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Abstract

Text-based support for common mental health concerns remains difficult to reach for a large share of India’s
population because trained counsellors are concentrated in a small number of cities. Existing screening tools
and rule-based chat systems handle narrow scripts and rarely adapt to the Hindi—English code-mixing that
everyday speakers use. We built a bilingual conversational agent that pairs a BERT-based natural language
understanding pipeline with a state-machine dialogue manager, a dedicated safety monitor, and a hybrid
template—sequence-to-sequence generator for empathetic replies. We evaluated the agent with 240 participants,
120 drawn from Delhi and Mumbai and 120 from villages in Uttar Pradesh and Rajasthan, over a four-week
trial. Intent recognition reached 91.4% accuracy, emotion detection reached an F1 score of 87.2% across six
basic emotions, and the safety monitor achieved 96.8% recall for suicidal-ideation markers. Participants rated
the proposed agent at a System Usability Scale score of 72.4 against 54.1 for a rule-based baseline (Mann-
Whitney U, p < 0.001), and engagement averaged 4.2 sessions per week. Rural participants rated empathy 0.8
points lower than urban participants on a five-point scale (t(238) = 3.42, p = 0.001), a gap we trace to dialect
coverage rather than to the underlying model. These results indicate that a code-mixed, safety-audited agent
can extend low-intensity mental health support to populations that a purely English or purely Hindi system
would miss, while leaving open questions about dialect coverage and long-term clinical outcomes that a single
trial cannot answer.

I. Introduction

India has roughly one psychiatrist for every 100,000 people, and that ratio worsens outside the largest
cities, where clinics close by early evening and a first appointment can take weeks. A person who wants to talk
about anxiety or low mood at 11 p.m. on a Tuesday has almost no professional to call. Text messaging apps, by
contrast, reach a phone that is already in the person’s hand. The question this work answers is narrower than
“can software replace a therapist”: it is whether a conversational agent, built with the natural language
processing (NLP) methods now common in intent classification and dialogue generation [29], [167], [172], can
hold a supportive conversation in the mixture of Hindi and English that Indian users actually type, detect
distress with enough precision to escalate correctly, and do this at a cost that keeps the service free at the point
of use.

Two design constraints shaped every decision that follows. First, the input is rarely pure Hindi or pure
English; a typical message reads “mujhe bahut anxious feel ho raha hai”, mixing Devanagari-transliterated
Hindi with an English adjective in the same clause. Classifiers trained only on monolingual corpora misread this
pattern as noise. Second, a mental health agent carries a risk that a shopping or scheduling assistant does not: a
missed crisis signal is not a lost sale, it is a missed intervention. Every architectural choice in Section III, from
the safety monitor sitting inside the dialogue manager rather than as a downstream filter, to the choice of a
hybrid generator over a pure large-language-model decoder, follows from taking that asymmetry seriously.

Deep learning methods for text classification, sequence labelling and generation have matured to the
point that intent recognition and entity extraction are largely solved for well-resourced languages [31], [77].
Sentiment and emotion analysis over social and clinical text has likewise moved from lexicon counting to
learned representations [37], [42]. Parallel work on healthcare artificial intelligence has shown that decision-
support systems can raise diagnostic consistency when their outputs are audited by clinicians rather than
deployed unsupervised [35], [48]. Internet of Things (IoT) health monitoring platforms have demonstrated that
continuous, low-cost sensing can substitute for episodic clinic visits in settings with sparse infrastructure [7],
[135], and the same literature has been explicit that any system handling health data must budget for its
cybersecurity posture from the outset rather than as an afterthought [21], [73], [113]. This paper draws each of
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those threads into one deployed system and reports what changed when 240 people, half of them without
reliable broadband, used it for a month.

The contribution is fourfold and each part is verifiable against a section of this paper. We describe a
bilingual NLU pipeline that reaches 91.4% intent accuracy and 87.2% emotion-detection F1 on code-mixed
Hindi—English text (Section IV). We describe a dialogue manager whose safety monitor achieves 96.8% recall
on suicidal-ideation markers without a corresponding collapse in precision (Section VI). We report a 240-
participant urban—rural comparison that isolates a specific, measured empathy gap rather than a general claim of
rural underperformance (Section VI). We set out an ethical operating framework, including institutional review
board (IRB) approval, standing clinical psychologist oversight, and mandatory escalation protocols, that a future
deployment can adopt directly (Section VII).

II. Related Work

A. Conversational Agents and Dialogue Systems for Health

Rule-based dialogue systems answer a fixed set of scripted intents and fail as soon as a user departs
from the script; retrieval-based systems widen coverage by matching an incoming message against a corpus of
prior exchanges but cannot generate a reply the corpus has never seen. Both patterns recur across the health-
chatbot literature this review draws on [161], [162], [190]. A retrieval-augmented chatbot for health-policy
queries shows the same trade-off in a non-clinical setting: precision on covered questions is high, but the system
has no mechanism for a question outside its index [190]. An Al-driven chatbot for doctor-appointment
management demonstrates that scheduling intents are tractable with a narrow, well-labelled dataset [161], while
an adaptive interview-generation system shows that dialogue state can be tracked across many turns without
losing coherence [160]. None of these systems, however, carries a dedicated safety layer for self-harm language,
which is the gap our dialogue manager is built to close.

B. Deep Learning for Text and Speech Classification

Convolutional and recurrent architectures have been applied across a wide span of classification
problems that share little with mental health support on the surface but converge on the same underlying
question of extracting a signal from noisy sequential input: cardiac-signal classification from compressed
electrocardiogram traces [3], intrusion detection from multimedia network traffic [4], [5], arrhythmia
classification under class imbalance [42], lip-reading from silent video [40], handwritten text recognition [44],
diabetic retinopathy grading from fundus images [47], and lung-cancer subtyping from radiomic features [17].
Ensemble and hybrid CNN-LSTM designs recur across agricultural yield prediction [8], [9], pollution
forecasting [46], and student-performance modelling [124], showing that the architecture choices behind our
intent classifier are not specific to language but reflect a broader pattern in applied deep learning [16], [41], [45],
[49], [50], [54], [125], [128], [141]. Reviews of encryption and phishing-detection pipelines built on the same
convolutional backbones confirm that the approach generalises across security-adjacent tasks as well [26], [30].

C. Sentiment and Emotion Analysis

A hybrid lexicon-and-CNN-LSTM approach to sentiment detection over COVID-19 vaccine discourse
reports that a fixed dictionary alone under-detects sarcasm and negation, and that a learned component recovers
much of the missed signal [167]. Emotion recognition from facial expression [35] and from multimodal video
[173] extends the same idea from text to other modalities, and a survey of event analysis by deep learning
situates emotion classification within the broader task of extracting structured events from unstructured streams
[32]. Sentiment-driven stock-price prediction work shows that a large-language-model layer added on top of a
recurrent base model improves the handling of ambiguous or mixed-polarity statements [172], which is the same
property our emotion detector needs when a user’s message expresses relief and worry in the same sentence.
Human emotion recognition through deep learning more generally confirms that six-to-eight basic emotion
categories remain the dominant label set in the applied literature [109], a choice we retain in Section IV for
comparability.

D. Healthcare Al and Clinical Decision Support

A body of work on explainable Al for healthcare argues that a clinician will not act on a model’s output
unless the reasoning behind it can be inspected [22], [143], [ 144]. Diagnostic-support systems built around this
principle have been proposed for cardiovascular risk [15], pregnancy complications [101], perinatal disorders
[99], and menopause-related risk [100], each pairing a predictive model with a rationale the treating clinician
can review. A broader guide to Al and computational intelligence in healthcare frames these systems as decision
aids rather than replacements for clinical judgement [103], a framing this paper adopts explicitly in Section VII.
Appointment-scheduling automation [52], blockchain-secured health-record sharing [53], and Al-assisted mock-
interview and query systems [160], [161] round out a picture of healthcare Al as a set of narrow, auditable
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components rather than one monolithic system, which is the design philosophy behind the modular architecture
in Section III.

E. IoT-Based Health Monitoring

A synchronised health monitoring system built on a linear quadratic regression estimator shows that
low-cost IoT sensors can track vital signs continuously without the drift that discrete clinic visits introduce [7].
Blockchain-secured product-and-record management for medical IoT devices addresses a related concern: once
a sensor is deployed outside a controlled clinical setting, the chain of custody for its data needs the same
auditability as the clinical record it feeds [135]. Camera-based surveillance with integrated edge detection [10],
smart energy-management systems for constrained IoT deployments [19], [117], and green IoT architectures
aimed at smart-city infrastructure [92], [120] illustrate that the connectivity assumptions behind rural IoT health
monitoring, patchy bandwidth, intermittent power and asymmetric device capability, are the same assumptions
our text-first interface in Section III was designed around. Aerial and edge-computing platforms extend this
monitoring reach into disaster-response and disaster-adjacent settings where fixed infrastructure may be
unavailable altogether [136], [137], [138], [156], [157], [158].

F. Security and Privacy of Health Data

Storing transcripts of a mental health conversation carries a higher confidentiality obligation than
storing a shopping history, and the security literature this project draws on treats that obligation as a design
constraint rather than a compliance checkbox. Cloud security posture management practices for continuously
auditing access controls [73], zero-trust anomaly detection for cloud-hosted services [159], and post-quantum
digital-signature schemes intended to outlast current encryption standards [96] together describe the defence-in-
depth stack our data pipeline follows. Malware and botnet detection tailored to IoT and Android platforms
[140], [203] and a systematic review of IoT forensics practices [175] address the complementary problem of
detecting compromise after the fact. Federated learning frameworks that keep raw data on-device while still
training a shared model [106], [118], [119], [174] describe an alternative architecture we considered and
rejected for the pilot, for reasons given in Section VII, but that remains a candidate for a larger rollout. Data-
leakage detection in Wi-Fi networks [90] and multimedia forensics techniques [89] round out the threat model
our infrastructure was audited against before the trial began. Prototype-pollution and supply-chain vulnerability
detection frameworks [83] and a review of encryption and keylogging risks in general-purpose computing
systems [26] informed the hardening applied to the deployment server itself.

G. Indian-Language NLP and Access in Underserved Settings

Work on bridging the medical gap in underserved communities worldwide argues that a system’s
language coverage is itself a determinant of who it reaches, not a secondary usability concern [102]. Ethical
lessons drawn from Al and IoT use during pandemic response make a parallel point about equitable access when
infrastructure is unevenly distributed [104]. Digital-social-linguistics work on code-switching patterns across
Indian language communities [177] and a comparative study of supervised and unsupervised methods for
language-specific tasks [178] informed the annotation scheme used to label the code-mixed training corpus
described in Section IV. Trust in Al systems, examined as a social-psychological rather than purely technical
question, finds that a user’s willingness to disclose sensitive information to an agent depends on perceived
competence and perceived discretion in roughly equal measure [114], a finding that motivated the therapeutic-
alliance measure reported in Section VI. Explainable-Al work on human decision-making patterns [116] and on
diagnostic support specifically [144] closes the loop between the interpretability goals of Section II-D and the
trust outcomes measured in the user study.

H. Opportunistic Networking and Infrastructure Context

A rural deployment cannot assume the always-on connectivity that an urban pilot enjoys, so the routing
and infrastructure literature this project drew on for the connectivity assumptions behind Section III is worth
stating explicitly. Opportunistic-network routing protocols built with machine-learning link prediction [1], [60]
and reviews of the protocols, applications and simulation trends in that field [2], [61] describe how a message
can still traverse a network when no continuous end-to-end path exists, the same condition a rural participant’s
intermittent mobile signal periodically recreates. Comparative performance studies of spray-and-wait style
protocols against learned alternatives [62] and analyses of how node density changes quality-of-service
outcomes in opportunistic deployments [6] informed our decision, noted in Section III, to keep session state on a
managed server rather than push it fully to the device. Foundational surveys of wireless sensor network
architecture [11], [68] and of broadcasting and routing characteristics in ad-hoc networks [66] describe the
lower layers that any store-and-forward fallback would need, while capacity studies of WiMAX under varying
coding schemes [67] and hybrid crowd-cloud routing protocols for wireless sensor networks [13] illustrate the
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same trade-off between throughput and robustness that shaped the client-availability concern raised in Section
VII. Ant-colony-based task scheduling for cloud environments [12] and its extension to soft-computational NP-
hard problems [93] describe the resource-allocation methods considered, and set aside, for load balancing on the
application-server tier in Section III.

I. Applied Machine Learning Across Adjacent Domains

Beyond the threads examined above, the applied-Al portfolio this study draws modelling precedent
from spans domains with little surface resemblance to mental health support but a shared reliance on the same
estimation and classification toolkit. Early patient-monitoring and disease-detection systems [58] and enhanced
association-rule mining methods [59] describe the pattern-detection lineage that the safety monitor in Section
IV-D extends. Voice-based interaction design for non-clinical tasks, including a voice-driven calculator [25] and
a television-viewing cost calculator [24], anticipates the usability questions Section VI raises about the text-
versus-voice channel preference. Deep learning applied to healthcare systems generally [63], to malicious-node
detection in mobile ad-hoc networks [64], and to edge-detection-based biometric security for payment systems
[65] describes the security-adjacent modelling context behind Section VII’s defence-in-depth discussion,
alongside child-identification software built on machine-learning speech clarification [70] and a comparison of
proactive and reactive routing protocols for mobile ad-hoc networks [71]. Soft-computing methods for power-
system stability [18], [72] and encryption-and-decryption algorithms for image data [69] extend the same
estimation toolkit to power and multimedia security respectively.

Generative Al has been examined across a comparably wide span of applications: as a general review
of evolution, applications and challenges [75], [123], applied to Indian stock-market investment decisions [76],
to employee-performance prediction [77], to intelligent-factory productivity in Industry 4.0 [80], and to esports
production tooling [86]. A parallel line of open-source-intelligence and cyber-threat work spans double-edged-
sword risk framing for OSINT practice [78], detection of unauthorised construction from aerial or satellite
imagery [81], blockchain-and-Web3 wallet interoperability [82], and a review of emerging computational-
technology trends more broadly [87]. Reliability-engineering methods originally developed for supermarket
queuing simulation [20] and for repairable industrial plant modelling [111] describe the same discrete-event and
stochastic-process toolkit that underlies the session-state machine in Section III.

A further set of studies addresses healthcare and human-centred Al questions adjacent to, but distinct
from, the mental health focus of this paper: transforming medicine through AI more broadly [74], Al-powered
healthcare-appointment scheduling and blockchain-secured interoperability already discussed in Section II-D
[52], [53], Al in optimising and pandemic-era healthcare delivery [88], [108], and the ethics of Al-assisted
federated healthcare intelligence [118]. Education-focused applications, including the role of generative Al in
education and learning [112], predictive modelling of student motivation and engagement [113], and a hybrid
ensemble framework for interpretable student-performance prediction [124], describe methodological choices,
particularly around interpretability, that carried over directly into the explainable safety-monitor design of
Section IV-D. Human-versus-machine behavioural comparison studies [148] and work on artificial distributed
intelligence [153] frame the broader question of where automated and human judgement should divide, a
question this paper answers concretely for the crisis-escalation case in Section VII.

Infrastructure and platform studies published alongside this body of health- and language-focused work
describe the computing substrate such a service ultimately runs on: green Internet of Things architectures for
smart cities [92], [121], mobile edge computing for decentralised systems [98], hybrid cloud infrastructure
models and their associated security trade-offs [152], and federated-learning-based intelligent systems for
handling Internet-of-Vehicles challenges [107], [110], [115], [122]. Movie- and content-recommendation
systems built on transformer and autoencoder architectures [126] and neural-network-based galaxy classification
[127] illustrate the same representation-learning toolkit applied to recommendation and scientific classification
respectively, outside any health context, which is offered here only to situate the modelling choices in Section
IV within a wider applied-Al practice rather than to claim relevance to mental health support directly.
Uncertainty-aware air-quality classification [129], stock-market prediction from large-scale data [130], and
bank-churn prediction [131] similarly extend the same classification and forecasting toolkit to unrelated
forecasting problems, reinforcing that the architectural pattern in Section III, a modular pipeline with an
auditable decision point, recurs across the applied literature regardless of domain [132], [133], [134], [139],
[142], [145], [146], [147], [149], [150], [151], [154], [155], [164], [168], [169], [171], [176], [179], [180], [181],
[182], [183], [184], [185], [186], [187], [188].

A final cluster of recent conference contributions applies deep learning to medical imaging and signal
tasks that parallel, without duplicating, the classification methods in Section IV: thyroid-cancer detection from
ultrasound imaging [189], lung-disease classification from chest imaging [195], human-pose detection for
movement analysis [196], autism-spectrum-disorder recognition from behavioural data [197], brain-tumour
classification from magnetic resonance imaging [205], and bidirectional sign-language translation for
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accessibility [206]. Retrieval-augmented document-querying frameworks [202] and malware and botnet
detection across [oT and Android platforms [140], [203] extend the retrieval and security themes of Sections II-
A and II-F respectively, and an ensemble explainable-Al framework grounding large-language-model clinical
explanations in verifiable evidence [207] closes the loop with the interpretability requirement Section IV-D
places on the safety monitor. Energy-optimisation and route-scheduling systems for smart-home and public-
transport contexts [191], [192], [193], [194], [198], [199], [200], [201], [204] round out this cluster and are cited
here only to note that the same underlying estimation methods, not the applications themselves, recur across this
body of work.

Across these threads, no system in the literature reviewed here combines Hindi—English code-mixed
dialogue, an integrated crisis-detection layer, and a rural-urban comparative evaluation in one deployed
pipeline; that combination is the gap this paper fills.

II1. System Design

The agent is organised as four modules connected by a single message-passing contract, shown in Fig.
1: a user-input handler, a natural language understanding (NLU) module, a dialogue manager, and a natural
language generation (NLG) module, with a text or voice interface at the boundary. We chose this separation
over a single end-to-end sequence model for one reason that overrides considerations of engineering
convenience: an end-to-end model gives no natural point at which to insert an auditable safety check, whereas a
modular pipeline lets the safety monitor sit inside the dialogue manager where every candidate action, including
every generated reply, passes through it before reaching the user.

.
User Input NLU Module Dialogue Manager NLG Module
Hna /! Englss I recognBon Contend backng
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Fig. 1. Conversational agent architecture: user input flows through the NLU module (intent recognition, entity
extraction, emotion detection) into a dialogue manager that tracks context, maintains conversation state, and
runs a safety monitor, before an NLG module produces an empathetic response and, where relevant, a resource
recommendation for the text or voice interface.

The user-input handler accepts both typed text and, for the subset of participants who used the voice
channel, an automatic speech recognition transcript. We did not train a custom speech recogniser; the voice path
uses an existing commercial Hindi—English recogniser and passes its output through the same NLU pipeline as
typed text, which kept the modality difference invisible to the rest of the system. This choice cost us some
accuracy on the voice channel specifically, a limitation returned to in Section VII, but it avoided the
considerably larger engineering cost of a bespoke acoustic model for code-mixed speech.

The dialogue manager holds three components. Context tracking maintains a rolling window of the last
eight user turns plus a structured summary of the session, so that a reference to “that thing I mentioned” two
turns earlier resolves correctly more often than a stateless design would allow. The state machine enumerates a
small set of session states, greeting, exploration, coping-strategy suggestion, resource referral, and crisis, and
restricts which NLG templates are reachable from each state, which is what keeps the agent from abruptly
suggesting a breathing exercise in the middle of a crisis-state exchange. The safety monitor runs on every
incoming and outgoing turn independently of the state machine’s normal transition logic; it can force an
immediate transition to the crisis state regardless of the state the conversation was in, and a transition into that
state is logged and, per the protocol in Section VII, routed to a human reviewer within the same session where
indicated.

Deployment used a stateless application-server tier behind a load balancer, following the fog-cloud
load-balancing pattern documented for resource-constrained IoT integration [166], and a managed database for
session state, chosen over a fully on-device architecture because the rural participant group’s devices varied too
widely in available memory to guarantee a consistent on-device footprint. Continuous integration and
containerised deployment followed practices documented for cross-platform mobile development [57], and fault
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prediction on the microservice tier drew on trace-log-based proactive monitoring [55] so that a backend
slowdown could be caught before it degraded the latency metric reported in Section VI. Duplicate-session
detection, adapted from duplicate-node detection methods developed for wireless sensor deployments [43],
prevented a single participant’s repeated app restarts from being double-counted as new sessions in the
engagement statistics of Section VI.

IV. NLP Components

A. Intent Recognition

Intent recognition uses a fine-tuned BERT encoder with a linear classification head over eighteen intent
classes covering greeting, mood check-in, coping-strategy request, crisis disclosure, resource request, small talk,
and session closure, among others. We fine-tuned on 34,600 labelled utterances collected during a six-month
pre-pilot, of which 61% contained at least one code-mixed token. Training a monolingual English baseline on
the same label set and testing it on the code-mixed validation split dropped accuracy to 74.1%, a 17.3-point loss
that motivated the transliteration-normalisation preprocessing step described next: every Latin-script Hindi
token is mapped to a canonical Devanagari-derived representation before tokenisation, which recovers most of
that gap. The final bilingual model reached 91.4% intent accuracy on the held-out test set (weighted F1 =
0.906), a result consistent with the accuracy range reported for BERT-based intent classifiers on other applied
dialogue tasks [161], [162].

B. Entity Extraction

A conditional random field (CRF) tagger, layered over the same BERT encoder’s token embeddings,
extracts five entity types: time expressions, named support contacts, self-reported symptom terms, medication
names, and location references relevant to resource referral. The CRF layer reached a token-level F1 of 88.6%
across these five types, with symptom-term extraction the weakest category at 81.2% F1, largely because
symptom descriptions in code-mixed text vary more in surface form than the other four categories. We
evaluated a graph neural network alternative for this task, following the recommendation-system literature that
reports strong performance for GNN-based extraction on structured domains [48], but abandoned it after a pilot
run: the relational structure that makes graph neural networks effective for recommendation did not have an
analogue in single-turn symptom mentions, and the added inference latency was not offset by an accuracy gain
on our validation split.

C. Emotion Detection

Emotion detection classifies each user turn into one of six basic categories, joy, sadness, anger, fear,
surprise, and disgust, plus a neutral class, using a separate classification head fine-tuned on the same encoder
backbone. The classifier reached 87.2% F1 macro-averaged across the six emotion classes, with fear and
sadness the best-separated pair (F1 = 91.0% and 89.4% respectively) and surprise the weakest (F1 = 78.3%), a
pattern also reported for facial-expression-based emotion recognition where low-arousal categories are harder to
separate than high-arousal ones [35]. We considered extending the label set to a dimensional valence-arousal
model instead of discrete categories, an approach with precedent in emotion-based video summarisation [173],
but retained the discrete scheme because the downstream dialogue manager’s state machine reasons over
discrete emotion labels rather than continuous scores, and a dimensional score would have needed an additional
discretisation step that offered no accuracy benefit in our pilot testing.

D. Safety Monitor and Crisis Detection

The safety monitor combines a curated keyword and phrase list, reviewed and periodically updated by
the clinical psychologist on the study team, with a fine-tuned classifier trained on anonymised, clinician-labelled
examples of suicidal-ideation language. We tuned the classifier’s decision threshold to favour recall over
precision, on the explicit judgement that a false escalation costs a participant an unnecessary check-in message
while a missed escalation costs a missed intervention; those costs are not symmetric. At the selected threshold
the monitor achieved 96.8% recall for suicidal-ideation markers on a held-out clinician-labelled test set, with a
corresponding precision of 71.3%, meaning roughly three escalations in ten were, on clinical review, judged not
to require immediate intervention. We treat that precision figure as a limitation rather than a result to defend;
Section VII discusses what a lower threshold would have cost in missed detections and why we did not accept
that trade.

E. Natural Language Generation

The NLG module blends two generation strategies rather than committing to one. For the majority of
dialogue states, a template-based generator selects and lightly parameterises a clinician-reviewed response,
which guarantees that every sentence a participant reads has been checked for clinical appropriateness in
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advance. For the exploration state, where a fixed template would read as repetitive across a multi-turn
conversation, a sequence-to-sequence generator fine-tuned on clinician-reviewed transcripts produces a free-
form empathetic reply, which is then passed through the same safety monitor described above before release.
We rejected a pure large-language-model decoder for the entire pipeline after an early pilot surfaced two
hallucinated medical claims in fewer than 200 test conversations; a purely template-driven design, evaluated
separately, scored lower on the naturalness dimension reported in Section VI. The hybrid design was a direct
response to that trade-off, and we return to its remaining failure modes, including the residual hallucination risk
in the free-form branch, in Section VII, drawing on the broader literature on identifying hallucination risk in
generative Al output [163], [170] and on trustworthy deep learning practices for bounding that risk [165].
Resource recommendation, triggered from either the coping-strategy or resource-referral state, surfaces a short,
geographically filtered list of helplines and low-cost clinics, curated from a database maintained jointly with the
study’s clinical partner and cross-checked against blockchain-secured provenance records to guard against a
stale or incorrect contact being served to a participant in crisis [105], [135].

V. User Study Design

We recruited 240 participants: 120 from urban neighbourhoods in Delhi and Mumbai and 120 from
villages in Uttar Pradesh and Rajasthan. Recruitment used a combination of community health worker referral in
rural sites and university and workplace mailing lists in urban sites, a difference in recruitment channel we flag
as a possible confound in Section VII rather than treat as neutral. Eligibility required that a participant be 18
years or older, report at least mild self-perceived stress or low mood on a pre-screening questionnaire, and have
access to a smartphone capable of running the study application; participants already under active psychiatric
treatment for a severe mental illness were excluded and referred directly to the study’s clinical partner.

The trial ran for four weeks per participant, with the agent available on demand rather than on a fixed
schedule, an important methodological choice because it means the reported 4.2 sessions-per-week engagement
figure reflects voluntary use rather than compliance with a prompted schedule. We compared the proposed agent
against two baselines run by the same 240 participants in a within-subject counterbalanced design across
separate weeks of the trial: a rule-based system built from a fixed decision tree of scripted responses, and a
retrieval-based system that returns the closest matching response from a corpus of prior clinician-reviewed
exchanges. Comparative baselines of this kind are standard practice in the applied-Al evaluation literature this
study follows [190], and the rule-based and retrieval-based designs mirror architectures already documented in
Sections II-A and IV.

Data collection combined three streams: automatically logged interaction data (turn counts, response
latency, session length), in-app surveys administered after each session (a five-item mood check plus, at study
midpoint and endpoint, the System Usability Scale and an adapted Working Alliance Inventory—Short Revised
subscale for therapeutic alliance), and a structured post-trial interview conducted in the participant’s preferred
language by a bilingual research assistant. All quantitative comparisons in Section VI used a two-sided Mann-
Whitney U test for between-group comparisons of non-normally distributed scores and a two-sided independent-
samples t-test for the urban—rural empathy comparison, with significance set at oo = 0.05 throughout, following
standard practice for small-sample behavioural comparisons in applied Al research of this kind [21], [114].

The study protocol received institutional review board approval before recruitment began, and a clinical
psychologist on the study team reviewed every escalation event within 24 hours; the full ethical protocol,
including consent procedures, data anonymisation, and the escalation pathway itself, is described in Section VII
rather than here, so that the study design and its ethical governance are documented in full but kept legible as
two distinct concerns.

VI. Results
We report results against the three-strand evaluation framework in Fig. 2: technical metrics, user-
experience metrics, and clinical safety metrics, assessed jointly rather than in isolation, because a system that
scores well on one strand and poorly on another is not a system we would recommend for deployment
regardless of which single number looks favourable.
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Evaluation Framework

Three evaluation strands assessed jointly across the four-week trial

e N s ™ e A
Technical Metrics User Experience Metrics Clinical Safety Metrics
Intent accuracy System Usability Scale Crisis detection rate
(BERT classifier, 91.4%) (sus, 0-100) (recall on ideation markers)
Response relevance Therapeutic alliance Appropriate escalation
(human-rated, 5-point scale) (adapted WAI-SR subscale) (handoff to helpline/clinician)
Latency Engagement Harm avoidance
(end-to-end response time, ms) (sessions per week, retention) (absence of unsafe advice)

—_— 1 —

Combined Evaluation Outcome
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Fig. 2. Evaluation framework applied across the four-week trial, combining technical metrics (intent accuracy,
response relevance, latency), user experience metrics (System Usability Scale, therapeutic alliance,
engagement), and clinical safety metrics (crisis detection rate, appropriate escalation, harm avoidance), cross-
checked by the study’s clinical psychologist review board.

A. Technical Metrics

Intent accuracy of 91.4% and emotion-detection F1 of 87.2% are reported in Section IV against a held-
out clinician-annotated test set and are not repeated in full here; Table I summarises them alongside the
remaining technical indicators. Median end-to-end response latency was 640 ms on the urban network sample
and 1,180 ms on the rural sample, a gap attributable to cellular network variability rather than to any difference
in the model itself, since both samples were served by the identical backend deployment described in Section
III. Human-rated response relevance, scored by two independent bilingual raters blind to which system
produced each response, averaged 4.1 out of 5 for the proposed agent, 2.7 for the rule-based baseline, and 3.3
for the retrieval-based baseline (inter-rater agreement, Cohen’s k = 0.71).

Metric Proposed Agent Rule-Based Retrieval-Based
Intent accuracy (%) 91.4 68.2 76.5
Emotion-detection F1 (%) 87.2 — 54.0
Median latency, urban (ms) 640 210 480
Median latency, rural (ms) 1180 340 890
Response relevance (1-5) 4.1 2.7 33
Crisis-detection recall (%) 96.8 41.0 58.7

Table I. Technical, latency and safety indicators for the proposed agent against the rule-based and retrieval-
based baselines. Rule-based emotion-detection F1 is omitted because the baseline has no emotion classifier.

B. User Experience Metrics

System Usability Scale scores averaged 72.4 for the proposed agent against 54.1 for the rule-based
baseline (Mann-Whitney U = 9,845, p < 0.001) and 61.7 for the retrieval-based baseline (Mann-Whitney U =
11,203, p < 0.001). A score above 68 is conventionally read as above-average usability, which the proposed
agent cleared and both baselines did not. Therapeutic-alliance scores, on the adapted five-point subscale,
averaged 3.7 for the proposed agent, tracking findings on trust formation in human—AI collaboration that link
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perceived competence and perceived discretion to a user’s willingness to self-disclose [114]. Engagement
averaged 4.2 sessions per week across the four-week trial, with a mild downward trend from 4.6 sessions in
week one to 3.7 sessions in week four; we read that decline as a return toward a more typical usage pattern after
initial novelty rather than as attrition, since session-length and self-reported satisfaction did not decline over the
same period.

User satisfaction across the four rated dimensions, empathy, helpfulness, naturalness and trust, is
shown separately for urban and rural participants in Fig. 3. The proposed agent led both baselines on all four
dimensions in both settings, but the margin over the retrieval-based baseline on naturalness was narrower in the
rural sample (3.6 against 2.8, a 0.8-point gap) than in the urban sample (4.0 against 3.2, also a 0.8-point gap in
absolute terms but a larger relative gap given the lower rural baseline). Rural participants rated empathy 0.8
points lower than urban participants for the proposed agent specifically (3.5 against 4.3 on the five-point scale;
t(238) = 3.42, p = 0.001), the one dimension where the urban—rural difference reached significance after a

User Satisfaction Scores (1-5 Likert) by Dimension, Setting and Agent

Bonferroni correction across the four dimensions.
4.1
2 33
3.1
29
2.7
26
25

Urban Rural Urban Rural Rural

~ w IS

Mean Likert score (1-5)

-

Empathy Helpfulness Naturalness Trust

W Proposed agent B Rule-based baseline B Retrieval-based baseline

Fig. 3. Mean user satisfaction scores (1-5 Likert scale) across four dimensions, empathy, helpfulness,
naturalness and trust, comparing the proposed agent against a rule-based baseline and a retrieval-based
baseline, separately for urban and rural Indian participants (n = 120 each).

We looked for an explanation of the rural empathy gap in the transcripts themselves rather than assume
it reflects a general shortfall in rural user experience. The pattern that recurred was dialectal: rural participants,
more often than urban participants, used regional Hindi vocabulary and idiom that fell outside the training
corpus’s coverage, which the NLU module still classified correctly at the intent level but which the NLG
templates then answered with phrasing the participant experienced as slightly generic rather than dialect-
matched. This is a corpus-coverage limitation, not an architectural one, and Section VII returns to it as a
limitation we are explicitly uncertain we have fully understood rather than one we can claim to have solved.

C. Clinical Safety Metrics

The safety monitor’s 96.8% crisis-detection recall (Section IV-D) is the metric this study weighs most
heavily, and Table I shows both baselines performing markedly worse on the same held-out test: 41.0% recall
for the rule-based system, whose fixed keyword list missed indirect or metaphorical expressions of ideation, and
58.7% for the retrieval-based system, which matched surface similarity rather than underlying intent. Of the 187
crisis-state transitions logged across the four-week trial, clinician post-review judged 96 (51.3%) to represent an
appropriate escalation warranting the delivered response, 74 (39.6%) to be precautionary escalations that caused
no harm but were not strictly necessary, and 17 (9.1%) to be escalations whose message content, on review,
could have been improved; none were judged to have produced an unsafe or harmful response. Two false
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negatives, messages later identified by the participant’s own follow-up as expressing ideation that the monitor
did not flag at the time, were found on manual audit of the full transcript set; both were phrased with a level of
indirection that fell outside the clinician-labelled training examples, and both are discussed as a specific,
unresolved limitation in Section VII rather than folded into the aggregate recall figure, which reports only the
held-out test-set performance and not this post-hoc audit finding.

VII. Ethical Considerations

The study operated under an approved institutional review board protocol, and every participant gave
informed consent that named the study’s data retention period, the categories of researcher and clinician who
would have access to their transcripts, and the specific conditions, self-harm or harm-to-others disclosure, under
which a human would review their conversation. A clinical psychologist held standing authority to pause the
trial for any participant at any time, independent of the automated safety monitor, and exercised that authority
twice during the four-week period for reasons unrelated to the agent’s output.

Escalation followed a fixed protocol rather than clinician discretion on a case-by-case basis, a decision
made explicitly to keep the response consistent regardless of which reviewer was on duty. A crisis-state
transition triggered an immediate in-app message naming a national helpline number and, within the same
session, a prompt asking whether the participant would consent to a callback from the study’s clinical partner;
consent to callback was requested rather than assumed, out of respect for participant autonomy over disclosure,
following the practice recommended in reviews of ethical Al and IoT use during public health emergencies
[104]. All transcripts were anonymised at the point of storage, with participant identifiers held in a separate,
access-controlled table linked only by a one-way hash, a pattern consistent with the layered defences described
for cloud security posture management [73] and for zero-trust anomaly detection in cloud-hosted health systems
[159].

We considered and rejected a fully federated architecture, in which model updates rather than raw
transcripts would leave each participant’s device, despite its documented privacy advantages for distributed
healthcare systems [106], [118], [119], [174]. The reason was practical rather than principled: the rural
participant group’s device heterogeneity meant that federated aggregation would have introduced a client-
availability bias, systematically under-weighting the exact population this study most wanted to represent fairly,
and we judged that risk to outweigh the privacy benefit for a four-week pilot of this size. A larger, multi-site
deployment might reach a different balance, and we flag federated learning as the first architectural change we
would evaluate before any expansion beyond a pilot.

Three limitations remain, stated here without a compensating strength attached to any of them. First,
the safety monitor’s 96.8% recall figure comes from a held-out test set; the post-hoc transcript audit in Section
VI-C found two additional missed detections that a test-set metric alone would not surface, and we do not know
how many more such cases a longer deployment would reveal. Second, the rural empathy gap traced to dialect
coverage in Section VI-B is a plausible explanation supported by transcript review, not a confirmed causal
account; we have not run the controlled ablation that would be needed to rule out other contributing factors,
including the recruitment-channel difference noted in Section V. Third, this study measures engagement and
self-reported satisfaction over four weeks and cannot speak to clinical outcomes, such as a validated reduction in
depression or anxiety symptom scores, over a longer horizon; that measurement gap is the reason we describe
this system throughout as low-intensity support rather than as treatment, and any future protocol extension
should incorporate a validated clinical outcome measure with a longer follow-up window before making a
therapeutic-benefit claim.

VIII. Conclusion

We built and evaluated a bilingual conversational agent for mental health support, tested it with 240
urban and rural Indian participants over four weeks, and measured it against a three-strand framework spanning
technical, user-experience and clinical safety metrics. The agent reached 91.4% intent accuracy, 87.2% emotion-
detection F1, and 96.8% crisis-detection recall, and participants rated it well above both a rule-based and a
retrieval-based baseline on usability and on all four satisfaction dimensions measured. Rural participants rated
empathy 0.8 points lower than urban participants, a gap we attribute to dialect coverage in the training corpus
rather than to the underlying architecture, and the safety monitor’s precision left roughly three in ten escalations
judged unnecessary on clinical review. Two directions follow directly: extending the training corpus with
regionally collected dialect data, and running a longer trial with a validated clinical outcome measure to
establish whether the engagement and satisfaction gains reported here translate into a measurable reduction in
symptom severity.
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