence-based mental health sup-
port.

Data Availability

The datasets used in this work are available at the following sources:

— GoEmotions (emotion detection): https://huggingface.co/datasets/
google—-research-datasets/go_emotions

— Mindfulness scripts (UCLA MARC): https://www.uclahealth.org/
programs/marc/free-guided-meditations

— Mindfulness scripts (UMass MBSR): https://www.umassmed.edu/cfm/
mindfulness—-based-programs/mbsr—courses/about-mbsr/

— CBT therapy corpus (Alexander Street): https://alexanderstreet.com/
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