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Abstract13

Maternal health information in Bangladesh is difficult to access for women with limited literacy14

and no English, and perinatal mental health remains under-supported. We designed and15

formatively evaluated Baby and Me, a Bangla-language conversational agent that retrieves from16

a curated, physician-reviewed corpus of 247 maternal health articles, segmented into 2,94517

indexed passages, and generates responses grounded in the retrieved material. A survey of18

72 pregnant and postpartum women established design requirements; Bangla-only language19

preference was universal among women with no formal or primary education, and a quarter20

of households reported annual income below one lakh Bangladeshi taka. Candidate model21

configurations were screened against physician-authored reference answers before deployment.22

Twenty-four respondents then rated the deployed system: ease of use was highest (mean 4.79 of23

5) and clarity strong (4.54), while trust (4.29), concern alignment (4.04) and empathy (4.00) were24

lower and more dispersed. Interviews indicated that the interface showed users that retrieval25

had occurred but not whether guidance came from a clinically reviewed source, suggesting that26

process transparency and source attribution are not interchangeable. As a formative study with27

a modest sample, a single site and no controlled comparison, this work establishes feasibility28

rather than effectiveness.29

Keywords: Conversational agent, Retrieval-augmented generation, Maternal health, Bangla,30

Low-resource settings, Digital health31

1



1 Introduction32

Maternal health in Bangladesh reflects a persistent tension between structural constraints in33

health care delivery and the everyday realities of women navigating pregnancy. The country has34

made substantial and well-documented progress: facility-based delivery rose from 28.3% in 201135

to 64.8% in 2022, and the proportion of births attended by a skilled provider rose from 31.2% to36

70.0% over the same period [1, 2]. That progress, however, leaves roughly one birth in three37

still occurring outside a health facility and roughly three in ten without a skilled attendant,38

concentrated among rural, poorer, and less educated women. Coverage of antenatal care has39

not followed the same trajectory. Only 40.5% of women received the recommended minimum40

of four antenatal visits in 2022, a decline from 47.0% in 2017–2018 [1, 2]. Underlying these41

figures is a workforce shortage: the density of doctors, nurses, and midwives in Bangladesh42

remains below the World Health Organization benchmark of 4.45 skilled health professionals per43

1000 population associated with achieving the health-related Sustainable Development Goals [3].44

Referral mechanisms for obstetric emergencies remain weak, particularly in rural settings [4].45

Studies in Bangladeshi hospital and community samples have reported high-risk features in a46

substantial share of pregnancies [5, 6], and limited decision-making autonomy, socioeconomic47

barriers, and informational inequities further restrict women’s ability to seek timely care [7, 8].48

Equally pressing are the informational and psychosocial dimensions of maternal health.49

Women often lack access to trustworthy, context-sensitive guidance, a challenge exacerbated by50

low literacy, limited digital familiarity, and persistent stigma around perinatal mental health51

[9, 10]. Perinatal depression is common and appears to be particularly so in this setting. A52

meta-analysis of 29 studies across eight South Asian countries estimated a pooled perinatal53

depression prevalence of 28% (95% CI 24% to 32%), with the highest country-level pooled54

estimate, 46%, in Bangladesh [11]. A Bangladesh-specific meta-analysis of 18 studies reported a55

lower pooled estimate for antenatal depression, 19.5%, alongside a rising trend over time [12].56

The spread between these estimates reflects genuine heterogeneity in screening instruments,57

cut-off thresholds, and sampling frames rather than disagreement about the direction of the58

problem. Despite this burden, perinatal distress is rarely acknowledged within communities or59

by the health system, and professional mental health support is scarce [13]. Together, these gaps60

indicate that improving maternal health requires not only infrastructural reform but also new61

forms of interaction and support that reach women where they are: in their homes, on their62
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phones, and within their cultural contexts.63

Conventional interventions such as mHealth apps, hotlines, and community outreach have64

extended some access, but they remain limited in reach and effectiveness. Content is often65

generic, systems rarely adapt to local language or cultural nuance, and few address the relational66

aspects of care such as stigma, reassurance, and personalization [14]. This creates a design67

opportunity for interactive technologies, and in particular for conversational artificial intelligence68

(AI) agents that move beyond static information delivery to provide two-way dialogue, empathy,69

and trust. Such agents can function not only as informational tools but as relational companions,70

blurring the boundary between formal health care support and everyday interaction. Recent71

advances in large language models, retrieval augmentation, and standardized tool interfaces72

make such systems technically feasible outside high-resource settings for the first time, but they73

also introduce risks of unsupported or misleading output that are consequential in a clinical74

domain. Whether these capabilities can be assembled into something usable, trusted, and safe75

by women in a Bangla-speaking, low-resource context is an open empirical question, and it is76

the question this study begins to address.77

1.1 Related work78

This subsection reviews prior work on conversational agents for maternal health, Bangla-language79

digital health systems, digital perinatal mental health support, trust in conversational health80

systems, and tool-orchestrated (agentic) chatbots. Across these areas we identify a recurring gap:81

rigorous, culturally grounded, and safety-aware evaluations of conversational AI for maternal82

health in low-resource, non-English settings remain scarce. The review is narrative rather than83

systematic, and Table 1 presents a purposive selection of representative systems rather than an84

exhaustive census.85

1.1.1 Conversational agents in maternal health86

Digital health interventions, including AI-driven chatbots, are increasingly proposed to extend87

maternal care through education, reminders, and emotional support. An estimated 260,00088

women died from pregnancy- or childbirth-related causes worldwide in 2023, a global maternal89

mortality ratio of 197 deaths per 100,000 live births, with Sub-Saharan Africa accounting90

for approximately 70% of these deaths and Central and Southern Asia for nearly 17% [15].91

Many more women experience preventable morbidity. Conversational agents have been used92
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to deliver breastfeeding counseling and reduce maternal anxiety; in a recent trial, postpartum93

women randomized to an AI-assisted breastfeeding chatbot showed higher breastfeeding self-94

efficacy and lower anxiety than controls [16]. Evaluations of large language models (LLMs)95

for lactation queries likewise report that advanced models can produce structured, readable,96

guideline-concordant answers, although output variability and hallucination remain concerns97

[17].98

Several deployments report high engagement and satisfaction. In a US pilot of a rules-based99

perinatal mental health chatbot, most pregnant and postpartum users re-engaged at least once100

and rated the content as relevant [18]. A randomized controlled trial of the relational agent101

Woebot among postpartum women found greater reductions in depression scores than in the102

control condition [19]. That system descends from a line of automated cognitive-behavioral103

agents evaluated in adjacent populations, including a randomized trial in young adults with104

symptoms of depression and anxiety [20], a usability study in problematic substance use [21], and105

an eight-week intervention reporting changes in stress, burnout, and resilience [22]. A postpartum106

reminder chatbot achieved high open rates and ease-of-use ratings [23], and a systematic review107

concluded that chatbots are feasible for perinatal care and can support better knowledge and108

health behaviors [24].109

Earlier systems were predominantly rule-based and, while functional, lacked the adaptability110

and personalization needed for complex maternal health scenarios. Tanya, an early breastfeeding-111

support agent, illustrated the potential of conversational agents in this domain [25], and a112

body of preconception-health chatbots demonstrated gains in knowledge and awareness [26–30].113

These studies were largely cohort-based and qualitative, offering useful insights but limited114

generalizability, and their rule-based design constrained adaptation to individual needs. More115

recent systems point in the opposite direction: Penn Medicine’s Penny uses conversational116

AI to extend postpartum ("fourth trimester") support, answering a large share of questions117

automatically, reducing clinician burden, and helping screen for postpartum hypertensive118

disorders and depression [31]. Prototype systems such as MamaBot [32], PregChat [33], and119

PreMomBot [34] further reflect growing interest in AI for pregnancy care, spanning gestational120

tips, symptom checks, and psychoeducational content.121

Table 1 summarizes representative systems across prenatal and postnatal contexts. Efforts122

targeting Bangladesh and the Bangla language specifically remain at an early stage, and among123

the systems we identified we found none that was fully deployed, publicly evaluated, and agentic.124

4



1.1.2 Bangla language barriers in digital health systems125

Language and culture strongly shape chatbot adoption in South Asian and other LMIC settings.126

Bangladesh has near-universal mobile access but comparatively low computer ownership and127

literacy, making mobile-friendly, local-language interfaces essential [35]. Several Bangladeshi128

systems reflect this: Maya supports Bangla, English, and romanized Bangla (Banglish) for user129

convenience [36]; the menstrual-health chatbot Probahini replies in Bengali script or transliterated130

Bangla by preference [37]; and the LifeBot concept emphasizes personalized Bangla-language131

pregnancy education [38]. Local-language capability is repeatedly identified as decisive: an132

immunization chatbot in Pakistan was trained on Urdu and regional languages so caregivers133

could ask questions naturally, and remained feasible in low-literacy settings [39]. SuSastho.AI134

is building an open-source Bangla LLM for adolescent health [40], and GorbhoShongi offers a135

bilingual, LLM-based maternal mental-health app, though it remains an early prototype without136

real-world validation [41]. Several of these are described only in non-peer-reviewed sources,137

which is itself indicative of the state of the evidence base in this setting.138

Infrastructural constraints compound language barriers. An implementation study of139

pandemic-era telemedicine in Bangladesh found that many women could not be reached by140

phone owing to limited access or network coverage [42], underscoring the need for low-bandwidth141

and offline options. India’s Myna Mahila reproductive-health chatbot show that local co-design142

can address sensitive topics while reducing stigma [43, 44]. Yet the overall LMIC evidence base143

is thin: reviews note that almost all perinatal mental-health app trials come from high-income144

countries, with very few formal evaluations from South Asia [45, 46]. By curating a Bangla145

knowledge base and supporting Banglish alongside Bangla, the present work treats linguistic146

inclusivity as a core design principle rather than an afterthought.147

1.1.3 Digital mental health support during pregnancy148

Maternal mental health is a critical but under-served component of perinatal care. Global149

estimates place the proportion of women experiencing depression or anxiety during pregnancy150

or the postpartum period at roughly 10% to 20%, with consequences for both mother and infant151

[47, 48]. As noted in the preceding section, pooled estimates for South Asia and for Bangladesh152

specifically are considerably higher than this global range [11, 12], which is one reason the present153

work treats perinatal mental health as a first-class design concern rather than an extension of154

physical-health content.155
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Digital tools offer scalable support [49].156

A randomized controlled trial of the relational agent Woebot among postpartum women in157

the United States reported reductions in depression scores relative to control, alongside high158

user satisfaction [19]. A real-world study of the Wysa conversational agent found that users159

reporting a maternal event derived measurable mental health and wellbeing benefit, with greater160

benefit among more engaged users [50]. A US mindfulness pilot reported that most pregnant161

participants found chatbot support relevant [18].162

In LMICs, digital perinatal mental health support is less developed but urgently needed.163

Mobile-phone interventions, mostly SMS or voice, have shown feasibility [46, 51, 52], and a text-164

message program in South Asia demonstrated the feasibility of delivering behavioral activation165

to mothers, though without AI [53]. Community-driven approaches in rural Bangladesh similarly166

point to the value of locally grounded mental-health support [54]. Given high smartphone uptake167

and demonstrated interest in chat-based support, AI chatbots have clear potential in this space,168

provided that acceptability, literacy, privacy, and local-language accessibility are addressed [55–169

57]. The present work situates perinatal mental-health support within a Bangla-first, culturally170

sensitive agent and examines how women interpret empathy and reassurance in this context.171

1.1.4 Trust in conversational health systems172

The effectiveness of maternal health chatbots depends heavily on user trust and engagement,173

which are shaped by transparency, reliability, and cultural relevance. Users are more likely174

to rely on systems that provide clear explanations, behave consistently, and align with their175

linguistic and cultural context. Chung et al. reported significant positive associations between176

perceived trustworthiness and engagement in an AI-driven perinatal health application, with177

participants finding the system easy to use and to learn even where perceived usefulness was178

more variable [58]. Bickmore et al. found that usability and satisfaction with a conversational179

agent remained stable over 6- and 12-month follow-ups, indicating durable engagement [27].180

Despite these results, most existing systems offer limited support for agentic capabilities such181

as tool use, retrieval over a curated corpus, and conversational continuity, which sensitive and182

evolving maternal health contexts arguably demand. This gap motivates a multilingual, agent-183

based design that combines localized medical knowledge, real-time retrieval, and within-session184

continuity, while treating visible tool use and retrieved-passage display as design resources for185

trust rather than as afterthoughts. Persistent, cross-session personalization would extend this186
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further, but it carries disclosure risks that are particularly salient in stigmatized health contexts;187

we return to that trade-off in the Discussion.188

1.1.5 Agentic AI and tool-oriented chatbots189

Recent work frames agentic AI, meaning autonomous and context-aware systems that orchestrate190

multiple tools to pursue goals, as a next stage for conversational agents [59]. Unlike rule-based or191

single-model systems, agentic frameworks can integrate diverse data sources and invoke external192

tools such as APIs, retrieval modules, translation engines, or web search as needed [60, 61].193

The Model Context Protocol (MCP) standardizes how LLMs access such tools and data across194

heterogeneous sources [62, 63]. In a maternal health setting, this allows an assistant to combine195

curated clinical guidance with real-time search and conversational memory in a single dialogue.196

Most current maternal chatbots, however, remain single-model or rule-based, and tool-197

enabled designs are only beginning to be evaluated. A key open question is whether such198

systems improve real-world accuracy and utility without compromising safety, since generative199

components can still produce unsupported statements even when grounded by retrieval [64].200

This concern is especially acute for direct-to-user maternal health advice, where errors carry201

clinical consequences, and it motivates pairing tool orchestration with explicit safeguards and,202

where appropriate, human oversight. The present study operationalizes an agentic design for203

maternal care in Bangladesh and reports what MCP-enabled orchestration produced in practice,204

together with the equity, trust, and safety considerations that such deployment entails. We205

do not compare this architecture against a rule-based or single-model implementation, and we206

therefore make no claim that it outperforms one.207

Table 1: Representative AI chatbots and digital tools in maternal and perinatal health, grouped by
setting. The selection is purposive and illustrative rather than the result of a systematic search. The
technology column distinguishes rule-based, single-model AI, and agentic (tool-orchestrating) systems.
To our knowledge, the present work is the only agentic, Bangla-first system among those identified. (**
denotes a non-peer-reviewed source; † denotes present work.)

Study / Chatbot Region /

Language

Target / Use case TechnologyKey findings

High-income deployments
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Table 1 continued from previous page

Study / Chatbot Region /

Language

Target / Use case TechnologyKey findings

Kerimoglu et al.,

2025 [16]

Turkey,

Turkish

Breastfeeding

counseling

(postpartum)

Rule-based Higher breastfeeding

self-efficacy; lower

anxiety in AI group

Ozer et al., 2025

[17]

Global,

English

Lactation FAQs AI GPT-4o highest

quality; noted

hallucination risk

Liu et al., 2017 [34]

(Premom)

USA Fertility charting

and cycle insights

Rule-based Widely adopted

consumer fertility

app

McAlister et al.,

2025 [18] (Moment

for Parents)

USA Mental health

(pregnant /

postpartum)

AI Most users

re-engaged; advice

rated relevant

Siwicki, 2024 [31]

(Penny)**

USA Postpartum

("fourth trimester")

care

AI High engagement;

many questions

answered by AI

Suharwardy et al.,

2023 [19] (Woebot)

USA Postpartum

depression support

AI Greater

depression-score

reduction vs. control

Rivera et al., 2024

[23]

USA (Eng. /

Span.)

Postpartum

newborn-care

reminders

Rule-based High open rate;

rated timely and

easy to use

Pollak et al., 2014

[33] (PregChat)

UK Gestational

weight-gain

awareness

Rule-based High response rate;

most would

recommend

Vaira et al., 2018

[32] (MamaBot)

Multi-region Fetal-health

tracking and tips

Rule-based Notable community

engagement

Other LMIC settings
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Table 1 continued from previous page

Study / Chatbot Region /

Language

Target / Use case TechnologyKey findings

Siddiqi et al., 2024

[39]

Pakistan

(Urdu / Eng.)

Child immunization

queries

AI Feasible and

well-rated in

low-literacy setting

Deva et al., 2025

[44] (Myna Mahila)

India Reproductive-

health Q&A

AI Culturally sensitive

co-designed chatbot

Bangladesh systems

Rahman et al., 2019

[65] (Disha)

Bangla General symptom

checker

Rule-based Early

Bangla-language

health chatbot

Acme AI, 2024 [37]

(Probahini)**

Bangla /

Banglish

Menstrual-health

Q&A

AI Uses Bangla and

Banglish; startup

solution

Jui, 2021 [36]

(Maya)**

Bangla / Eng.

/ Banglish

General telehealth

queries

AI Resolves a large

share of queries via

AI

Ahamed et al. [40]

(SuSastho.AI)**

Bangla Adolescent SRH

and mental health

AI Under development;

multilingual health

info

Mohtasim et al.,

2024 [41]

(GorbhoShongi)

Bangla Personalized care

and daily tips

AI Prototype stage; not

yet field-validated

Baby and Me†

(this work)

Bangla /

Banglish

Maternal +

perinatal mental

health

Agentic RAG + MCP +

session memory;

formative

evaluation only
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1.2 Objectives208

The aim of this study was to design a context-aware, retrieval-augmented conversational agent209

that delivers accurate, timely, and culturally sensitive maternal health guidance to pregnant and210

postpartum women in Bangladesh, and to evaluate it formatively. We situate the work within211

the realities of low-resource settings and report a four-phase study covering a requirements212

survey, construction of a curated Bangla knowledge base, system design and implementation,213

and a formative evaluation combining a screening of candidate model configurations with a214

usability and trust study among end users. This is a feasibility and design study. It was not215

designed to estimate effectiveness, and it includes no control group or comparison condition.216

Accordingly, we address three descriptive questions:217

1. What informational and emotional needs, health concerns, and language preferences do218

pregnant and postpartum women in Bangladesh report, and what design requirements for219

a conversational maternal health agent follow from them?220

2. Among cost-effective candidate language models, which configuration offers the most221

favourable balance of grounding in a curated Bangla maternal health corpus against222

response latency, and how does the number of retrieved passages affect that balance?223

3. How do end users in this setting rate a deployed Bangla-first, tool-orchestrated agent on224

ease of use, clarity, trust, alignment with their concerns, and perceived empathy, and what225

do their open-ended responses and interviews indicate about where the design falls short?226

In addressing these questions, the work makes four contributions. First, we curate and227

adapt maternal and perinatal health information, including mental health content, into a Bangla228

vector knowledge base, addressing the scarcity of high-quality, localized medical information229

in the native language, and we report the sourcing constraints encountered so that they may230

inform similar efforts in other low-resource language settings. Second, we describe the design of231

a retrieval-augmented conversational agent that accepts Bangla, Banglish, and English input232

and replies in Bangla, intended to be accessible across literacy levels and linguistic preferences.233

Third, we document how a retrieval module, web search, and session-scoped conversational234

memory can be coordinated through the Model Context Protocol (MCP) in a maternal health235

setting, and we report the configuration screening used to select a deployment model; we do236

not compare this architecture against a rule-based implementation, and we make no claim of237
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superiority over one. Fourth, we report survey and interview findings that surface the pain238

points and unmet needs of pregnant and postpartum women in Bangladesh, and we report the239

gap we observed between high usability ratings and lower, more dispersed ratings of trust and240

empathy, which we regard as the most consequential finding for the design of relational health241

technologies in stigmatized contexts.242

2 Methods243

2.1 Study design and setting244

By integrating user-reported needs into both the knowledge base and interface design, this245

user-centered, mixed-methods study sequentially executed four phases: (1) a requirements survey246

with 72 pregnant and postpartum women, (2) construction of a curated Bangla maternal health247

knowledge base, (3) development of a retrieval-augmented conversational agent deployed as a248

lightweight web app, and (4) an evaluation combining model screenings, deployment feedback,249

and semi-structured interviews.250

As a formative, non-comparative study without a control group, randomization, or compara-251

tive baseline, it does not support claims regarding relative effectiveness. Instead, its purpose was252

to evaluate whether a Bangla-first, retrieval-grounded conversational agent could be successfully253

built, deployed, and received by end users in this setting.254

The work was carried out in Bangladesh. Formative survey recruitment took place online255

and in person at hospitals and clinics in Pabna, a district in northwestern Bangladesh with256

urban, semi-urban, and rural catchment areas. The deployed system was accessible over the257

public internet and was not restricted by location, but the evaluation cohort remained closely258

tied to the original recruitment site: the application was distributed first to the women who had259

taken part in the formative survey, and 21 of the 24 feedback respondents (87.5%) came from260

that group. Findings should therefore be read as reflecting a single recruitment setting rather261

than the country as a whole.262

2.2 Problem formulation263

The agent was required to produce (1) accurate and contextually relevant responses to pregnancy264

and postpartum queries, and (2) responses that are understandable, culturally appropriate, and265

empathetic. We therefore formulated the task as retrieval-augmented generation (RAG), in266
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which the agent retrieves relevant passages from a curated maternal health knowledge base and267

generates responses grounded in that evidence, supporting factual reliability while tailoring268

answers to the query.269

Sensitive topics like perinatal mental health and stigma require more than factual accuracy,270

so we framed those queries to generate supportive, non-judgmental responses to build trust.271

Consequently, the deployed system pairs evidence-grounded retrieval for factual accuracy with272

empathetic generation for emotional support.273

2.3 Ethics approval and consent274

This study was conducted under research protocol BRACUIRB_220240006, “Promoting Sus-275

tainable Technologies: Investigating the Technological, Privacy, and Social Good Needs of276

Diverse Professionals and Communities in Bangladesh for Designing Ethical and Culturally277

Responsive Systems”, which was reviewed and approved by the Institutional Review Board of278

BRAC University, Dhaka, Bangladesh, on 6 May 2024 and categorized as eligible for expedited279

review. The protocol is a programme-level approval covering the design and evaluation of280

culturally responsive technologies with communities in Bangladesh, and the work reported here281

constitutes one strand of that programme. The principal investigator on the protocol was based282

at BRAC University at the time of approval and is now affiliated with United International283

University. The approval covers both the formative requirements survey and the subsequent284

deployment and feedback phases described below. All methods were carried out in accordance285

with the Declaration of Helsinki and with the institution’s research ethics requirements.286

Before participation, all respondents were informed of the purpose of the study, the voluntary287

nature of participation, and their right to withdraw at any stage without consequence. Informed288

consent was obtained from all participants prior to data collection. Interview participants were289

additionally asked for permission to record the conversation before the interview began. In290

accordance with the conditions of approval, signed informed consent and disclosure forms were291

maintained for all participants throughout data collection, and the study data together with the292

investigator’s copies of the signed consent forms are retained by the principal investigator for at293

least three years following the termination of the project. The one exception to documented294

written consent is described below.295

Three survey respondents (3/72, 4.2%) selected the “less than 18 years” age band. The296

instrument captured age as a band rather than as an exact value, so we are unable to establish297
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retrospectively whether any of these three participants was under the age of 16. The approved298

protocol did not restrict participation by age. All three were pregnant women attending the299

participating clinics, and participation was voluntary and unsolicited: the survey was offered to300

women attending the clinic and only those who wished to take part did so. Each was informed301

of the purpose of the study and of her right to decline any item or to stop at any point, and302

each provided her own informed consent. In each case an accompanying parent or guardian303

was present at the clinic. The purpose of the study, the voluntary nature of participation, the304

content of the questionnaire, and the participant’s right to decline any item or to stop at any305

point were explained to the guardian as well as to the participant, and the guardian gave explicit306

verbal informed consent before the questionnaire was administered. This consent was informed307

in the same terms as that obtained from the participant herself; it was given verbally and was308

not separately documented in writing. We confirm that informed consent for study participation309

was obtained from a parent or legal guardian in the case of every participant who selected the310

“less than 18 years” age band. The instrument was non-interventional and involved no clinical311

procedure, no biological sampling, and no diagnostic assessment, and the protocol was classified312

as eligible for expedited review on the basis of minimal risk. No participant under 18 took part313

in the deployment phase or in the interviews. We note as a limitation of the consent procedure314

that, because exact ages were not recorded, we cannot confirm whether documented guardian315

consent would have been required for any of these three participants under the standard applied316

to minors below the age of 16.317

Given the sensitivity of maternal and perinatal mental health, particular care was taken318

at each stage. Survey and interview items were reviewed by a licensed physician collaborating319

with the research team to ensure that wording was clinically appropriate and unlikely to cause320

distress, and participants were directed to professional medical or psychological support where321

relevant. Respondent names were recorded during administration to permit de-duplication and322

to link participants across the formative and feedback surveys; these identifiers were removed323

prior to analysis, and no directly identifying information appears in the analyzed dataset or324

in this report. Analyzed data were stored with restricted access. Free-text responses provided325

in Bangla were translated into English for analysis with attention to preserving meaning and326

cultural context, and quotations reported here are attributed using participant codes only.327

Users of the deployed system were not required to create an account or provide identifying328

information, and conversations were retained only against a session identifier not linked to any329
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user identity. The interface displayed a notice stating that the system provides information for330

educational purposes and does not substitute for professional medical advice.331

2.4 Formative requirements survey332

To ground Baby and Me in the lived realities of pregnant and postpartum women in Bangladesh,333

our formative survey identified their health concerns, emotional needs, and expectations for a334

digital support tool. This provided the empirical basis for the system’s design requirements335

presented in the Results.336

2.4.1 Eligibility and sampling337

Participation was open to women who were currently pregnant or who were recent mothers,338

were resident in Bangladesh, and were willing and able to provide informed consent. No formal339

exclusion criteria were applied. In particular, no restriction was placed on parity, pregnancy risk340

status, literacy, or device ownership, and the resulting sample spans first-time (nulliparous) and341

multiparous women, every age band and income band offered by the instrument, and women342

with and without reported complications, as shown in the parity, income, and health-condition343

distributions reported in the Results.344

Recruitment used convenience sampling rather than probability sampling, and the resulting345

sample is not population-representative. No formal sample size calculation was performed,346

because the purpose of this phase was to elicit design requirements rather than to estimate347

population parameters with a specified precision; the target was a sample large enough to span348

the socioeconomic, educational, and geographic variation relevant to design decisions.349

2.4.2 Survey design and administration350

We developed a 17-item questionnaire covering pain points, pregnancy complications, positive351

experiences, and physical and mental health conditions. Most items used a tick-box format to352

reduce response burden, with a small number of open-ended items included to capture nuance.353

Three items (11 to 13) permitted selection of up to five options. The instrument was developed354

by the research team and reviewed by a licensed physician for clinical appropriateness and for the355

risk of causing distress, but it was not a previously validated instrument and was not formally356

piloted with a separate sample. The full instrument is provided in Supplementary File 1.357

The survey was first distributed through social media, but this yielded limited reach and358
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skewed toward more digitally connected respondents. To obtain broader representation across359

socioeconomic and literacy levels, we then administered the survey in person at hospitals and360

clinics in Pabna, a district in northwestern Bangladesh that includes urban, semi-urban, and361

rural catchment areas, and thus allowed us to reach women who would have been missed by an362

online-only approach. In total, 72 women participated.363

The online arm was an open survey: no password or invitation code was required, and364

the link was shared publicly. Participation was voluntary and unincentivized, no completeness365

checks were enforced, and neither adaptive branching nor randomization of item order was366

used. Duplicate submissions were identified and removed during data preparation using the367

respondent name field described below, rather than by IP address or cookie, because devices368

were shared among interviewers in the in-person arm. The number of women approached in369

person, the number who declined, and the number of views of the online link were not recorded,370

so a response rate cannot be calculated for either arm. This is a limitation of the recruitment371

procedure and we note it as such.372

Notably, 70.8% of respondents completed the survey with assistance from an interviewer or373

family member rather than unaided. This is reported as a finding about digital and literacy374

barriers, but it also has methodological implications: assisted completion may introduce social375

desirability bias, particularly on the mental health items, where a respondent answering in the376

presence of a family member may under-report distress. We return to this in the Limitations.377

2.4.3 Data preparation and analysis378

Survey responses were cleaned prior to analysis. We removed duplicate submissions, corrected379

typographical and formatting inconsistencies, and translated Bangla free-text responses into380

English to enable uniform analysis. Categorical fields (for example, education, occupation,381

and residence) were standardized into consistent classes, and semantically similar open-ended382

responses were grouped (for example, “lower back pain” and “body aches” were combined383

under musculoskeletal discomfort); groupings were agreed within the research team and checked384

against the original responses. Entries with missing or ambiguous values were flagged and, where385

imputation was not appropriate, excluded from the specific analyses requiring complete data.386

Respondent identifiers collected during administration were removed before analysis, and the387

analyzed dataset contains no directly identifying information.388

Responses were summarized descriptively as counts and percentages. Demographic per-389
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centages are expressed as a proportion of participants; for the three multiple-response items,390

percentages are expressed as a proportion of all selections made across participants rather than391

of participants, and the corresponding denominators are stated in the Results. No inferential392

statistical testing was performed at this stage, since the purpose was descriptive requirement393

elicitation rather than hypothesis testing.394

2.5 Knowledge base construction395

Retrieval quality bounds the quality of a RAG system’s outputs, so we prioritized curation of396

high-quality, contextually appropriate sources [66].397

2.5.1 Challenges in sourcing Bangla maternal health content398

We surveyed books, journal articles, government health portals, NGO resources, blogs, and social399

media groups. Several recurring problems limited their suitability. Much Bangla online content400

consisted of machine translations of English material, often outdated and lacking cultural nuance.401

Few sources were clinically vetted or reviewed by medical professionals, and misinformation402

was common in forums and social media, including unverified folk remedies. Localized content403

addressing the specific realities of maternal health in Bangladesh, such as region-specific nutrition404

practices and the substantial minority of births that still occur outside health facilities, was scarce,405

as was coverage of perinatal mental health, postpartum recovery, and miscarriage support. We406

found no publicly available structured or machine-readable Bangla medical corpora, and Bangla407

medical terminology lacked standardization, with multiple spellings and colloquial variants408

that complicate retrieval. A complete enumeration of these sourcing challenges is provided in409

Supplementary File 2. These conditions motivated a conservative sourcing strategy built on a410

small number of carefully vetted resources rather than broad web crawling.411

2.5.2 Curated sources412

Two sources met our criteria for accuracy, relevance, and cultural applicability. Shohay Health1 is413

a Bangladeshi health-information initiative that states its content is reviewed by clinicians through414

an editorial process; we did not independently audit that process, and instead applied our own415

verification step described below. It contributed material covering weekly pregnancy development,416

pregnancy-related complications, nutrition, and postpartum care. FirstCry (Bangla)2, a large417

1https://shohay.health/about-en
2https://banglaparenting.firstcry.com/
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South Asian digital parenting platform, contributed material spanning fetal development, dietary418

and lifestyle guidance, management of complications, and infant care. After the screening419

described below, 247 articles were retained across the two sources to form the corpus. Both420

sources are third-party copyrighted works. We did not seek formal permission from either421

publisher before crawling. Content was used solely to construct a retrieval index for non-422

commercial academic research; it is not redistributed in whole or in part, is not reproduced423

in this article or in any supplementary material, and the deployed system returns generated424

summaries rather than verbatim source text. We note the absence of explicit publisher permission425

as a limitation of the corpus construction.426

2.5.3 Preprocessing and verification427

Raw articles required substantial preprocessing. Because entire maternal sections of both sites428

were crawled, each article was manually reviewed and items that were promotional or only429

tangentially related to maternal health were excluded (for example, gift-guide articles were430

discarded while articles on managing gestational diabetes were retained). Within retained431

articles, promotional phrases and repeated disclaimers were removed, personal references and432

identifiers were stripped, and HTML markup, scripts, and metadata were removed using regular433

expressions and parser libraries so that only human-readable content remained. Counts of items434

removed at each individual screening step were not retained; the reported figure of 247 articles435

is the number surviving the full screening pipeline.436

Key medical claims were cross-checked against authoritative sources including the World437

Health Organization and other clinical references, and were reviewed by a licensed physician438

collaborating with the research team. Where sources conflicted with clinical consensus, content439

was corrected rather than propagated. For example, a source claim that papaya must be avoided440

entirely during pregnancy was revised to reflect the more precise consensus that unripe papaya441

carries risk. Full preprocessing procedures are detailed in Supplementary File 2.442

2.5.4 Embedding and vector store443

The cleaned corpus was segmented using LangChain’s RecursiveCharacterTextSplitter with444

a chunk size of 800 characters and an overlap of 300 characters. This configuration was chosen445

to preserve coherent units such as weekly pregnancy guides and complication summaries while446

retaining continuity across chunk boundaries; smaller chunks fragmented longer guides, while447
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larger chunks diluted retrieval relevance. We did not conduct systematic benchmarking across448

chunking parameters, which remains a limitation.449

Chunks were embedded using BAAI/BGE-M33, a multilingual embedding model covering450

more than 100 languages including Bangla, which has demonstrated strong performance on451

low-resource languages and produces 1024-dimensional representations suitable for both Bangla452

and English content [67]. Embeddings were stored in a PostgreSQL database with the pgvector453

extension, hosted on Supabase [68], which supports nearest-neighbor search by cosine similarity454

with low query-time latency. The resulting knowledge base comprises 2,945 indexed passages455

derived from the 247 retained articles, each carrying metadata tags (for example, nutrition,456

gestational week, postpartum care) to support domain-specific retrieval.457

2.6 Agent design and implementation458

Figure 1 shows the system architecture, including the interaction between frontend, backend,459

language model, conversation memory, and external tools accessed through the Model Context460

Protocol (MCP).461

Figure 1: System architecture. A user query in Bangla or Banglish (1) enters the React interface and
passes to the FastAPI backend (2). Here, a LangGraph ReAct agent running Gemini 2.5 Flash, guided
by a system prompt specifying Bangla responses, an empathetic mood-matched tone, and professional
care referrals for out-of-scope queries, determines if retrieval is required (3). Tool calls route via Model
Context Protocol to either a web search server or a knowledge base server running semantic retrieval
over BGE-M3 embeddings in a PostgreSQL pgvector store (K = 5) (4). Retrieved context returns to
the agent (5), which streams a response with visible tool-invocation indicators back to the interface (6).
Conversation state is retained via a session thread identifier without linking to a user account.

2.6.1 Language model selection462

Because the target population communicates primarily in Bangla, with frequent code-mixing of463

Bangla and English (Banglish), the language model needed robust multilingual competence while464

3https://huggingface.co/BAAI/bge-m3
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remaining cost-effective to deploy. We shortlisted three models balancing multilingual capability,465

performance, and deployment efficiency. Qwen 2.5:14B is an open-source 14-billion-parameter466

multilingual model with demonstrated performance on low-resource languages including Bangla,467

and offers the option of self-hosting to control long-term cost [69, 70]. Gemini 2.5 Flash-Lite468

is a lightweight variant optimized for rapid response, suited to mobile-first, low-bandwidth469

deployment contexts, at some cost to reasoning depth [71]. Gemini 2.5 Flash provides470

greater reasoning capability and contextual depth for nuanced maternal health queries at higher471

computational cost [71].472

The two Gemini variants were accessed through the provider’s hosted API, while Qwen473

2.5:14B was served locally through the Ollama runtime. Default decoding parameters were474

used throughout; no temperature or sampling adjustments were applied to any of the three475

models. Because the open-weight model ran in a local environment and the hosted models476

ran on provider infrastructure, the latency figures reported in the Results reflect the serving477

environment as well as the model, and are not directly comparable across the two settings.478

2.6.2 System prompt design479

Model selection alone does not ensure safe, empathetic, and culturally appropriate output, so we480

designed a system prompt around four principles. First, language handling: the agent accepts481

input in Bangla, Banglish, or English, and is instructed to reply in Bangla regardless of the482

script in which the question was asked. This asymmetry is deliberate. It reflects the formative483

survey finding that a substantial minority of women were comfortable only in Bangla while many484

typed most easily in romanized script, so accepting Banglish input lowers the entry barrier while485

replying in Bangla keeps the answer readable for the group least served by English-dominant486

platforms. Second, empathetic and mood-matched tone: the prompt directs the model to comfort487

the user, to adjust its register to the emotional content of the question, to use emoji where488

appropriate, and explicitly not to sound robotic, reflecting the emotional nature of maternal489

health conversations. Third, tool discipline: the knowledge base is always consulted first, and web490

search is used only when the knowledge base is insufficient. Fourth, scope and referral: questions491

outside pregnancy, childbirth, and parenting are politely declined, and the model is directed to492

plain, accessible phrasing on the assumption that users may not be technically confident. The493

prompt was refined iteratively through pilot interactions to improve clinical appropriateness and494

reduce unsupported statements. It is reproduced verbatim in Supplementary File 5.495
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2.6.3 Model Context Protocol integration496

To extend the model beyond standalone generation, we integrated the Model Context Protocol497

(MCP)4, a standardized interface through which language models interact with external tools and498

data sources [62]. We implemented two MCP servers. The knowledge base server connects499

to the vector store and performs semantic search over the embedded maternal health corpus,500

returning the K most similar passages to ground the response. The search server interfaces501

with the Tavily web search API to retrieve current information when a query concerns recent502

guidelines or material not covered by the static knowledge base. The system prompt instructs the503

agent to consult the knowledge base first and to fall back to web search only when the retrieved504

passages are insufficient. The protocol allows tools to be added or updated without modifying505

the underlying model, and this modularity distinguishes the architecture from single-model and506

rule-based designs.507

The two tools differ in their safety properties. Passages returned by the knowledge base508

server come from the curated, physician-reviewed corpus described above. Content returned by509

the search server does not: it originates from the open web and is not subject to that verification510

pipeline. Responses drawing on web search are therefore grounded in a weaker sense than511

those drawn from the curated corpus. The interface surfaces which tool was invoked for each512

response, so the distinction is visible to users, but the system does not otherwise restrict or filter513

search results. We did not analyse how frequently the search server was invoked relative to the514

knowledge base server during the deployment. We treat both points as material limitations of515

the current safety design and return to them in the Discussion.516

2.6.4 Conversation memory517

A session-based memory module retains context within a single interaction session, allowing the518

agent to reference recent turns. Short-term continuity supports clearer and more reassuring519

exchanges, which is particularly relevant where users ask successive related questions. The520

system requires no account creation or login, a deliberate choice given that disclosing identity can521

feel risky in stigmatized health contexts; consequently, memory does not persist across sessions,522

and the system does not build longitudinal user profiles. This design trades personalization for523

lower disclosure risk, a tension we return to in the Discussion.524

4https://modelcontextprotocol.io/docs/getting-started/intro
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2.6.5 Application architecture525

Baby and Me is implemented as a lightweight web application. The frontend uses React 19526

with TypeScript, Tailwind CSS, and Vite, and accepts input in Bangla, Banglish, or English527

with responses streamed in real time. Visual indicators for processing and tool invocation528

were included to make the system’s reasoning visible to users. The backend uses FastAPI for529

asynchronous session handling and streaming, LangChain and LangGraph to coordinate model530

interaction and memory, PostgreSQL for conversation persistence, and MCP as the bridge to531

external tools. The interface was designed for use on both mobile and desktop devices by women532

with limited digital literacy.533

2.7 Interaction design534

Baby and Me was designed as more than a question-and-answer interface. The intent was535

a maternal health companion that fits the everyday rhythms of pregnancy in Bangladesh,536

foregrounding immediacy, trust, and empathy in order to lower barriers to access while creating537

a space in which medical and emotional concerns can coexist. The design decisions described538

below follow from the three requirements derived from the formative survey, which are reported539

in the Results. The interface screenshots reproduced in this section show illustrative example540

conversations composed by the research team to demonstrate system behaviour; they are not541

transcripts of participant sessions.542

2.7.1 Input and process transparency543

To minimize entry barriers for women who may already feel vulnerable when seeking maternal544

health support, the application requires no sign-up, no password, and no disclosure of personal545

details before use. Women can begin interacting as soon as they open the site5. This zero-546

friction approach reflects the observation that identity disclosure can feel risky in sensitive547

health contexts, particularly where miscarriage anxiety, mental health difficulties, or relationship548

concerns carry stigma.549

The chat interface deliberately resembles the messaging applications women in Bangladesh550

already use daily. Reusing a familiar design metaphor reduces the cognitive load of learning a551

new interface: rather than navigating menus or completing forms, users type a question into a552

5https://baby-and-me.vercel.app/
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text box. This choice responds directly to the requirements survey, in which 70.8% of respondents553

needed assistance completing even a structured questionnaire.554

Figure 2(a) shows the input box, positioned at the bottom of the interface as in commercial555

chat platforms. On submission, the interface enters a processing state (Figure 2(b)) in which556

the system makes its internal activity visible, displaying indicators of tool invocation, document557

retrieval, and response generation. These intermediate states were included for two reasons.558

As technical feedback, they are intended to prevent uncertainty about whether the system has559

received the query. As design elements, they are intended to signal that the system is actively560

working on the user’s behalf, a quality often absent from static health information portals.561

Because no account is required, conversations do not persist beyond the active session.562

This constrains the system’s ability to personalize across visits, but it reduces the risk that563

sensitive disclosures are stored or later exposed, a consideration that is particularly salient where564

discussing pregnancy complications or mental health may be socially sensitive even within a565

household. The design therefore trades longitudinal personalization for lower disclosure risk,566

while retaining enough within-session continuity to support coherent multi-turn dialogue.567

2.7.2 Response presentation568

Responses are written to balance accuracy with accessibility. Messages avoid dense medical569

terminology in favor of plain Bangla phrasing, a choice grounded in the formative survey finding,570

reported in the Results, that 27.8% of participants were comfortable only in Bangla. Because571

maternal health questions are rarely purely informational and are often entangled with anxiety572

or stigma, responses are framed to provide reassurance alongside factual guidance.573

Figure 3 shows the response flow. On receiving input, the system produces a concise message574

in Bangla, irrespective of whether the question was typed in Bangla script, romanized Banglish,575

or English (panel c). In the subsequent idle state (panel d), retrieved documents and tool outputs576

remain visible rather than being hidden once the answer is delivered. Technically this supports577

auditability; from the user’s perspective it is intended to function as a signal of accountability,578

allowing women to see the basis of the information rather than receiving assertions without579

provenance. Whether this design intent was realized is examined in the Results and Discussion.580

Some maternal health topics, including nutritional comparisons, trimester milestones, and581

warning signs, are conveyed more effectively in structured form. Figure 4 shows how the system582

renders table-based answers inline to improve scannability, allowing users to locate specific583
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Figure 2: Input flow: (a) the persistent input box, and (b) the processing state, in which tool invocation
and document retrieval are surfaced to the user. The interface is shown as deployed. English translation
of the on-screen text: the agent’s opening message reads “Hi! I am the Baby and Me bot. I will help
make your day easier.”; the user’s question, typed in romanized Banglish, reads “What can a 10-day-old
baby be fed?”. All remaining interface text is in English in the deployed system.

23



Figure 3: Response flow: (c) a generated response rendered in Bangla, and (d) the idle state, in
which retrieved sources and tool outputs remain accessible. The interface is shown as deployed. English
translation of the agent’s response: “A 10-day-old baby should not be given anything other than breast
milk or formula. At this age the digestive system is still very immature, so it cannot digest any other food.
Breast milk or formula alone supplies all the nutrition the baby needs.” Panel (d) additionally shows the
expanded tool output, containing the Bangla passages retrieved from the knowledge base for this query.
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information without parsing long paragraphs.584

Figure 4: Rendering of a structured, table-based response within the conversation stream, shown as
deployed. English translation: the user asks “Make me a table of what to feed my baby in each month of
the first year”; the agent replies “Below is a table of what to feed your baby in each month of the first
year”, followed by a table with the columns Age and Food. The rows give, at 6 months, rice powder,
semolina, thin lentil soup and fruit or vegetable purée alongside breast milk; at 7 to 8 months, soft
khichuri, egg yolk, yoghurt, deboned boiled fish and chicken soup; at 9 to 10 months, soft rice, small
pieces of roti or paratha, small pieces of vegetables and meat, cheese and lentils; and at 11 to 12 months,
ordinary family food cut small and lightly spiced. The closing note reads “Remember to introduce each
new food in small amounts and wait 3 to 4 days to watch for any allergic reaction.”

2.7.3 Within-session continuity585

Figure 5 illustrates how context is preserved across turns within a session. Although no account586

is required, the agent retains memory of prior turns in the current conversation, which allows it587

to tailor follow-up answers, avoid repetition, and maintain coherence. Restricting memory to588

the session bounds this benefit against privacy risk, as described above.589
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Figure 5: Preservation of conversational context within a session, allowing follow-up questions to be
interpreted against prior turns. The interface is shown as deployed. English translation: the user asks
“When you are pregnant, do you have to eat only leafy greens and vegetables?” and the agent replies that
a balanced diet including protein, grains, fruit, vegetables and healthy fats is important, and suggests
consulting a nutritionist or doctor. The user then writes “but my grandmother said not to eat meat”,
and the agent responds that meat, particularly chicken and fish, is beneficial in pregnancy because of its
protein content, while advising that meat be cooked thoroughly, that lean cuts and skinless chicken be
chosen, and that liver not be eaten regularly. Note that the second turn is interpreted against the first
without restatement.
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Across these interaction modes, transparency was treated as a design resource rather than only590

a technical property: surfacing retrieved passages, displaying tool invocation, and maintaining591

visible continuity were intended to position the system as accountable rather than authoritative.592

We examine how far that intent was borne out in the Discussion.593

2.8 Evaluation design594

We evaluated Baby and Me through three complementary components: a screening of candidate595

model configurations, a deployment feedback survey, and semi-structured interviews. The596

screening selected a configuration before deployment; the survey and interviews examined how597

end users received the deployed system.598

2.8.1 Model configuration screening599

We assembled an evaluation set of 30 frequently asked pregnancy and maternal health questions,600

drawn from questions commonly raised by pregnant and postpartum women in Bangladeshi601

online health communities and from the topics covered by the curated knowledge base. Reference602

answers were authored and verified by a licensed physician collaborating with the research603

team. The set was sized pragmatically rather than by power calculation, and its purpose was to604

discriminate among candidate configurations rather than to establish clinical accuracy.605

Responses generated by the RAG system were scored against six criteria:606

1. Contextual accuracy: whether retrieved documents and the generated response align607

with the query and conversational context, without misinterpretation or off-topic content.608

Higher is better.609

2. Chain-of-thought contextual accuracy: the coherence and logical progression of the610

response, particularly for multi-turn or complex queries [72]. Higher is better.611

3. Conciseness: brevity and directness, without excessive verbosity or repetition. Higher is612

better.613

4. Relevance: the pertinence of retrieved information and the generated response to the614

user’s actual need. Higher is better.615

5. Unsupported statements: the proportion of the response consisting of claims that are616

not supported by the retrieved source documents or that are factually incorrect [64]. Lower617
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is better.618

6. Response latency: median (P50) and worst-case (P99) end-to-end generation time,619

indicating real-time usability. Lower is better.620

We evaluated two retrieved-context sizes, K = 5 and K = 10, where K is the number of621

retrieved chunks supplied to the generator; these values reflect commonly reported operating622

points in the retrieval literature [73, 74].623

Scoring was automated, using a large language model-as-judge protocol [75] in which a624

language model rated each system output against the physician-authored reference answer on625

each criterion. Each criterion was scored on a scale from 0 to 1, and the values reported in the626

Results are the mean across the 30 questions. The two Gemini variants were accessed through627

the provider’s hosted API and the open-weight model through a local Ollama runtime, so the628

latency measurements reflect the serving environment as well as the model.629

We emphasise the limited role this screening plays in the paper. Automated judging can630

diverge from expert human judgment on specialized clinical content [76], and preference leakage631

can bias evaluation when the judging and generating models belong to the same family [77]. The632

scores were used to choose among candidate configurations before deployment, and we present633

them as the basis for the choice that was made. They are not offered as measures of model634

quality, as evidence of clinical accuracy, or as a comparison that other work should build on.635

The constraints on their interpretation are set out in the Limitations.636

2.8.2 Deployment feedback survey637

The application was made available first to women who had participated in the formative638

requirements survey and subsequently to a wider audience, and remained open for one week.639

Participants were asked to use the system over a period of several days before responding.640

Twenty-four people completed a structured feedback questionnaire covering usability, clarity,641

trust, alignment with their concerns, and perceived empathy, each rated on a 5-point Likert-type642

scale, together with free-text comments and three categorical items on adoption and privacy643

preference. The questionnaire is provided in Supplementary File 3.644

Two features of this sample bear on interpretation and are reported in the Results. Twenty-645

one of the 24 respondents (87.5%) had taken part in the formative survey, so the feedback cohort646

overlaps heavily with the original Pabna recruitment. Item 4 of the questionnaire asked who647
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had used the application, and 15 respondents (62.5%) had used it themselves while 9 (37.5%)648

were reporting on use by another household member. Proxy responses were retained rather649

than excluded, because household-mediated use is characteristic of digital access in this setting650

and excluding them would have removed a substantive finding, but they are identified as such651

throughout.652

The number of women invited or otherwise reached was not recorded, so a response rate653

cannot be calculated. The instrument was developed for this study; a validated usability654

instrument such as the System Usability Scale was not administered, which limits comparability655

with other work.656

2.8.3 Semi-structured interviews657

We conducted short semi-structured interviews with three women who had used the system for658

three days. These were intended not to reach thematic saturation but to provide illustrative659

depth and to contextualize the survey responses. Interviews were conducted in Bangla and660

were scheduled to last approximately 20 to 30 minutes. Participants were informed that their661

responses would be anonymized and that they could skip any question or stop at any time, and662

audio recording was carried out only with permission. Recordings were subsequently transcribed663

and translated into English. Transcripts were not returned to participants for comment and no664

repeat interviews were conducted. The interview protocol, including the consent preamble, is665

provided in Supplementary File 4.666

2.9 Analysis667

2.9.1 Quantitative analysis668

Formative survey responses, deployment feedback ratings, and screening scores were summarized669

descriptively. Categorical variables are reported as counts and percentages, and rating scales670

as means with standard deviations together with the full distribution of responses across scale671

points. No inferential statistical testing was performed. We made this choice because the study672

has no comparison condition, the deployment sample of 24 provides very limited power, and673

the rating instrument is not validated, so that p-values would convey more confidence than the674

design supports.675
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2.9.2 Qualitative analysis676

Free-text survey comments and interview transcripts were read in full by members of the research677

team and summarized into recurring topics through an inductive reading of the material. Given678

that only three women were interviewed, we did not conduct a formal thematic analysis, construct679

a codebook, or assess inter-coder agreement, and we do not claim saturation. The topics reported680

in the Results are therefore presented as illustrative accounts that contextualize the quantitative681

ratings rather than as analytically derived themes. Representative quotations were selected to682

convey the range of views expressed, including critical ones, and are attributed by participant683

code only.684

2.9.3 Integration of quantitative and qualitative components685

The two strands were integrated at the interpretation stage rather than during analysis: quan-686

titative ratings established where the system performed well and where ratings were low or687

dispersed, and the free-text and interview material was used to suggest why. Where the two688

strands diverge, we report the divergence rather than resolving it in favour of either.689

3 Results690

3.1 Formative survey findings691

3.1.1 Participant characteristics692

Seventy-two women participated. Participants were predominantly of childbearing age: 42693

(58.3%) were in the 25 to 35 band and 16 (22.2%) in the 18 to 25 band, with 10 (13.9%) aged694

35 to 45, 3 (4.2%) under 18, and 1 (1.4%) over 45. Educational attainment varied from no695

formal schooling, 4 (5.6%), to a Master’s degree or higher, 18 (25.0%), with Bachelor’s degree696

holders the largest single group at 24 (33.3%). Homemakers, 29 (40.3%), and service workers,697

19 (26.4%), were the most common occupations. Most participants lived in urban areas, 42698

(58.3%), with the remainder split evenly between semi-urban and village settings, 15 (20.8%)699

each. Households ranged in size from 2 to 10 members (median 4).700

The sample spanned a wide socioeconomic range. Annual household income was below 1701

lakh BDT for 18 participants (25.0%), between 1 and 5 lakh for 23 (31.9%), between 5 and702

8 lakh for 27 (37.5%), and above 8 lakh for 4 (5.6%). Parity was similarly varied: 26 women703

30



(36.1%) were in their first pregnancy, 23 (31.9%) their second, 13 (18.1%) their third, and 10704

(13.9%) their fourth or later, so the sample includes both nulliparous and multiparous women.705

Personal smartphone and internet access was widespread, 58 (80.6%), though 11 (15.3%) did706

not own a smartphone and 3 (4.2%) relied on shared devices. Fifty-one respondents (70.8%)707

completed the survey with assistance rather than unaided, indicating meaningful literacy or708

digital-familiarity barriers. Table 2 summarizes the responses.709

3.1.2 Language preferences710

Language preferences reinforced the need for a Bangla-first design: 51 women (70.8%) were711

comfortable in both Bangla and English, 20 (27.8%) preferred Bangla only, and 1 (1.4%) preferred712

English only (Figure 6). This preference varied sharply with educational attainment (Figure 7):713

all participants with no formal or primary education preferred Bangla-only interaction, and714

70.0% of those with secondary education did so, whereas bilingual comfort was concentrated715

among participants with college-level education or above. A Bangla-first design therefore matters716

most for precisely the group least served by existing English-dominant platforms.717

3.1.3 Reported concerns and mental health718

Across 378 complication selections made by the 72 respondents, the most frequently reported719

were concerns about the baby’s health or development (38 selections, 10.1%), hormonal mood720

swings (35, 9.3%), fear of miscarriage or complications (27, 7.1%), and fear of childbirth or labor721

pain (27, 7.1%). Across 377 concern selections, the most frequent were safe delivery and labor722

pain (34, 9.0%), fear of C-section or surgery (32, 8.5%), risk of miscarriage or complications (29,723

7.7%), physical changes and body image (29, 7.7%), and the impact of pregnancy on mental724

health (27, 7.2%) (Figure 8).725

On mental health, 44 participants (61.1%) described themselves as mostly stable and positive,726

while 14 (19.4%) reported occasional anxiety or stress, 9 (12.5%) frequent sadness or mood727

swings, and 5 (6.9%) depression or serious emotional distress (Figure 9). Just under two in five728

respondents therefore reported some degree of psychological difficulty during pregnancy. As729

noted in the Methods, 70.8% of respondents completed the instrument with assistance, which730

may have suppressed disclosure on these items.731
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3.1.4 Derived design requirements732

Two patterns emerged with direct design implications. First, digital readiness was uneven: urban733

women showed high smartphone and internet access, while rural and lower-income women faced734

literacy gaps, device sharing, and limited digital familiarity, underscored by the 70.8% who735

needed assistance completing the survey and by the quarter of households reporting annual736

income below 1 lakh BDT. Second, language inclusivity was decisive, with a substantial minority737

preferring Bangla only and this preference concentrated among women with the least formal738

education. Mental health concerns were also prominent, indicating that the system should739

extend beyond information delivery to offer empathetic, stigma-sensitive support. Together,740

these findings translated into three design requirements, which guided the system described in741

the Methods:742

1. Multilingual, Bangla-first interaction, ensuring accessibility for women who prefer743

their native language for comfort and trust.744

2. Simple, inclusive interface design, accommodating users with limited digital literacy745

through clear, lightweight interaction.746

3. Empathetic, trustworthy responses, combining clinically grounded guidance with747

reassurance and sensitivity to stigma around maternal mental health.748
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Figure 6: Language preference for a digital maternal health application (N = 72).

Figure 7: Language preference for a digital maternal health application by educational attainment
(N = 72). Participants with no formal or primary education preferred Bangla-only interaction exclusively,
while bilingual comfort increased with educational attainment.
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Figure 8: Top five reported concerns during pregnancy, as a percentage of all 377 concern selections
made across the 72 participants (up to five selections permitted per participant).

Figure 9: Self-reported mental health condition during pregnancy (N = 72).
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749 Table 2: Summary of formative survey responses (N = 72). Demographic values are given as n

(%) of participants. For the three multiple-response items, participants could select up

to five options; values are given as the number of selections and as a percentage of all

selections for that item, not of participants. The denominators are 378 selections for

complications, 377 for concerns, and 379 for positive moments, each made across all 72

respondents. Percentages are rounded and may not sum to exactly 100. Age bands are

reproduced as they appeared in the survey instrument, in which the boundary values

25 and 35 appear in two adjacent categories; respondents selected a single band. The

parity item offered both “5” and “5+” as options; these are combined here as “5 or

more”.

Age 18–25 16 22.2

25–35 42 58.3

35–45 10 13.9

Under 18 3 4.2

Over 45 1 1.4

Education Bachelor’s 24 33.3

Master’s or higher 18 25.0

Secondary 10 13.9

College 9 12.5

Primary 7 9.7

No formal schooling 4 5.6

Occupation Homemaker 29 40.3

Service 19 26.4

Business 8 11.1

Student 8 11.1

Daily wage labor 6 8.3

Category Response n %

Continued on next page750
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Table 2: Summary of formative survey responses (N = 72). Demographic values are given as n

(%) of participants. For the three multiple-response items, participants could select up

to five options; values are given as the number of selections and as a percentage of all

selections for that item, not of participants. The denominators are 378 selections for

complications, 377 for concerns, and 379 for positive moments, each made across all 72

respondents. Percentages are rounded and may not sum to exactly 100. Age bands are

reproduced as they appeared in the survey instrument, in which the boundary values

25 and 35 appear in two adjacent categories; respondents selected a single band. The

parity item offered both “5” and “5+” as options; these are combined here as “5 or

more”. (Continued)

Doctor 1 1.4

Lecturer 1 1.4

Residence Urban 42 58.3

Semi-urban 15 20.8

Village 15 20.8

Annual household

income (BDT)

Less than 1 lakh 18 25.0

1 to 5 lakh 23 31.9

5 to 8 lakh 27 37.5

More than 8 lakh 4 5.6

Number of pregnancies 1 26 36.1

2 23 31.9

3 13 18.1

4 4 5.6

5 or more 6 8.3

Smartphone access Personal smartphone and internet 58 80.6

Category Response n %

Continued on next page751
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Table 2: Summary of formative survey responses (N = 72). Demographic values are given as n

(%) of participants. For the three multiple-response items, participants could select up

to five options; values are given as the number of selections and as a percentage of all

selections for that item, not of participants. The denominators are 378 selections for

complications, 377 for concerns, and 379 for positive moments, each made across all 72

respondents. Percentages are rounded and may not sum to exactly 100. Age bands are

reproduced as they appeared in the survey instrument, in which the boundary values

25 and 35 appear in two adjacent categories; respondents selected a single band. The

parity item offered both “5” and “5+” as options; these are combined here as “5 or

more”. (Continued)

No smartphone 11 15.3

Shared access 3 4.2

Language preference Both Bangla and English 51 70.8

Bangla only 20 27.8

English only 1 1.4

Survey completion Assisted 51 70.8

Unaided 21 29.2

Physical condition Very good 29 40.3

Mostly okay, minor issues 34 47.2

Had complications 9 12.5

Mental condition Mostly stable and positive 44 61.1

Occasional anxiety or stress 14 19.4

Frequent sadness or mood swings 9 12.5

Depression or serious distress 5 6.9

Top complications

(of 378 selections)

Baby’s health or development 38 10.1

Category Response n %

Continued on next page752
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Table 2: Summary of formative survey responses (N = 72). Demographic values are given as n

(%) of participants. For the three multiple-response items, participants could select up

to five options; values are given as the number of selections and as a percentage of all

selections for that item, not of participants. The denominators are 378 selections for

complications, 377 for concerns, and 379 for positive moments, each made across all 72

respondents. Percentages are rounded and may not sum to exactly 100. Age bands are

reproduced as they appeared in the survey instrument, in which the boundary values

25 and 35 appear in two adjacent categories; respondents selected a single band. The

parity item offered both “5” and “5+” as options; these are combined here as “5 or

more”. (Continued)

Hormonal mood swings 35 9.3

Fear of miscarriage or complications 27 7.1

Fear of childbirth or labor pain 27 7.1

Anxiety or depression 26 6.9

Top concerns

(of 377 selections)

Safe delivery and labor pain 34 9.0

Fear of C-section or surgery 32 8.5

Risk of miscarriage or complications 29 7.7

Physical changes and body image 29 7.7

Impact of pregnancy on mental health 27 7.2

Positive moments

(of 379 selections)

Feeling the baby’s first kick 32 8.4

Feeling proud as a mother 32 8.4

Watching the belly grow 31 8.2

Preparing for the baby 28 7.4

Seeing the baby in an ultrasound 26 6.9

Category Response n %
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3.2 Model configuration screening754

Before deployment we screened the three candidate models at two retrieved-context sizes in order755

to select a configuration. Table 3 reports the resulting quality and latency metrics. Across all756

quality dimensions, performance ordered consistently: Gemini 2.5 Flash performed best, Gemini757

2.5 Flash-Lite intermediate, and Qwen 2.5:14B weakest. All quality scores were produced by758

the automated judging protocol described in the Methods and are used here to rank candidate759

configurations against one another; they are not a measure of clinical accuracy and should not760

be read as one.761

3.2.1 Response quality762

Contextual accuracy improved with model capability and with retrieved-context size. Qwen763

2.5:14B scored 0.47 at K = 5 and 0.57 at K = 10; Flash-Lite reached 0.75 and 0.84; and Flash764

achieved 0.90 and 0.94. The consistent gain from K = 5 to K = 10 across all three models765

indicates that additional retrieved context supported more accurate grounding. Chain-of-thought766

contextual accuracy followed the same ordering, with Flash reaching 0.95 at K = 10, although767

the effect of K was less pronounced for both Gemini variants once sufficient context was available.768

Conciseness and relevance showed a different pattern. Conciseness rose sharply from Qwen769

(0.47, 0.52) to Flash-Lite (0.75, 0.78) and Flash (0.93, 0.90), but for Flash the K = 5 condition770

slightly outperformed K = 10. Relevance behaved similarly, with Flash scoring 0.91 at K = 5 and771

0.89 at K = 10. These reversals suggest a point of diminishing returns, beyond which additional772

retrieved passages introduce redundancy or peripheral material that dilutes the directness of the773

response rather than improving it.774

Unsupported statements were least frequent for Gemini 2.5 Flash (0.11 at K = 5, 0.08 at775

K = 10) and most frequent for Qwen 2.5:14B (0.51 and 0.43). Flash-Lite was stable at 0.18776

under both conditions. For Qwen and Flash, increasing K reduced unsupported statements,777

consistent with the interpretation that broader retrieval provides more material on which to778

ground a response.779

3.2.2 Latency780

Latency ordered inversely to model size. Flash-Lite was fastest, with median (P50) latencies781

of 5.10 s at K = 5 and 7.42 s at K = 10, and worst-case (P99) latencies of 8.50 s and 12.82 s.782

Flash was moderately slower at 7.46 s and 13.56 s (P50) and 10.57 s and 20.70 s (P99). Qwen783
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2.5:14B was slowest throughout, reaching 20.10 s (P50) and 40.40 s (P99) at K = 10. Increasing784

K raised latency for every model, reflecting the additional context processed. The open-weight785

model was served locally through Ollama while both Gemini variants were accessed as hosted786

services, so its latency reflects the local serving environment as well as the model itself and is787

not directly comparable.788

3.2.3 Configuration selected for deployment789

Taken together, Gemini 2.5 Flash offered the best balance of grounding and accuracy at latencies790

compatible with interactive use, and was selected for deployment. Qwen 2.5:14B combined the791

weakest grounding with the highest observed latency in our serving setup, making it unsuitable792

for real-time use in this setting despite its advantage of self-hosting. Although K = 10 yielded793

the highest contextual accuracy, the deployed configuration uses K = 5, trading a small accuracy794

margin for lower latency and reduced token cost, and reflecting the observation that conciseness795

and relevance did not improve beyond K = 5.796

797

Table 3: Quality and latency metrics for three candidate models at two retrieved-context

sizes (K), used to screen configurations before deployment. For contextual accu-

racy, chain-of-thought contextual accuracy, relevance, and conciseness, higher values

indicate better performance. For unsupported statements and for latency, lower values

indicate better performance; arrows in the column headers indicate the direction of im-

provement. Latency is reported in seconds at the 50th (P50) and 99th (P99) percentiles;

the open-weight model was served locally and the two hosted models through their

provider API, so latencies are not directly comparable across serving environments.

The bold row marked with † (K = 5, Gemini 2.5 Flash) is the configuration selected

for deployment.

Retrieved context K = 5

K Model

Contextual

accuracy

↑

CoT

contex-

tual

accuracy

↑

Relevance

↑

Conciseness

↑

Unsupported

statements

↓

P50

latency

(s) ↓

P99

latency

(s) ↓

Continued on next page798
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Table 3: Quality and latency metrics for three candidate models at two retrieved-context

sizes (K), used to screen configurations before deployment. For contextual accu-

racy, chain-of-thought contextual accuracy, relevance, and conciseness, higher values

indicate better performance. For unsupported statements and for latency, lower values

indicate better performance; arrows in the column headers indicate the direction of im-

provement. Latency is reported in seconds at the 50th (P50) and 99th (P99) percentiles;

the open-weight model was served locally and the two hosted models through their

provider API, so latencies are not directly comparable across serving environments.

The bold row marked with † (K = 5, Gemini 2.5 Flash) is the configuration selected

for deployment. (Continued)

5 Qwen 2.5:14B 0.47 0.73 0.63 0.47 0.51 15.58 27.12

5
Gemini 2.5

Flash-Lite
0.75 0.85 0.80 0.75 0.18 5.10 8.50

5
Gemini 2.5

Flash†
0.90 0.93 0.91 0.93 0.11 7.46 10.57

Retrieved context K = 10

10 Qwen 2.5:14B 0.57 0.80 0.65 0.52 0.43 20.10 40.40

10
Gemini 2.5

Flash-Lite
0.84 0.85 0.83 0.78 0.18 7.42 12.82

10 Gemini 2.5 Flash 0.94 0.95 0.89 0.90 0.08 13.56 20.70

K Model

Contextual

accuracy

↑

CoT

contex-

tual

accuracy

↑

Relevance

↑

Conciseness

↑

Unsupported

statements

↓

P50

latency

(s) ↓

P99

latency

(s) ↓

799

3.3 Deployment feedback survey800

3.3.1 Respondents801

The application was distributed first to women who had taken part in the formative survey802

and then opened to a wider audience for one week. Twenty-four people completed the feedback803
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questionnaire, of whom 21 (87.5%) had also taken part in the formative survey. Mean age was804

29.79 years (SD 5.51), ranging from 20 to 47 years.805

Fifteen respondents (62.5%) had used the system themselves. The remaining 9 (37.5%)806

reported on use by another household member: a husband in 4 cases, a sister in 3, a cousin807

in 1, and a sister-in-law in 1. Ratings from these 9 respondents therefore describe observed808

rather than first-hand use. We report all 24 together, because household-mediated use is itself809

characteristic of digital access in this setting and is consistent with the 70.8% of formative survey810

respondents who required assistance to complete a questionnaire, but the distinction should be811

borne in mind when reading the ratings and we return to it in the Limitations.812

3.3.2 User experience ratings813

Respondents rated five dimensions on 5-point scales (Figure 10). Ratings are summarized814

descriptively; no inferential testing was performed, given the sample size and the absence of a815

comparison group.816

Ease of use was rated highest (mean 4.79, SD 0.41), with 19 of 24 respondents selecting the817

maximum rating and the remaining 5 selecting 4; no rating fell below 4. Clarity of responses was818

also high (mean 4.54, SD 0.59), with 14 respondents rating 5, nine rating 4, and one rating 3.819

Three dimensions showed greater variability. Perceived empathy averaged 4.00 (SD 0.72),820

with 5 respondents rating 5, 15 rating 4, 3 rating 3, and 1 rating 2, the widest range of any821

dimension. Alignment of answers with respondents’ concerns averaged 4.04 (SD 0.69), with 5822

rating 5, 16 rating 4, 2 rating 3, and 1 rating 2. Trust in the information provided averaged 4.29823

(SD 0.91), the largest standard deviation observed, with 12 respondents rating 5, nine rating824

4, one rating 3, and two rating 2, indicating that while most respondents rated the system as825

reliable, a minority expressed doubt.826

Free-text responses were consistent with these ratings. Two respondents (P2, P7) reported827

that responses sometimes took frustratingly long to arrive, and one (P3) reported that the828

system misunderstood questions and returned incorrect answers. Regarding response quality,829

P17 noted that the system sometimes repeated answers or gave generic responses and that more830

personalized advice would be preferable. Two respondents raised feature requests bearing on831

personalization and peer support: P10 wrote that being able to save questions and answers or832

revisit previous conversations would be convenient, and P8 wrote that seeing real experiences833

from other mothers would be emotionally comforting.834
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Figure 10: Mean user feedback ratings across five experience dimensions (N = 24; 5-point scale, higher
indicates a more positive rating).

3.3.3 Adoption and privacy preferences835

On the trichotomous items (Figure 11), 17 of 24 respondents (70.8%) said they would recommend836

the system to others, while 15 (62.5%) said they would use it instead of a general web search.837

Negative responses were identical for both items (3 respondents, 12.5%), while uncertainty was838

higher for replacement (6 respondents, 25.0%) than for recommendation (4 respondents, 16.7%).839

The comparison item was framed against Google, which remains the dominant health information840

tool in this setting; substitution against general-purpose AI assistants was not measured.841

On the personalization-versus-privacy item (Figure 12), 16 respondents (66.7%) preferred842

a personalized system that stores user data, 5 (20.8%) prioritized data privacy, and 3 (12.5%)843

were undecided.844

3.4 Interview findings845

Semi-structured interviews with three participants who had used the system for three days846

surfaced four recurring topics. Given that only three women were interviewed, these are reported847

as illustrative accounts that contextualize the survey ratings, and not as the product of a formal848

thematic analysis or as findings that reached saturation.849

43



Figure 11: Participant responses to recommendation and replacement items (N = 24).

Figure 12: Participant preferences regarding personalization and data privacy (N = 24).

44



Voice input as an accessibility need. Participants reported that typing was burdensome850

during daily routines. P3 explained: “It gets tiring to type all the time with my hands full. It851

would be great if I could just ask and listen to the answer.” This positions voice interaction less852

as a convenience than as an accommodation to the physical circumstances of pregnancy and853

early postpartum care.854

Source attribution as reassurance. Participants emphasized wanting to know where855

guidance originated. P2 noted: “If the app mentioned whether the answer came from a doctor856

or a trusted site, I would feel more confident.” The conditional form of this remark is notable:857

the interface already displays that a retrieval tool was invoked and leaves the retrieved passages858

visible, so what P2 describes as missing is not process transparency but a statement of source859

authority. We return to this distinction in the Discussion.860

Reminders and health management. Participants envisioned the system extending861

beyond question answering into routine health management. P2 and P3 both raised this: “If the862

app can remind me to take medicine or tell me when my next checkup with the doctor is, it863

would be very convenient, so that I don’t have to juggle calendar, notes, and other apps.” Such864

features would move the system from an information source toward an active role in care, which865

raises questions about the responsibility an automated system should assume.866

Offline access. Connectivity emerged as a recurring constraint, particularly for semi-urban867

and rural users. All three participants raised it: “Sometimes there is no electricity or internet868

available. In fact, many do not even have smartphones here. If I could still read answers or869

advice already given, it would help a lot.” This indicates that connectivity gaps may exclude870

precisely those users with the least access to alternative sources of guidance.871

3.5 Expert review872

A licensed physician collaborating with the research team reviewed both the formative and873

feedback survey instruments for medical appropriateness and cultural sensitivity, providing input874

on question wording, response options, and structure. The same physician reviewed a sample of875

user queries and corresponding system responses for accuracy, clarity, and potential risk. This876

review found that the system generally produced clinically appropriate guidance, and identified877

the need to reinforce disclaimers that the system does not substitute for professional medical878

advice.879

This review constitutes an initial check on clinical appropriateness rather than a systematic880
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safety evaluation. It was conducted on a sample rather than on all outputs, by a single clinician881

rather than a panel, and retrospectively rather than as a review of responses before they reached882

users. We treat these constraints as material limitations and address them in the Discussion.883

4 Discussion884

4.1 Study design and stage of evaluation885

This study sits at an early stage of the evaluation pathway for maternal health interventions,886

and its design should be read accordingly. Before a digital intervention can reasonably be tested887

for effect on care-seeking or maternal outcomes, three prior questions need answering: whether888

the informational and emotional needs it targets are the ones women actually report, whether a889

system addressing those needs can be built and operated in the setting, and whether the women890

it is intended for can and will use it. Those are the questions this study addresses. We did not891

measure antenatal care attendance, care-seeking behaviour, knowledge change, or any maternal892

or neonatal outcome, and the design does not permit inference about them.893

We are explicit about this because the value of a formative study lies in what it rules out as894

much as in what it demonstrates. Our findings indicate that usability and clarity are achievable895

in this setting but that trust and perceived empathy are not delivered by usability alone, and896

that a substantial share of access is household-mediated rather than individual. A trial designed897

without that information would risk measuring outcomes for an intervention that women do not898

trust enough to rely on, or attributing to individual users an intervention that reaches them899

through a family member. The appropriate next step is a controlled evaluation with validated900

instruments, a larger and geographically broader sample, and follow-up across pregnancy and the901

postpartum period, measuring knowledge, care-seeking behaviour, and well-being. We outline902

what such a study would require in the Future directions section below.903

4.2 Principal findings904

This study developed and formatively evaluated a Bangla-first, tool-orchestrated conversational905

agent for maternal health support in Bangladesh. Taking the three research questions in turn,906

the findings are as follows.907

First, the formative survey showed that maternal concerns extend well beyond physical908

complications: alongside miscarriage risk and labor pain, participants reported anxiety, mood909

46



changes, and depression, with just under two in five reporting some degree of psychological910

difficulty. A system confined to medical facts would address only part of the need. Language911

preference proved decisive and, importantly, was concentrated among the least formally educated912

participants, so a Bangla-first design matters most for precisely the group least served by existing913

English-dominant platforms.914

Second, the configuration screening showed that model choice affects both grounding and915

responsiveness. Gemini 2.5 Flash produced the fewest unsupported statements at latencies916

compatible with interactive use and was selected for deployment, while the open-weight model917

tested was both slower in our serving environment and less well grounded. Increasing the number918

of retrieved passages improved grounding but degraded conciseness and relevance beyond a919

point, indicating a retrieval operating point rather than a monotonic benefit.920

Third, the deployment evaluation showed a consistent gap between usability and relational921

qualities: ease of use and clarity were rated highly with little variance, whereas perceived922

empathy, alignment with concerns, and trust were rated lower with wider spread.923

That last pattern is the most instructive. Technical clarity did not guarantee emotional924

resonance. Respondents who found the system easy to use and its answers clear nonetheless925

rated empathy at 4.00 (SD 0.72) with responses ranging from 2 to 5, and trust at 4.29 with the926

widest dispersion (SD 0.91). For maternal health support in a stigmatized context, this suggests927

that usability and accuracy are necessary but insufficient conditions for adoption.928

4.3 Comparison with prior work929

Prior conversational agents for perinatal health have largely been deployed in high-income settings930

and were either rule-based or built on a single model [18, 23, 25, 31, 33]. Relational agents such931

as Woebot and Wysa have shown mental health benefits through empathic dialogue [19, 50], and932

our participants likewise valued supportive framing alongside factual content. Bangla-language933

systems exist [36, 37, 41, 65], but few have undergone reported field evaluation, and we know of934

no system combining a curated Bangla clinical knowledge base with tool orchestration.935

Our contribution is therefore primarily one of localization and architecture rather than of936

demonstrated clinical benefit. We did not compare the system against a rule-based baseline or937

against general web search, so we cannot claim superiority over existing alternatives. What the938

evaluation does show is that a retrieval-grounded, Bangla-first agent is feasible in this setting939

and is received as usable by the women who tried it, with the reservations noted below.940
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4.4 Language, transparency, and trust941

Bangla-first interaction responded directly to survey evidence that 27.8% of participants were942

comfortable only in Bangla, and that this preference was universal among women with no formal943

or primary education. Prior work in comparable settings reports that local-language interaction944

functions as a trust signal and not merely as an accessibility feature [39, 42], and our design was945

built on that premise. We did not measure whether it held for our participants, and we do not946

claim to have tested it.947

The system’s transparency mechanisms are worth separating carefully, because our data948

suggest they are not interchangeable. The interface surfaces process transparency: it displays949

that a tool was invoked, and it leaves retrieved passages and raw tool output visible after the950

answer is delivered. What it does not provide is source attribution in a form users can act on,951

that is, a statement of whether a given claim came from a clinically reviewed article or from952

a general web search. P2’s request is precisely for the latter: she said she would feel more953

confident if the application indicated whether an answer came from a doctor or a trusted site,954

which indicates that the process transparency already on screen did not supply that assurance.955

Read this way, her comment is not evidence that transparency worked but evidence of which956

kind of transparency was missing. This distinction offers one plausible account of the dispersion957

we observed in trust ratings, and it points to a concrete design change: labelling responses by958

provenance, and distinguishing curated clinical sources from web search results at the point of959

reading rather than in a collapsible technical panel.960

Transparency of either kind, in any case, would not on its own resolve the trust gap.961

Participants also wanted advice adapted to their trimester, symptoms, and routines, and the962

system’s session-scoped design could not provide this. That constraint reflects a deliberate963

trade-off. The system requires no account, which lowers the disclosure barrier in a context where964

discussing pregnancy complications or mental health can carry stigma, but it also precludes965

longitudinal personalization. Respondent preferences were split: 66.7% preferred a personalized966

system that stores data, while 20.8% prioritized privacy, and P10 explicitly asked to be able to967

save questions and revisit previous conversations, which is a request for the persistence the design968

deliberately withholds. Personalization should therefore not be treated as an unambiguous good,969

nor privacy protection as costless. Systems in this domain need mechanisms through which users970

can decide what is retained, forgotten, or shared, rather than defaulting to either extreme.971
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4.5 Safety considerations972

The safety profile of this system requires explicit discussion, because retrieval grounding reduces973

but does not eliminate incorrect output. Even the best-performing configuration produced some974

unsupported statements, and retrieval-augmented systems can still communicate misleading975

information to patients [64]. In repeated testing we observed that the same question could yield976

different phrasings across runs, reflecting the stochastic nature of generation. In a domain where977

errors carry clinical consequences, this is material.978

The safeguards in the deployed system were limited. Responses drawing on the knowledge979

base server were grounded in a physician-verified corpus, but responses drawing on the web980

search server were not, since that tool returns open-web content outside the verification pipeline981

described in the Methods. The interface displayed a disclaimer that the system does not replace982

professional care, and a clinician reviewed a sample of outputs after deployment. Critically,983

no clinician reviewed responses before they reached users, no automated detection of red-flag984

symptoms or emergency escalation was implemented, no filtering was applied to web search985

results, and the expert review covered a sample rather than the full set of interactions. We regard986

these as material gaps rather than minor omissions. Any deployment intended to serve users at987

scale would require structured escalation for emergency presentations, systematic pre-deployment988

red teaming against high-risk queries, restriction or verification of open-web retrieval, and989

ongoing clinical oversight. We report the present system as a feasibility prototype and do not990

claim it is safe for autonomous care-facing use in its current form.991

4.6 Limitations992

Several constraints bound the interpretation of these findings.993

Sampling. The formative survey recruited 72 women, and the deployment evaluation involved994

24 respondents and 3 interviewees, recruited predominantly through a single district. Urban995

respondents were overrepresented, and recruitment through hospitals and clinics likely excluded996

women who do not access formal care at all, precisely the population with the greatest unmet997

need. Sensitive topics including abortion and adolescent motherhood did not surface in any998

response, which suggests the survey did not reach the full spectrum of experience and that999

stigma may have suppressed disclosure. Deployment respondents were also likely to be early1000

adopters comfortable with digital tools, so their ratings may not generalize.1001

Response conditions and proxy use. Seventy point eight percent of survey respondents1002
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completed the formative instrument with assistance from an interviewer or family member.1003

While this is itself a finding about digital and literacy barriers, it also means that responses to1004

the mental health items were often given in the presence of another person. Social desirability1005

and the stigma attached to perinatal distress in this setting make under-reporting plausible,1006

and the proportion describing themselves as mostly stable and positive should be read with1007

that in mind rather than as a prevalence estimate. A parallel issue affects the deployment1008

ratings: 9 of the 24 respondents (37.5%) were reporting on use by another household member1009

rather than on their own use, so more than a third of the ratings describe observed rather than1010

first-hand experience. We retained these responses because household-mediated technology use is1011

characteristic of this setting and excluding them would have removed a substantive observation,1012

but they weaken the ratings as a measure of direct user experience.1013

Evaluation design. There was no control group and no comparison condition, so the study1014

cannot establish effectiveness relative to existing information sources. Ratings were collected1015

using a study-specific instrument rather than a validated scale such as the System Usability1016

Scale, which limits comparability with other work. Interaction periods were short, so sustained1017

engagement and the durability of trust remain unexamined.1018

Automated scoring. The configuration screening reported in Table 3 is the weakest component1019

of this study and we set out its constraints in full. The scores were produced by an automated1020

large language model-as-judge protocol [75], whose validity on specialized clinical content is1021

contested [76]. Each item was scored once by a single automated judge, so the scores carry1022

no estimate of their own variability, and they were not validated against independent clinician1023

judgment. We therefore report them only as the basis for the deployment configuration that was1024

in fact selected, and not as measures of model quality or of clinical accuracy.1025

Qualitative analysis and unexamined outcomes. The three interviews were read inductively1026

and summarized into recurring topics. We did not conduct a formal thematic analysis, construct1027

a codebook, involve a second coder, or assess inter-coder agreement, and we do not claim1028

saturation. The interview material is therefore illustrative of individual experience rather than1029

analytically generalizable, and the free-text survey comments were treated the same way. The1030

interview protocol additionally included questions on whether use influenced how participants1031

thought about or acted on their health; these responses were not analysed separately and no1032

findings on influence or behaviour change are reported here.1033

Knowledge base. The corpus was assembled from a small number of vetted Bangla sources1034
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because comprehensive Bangla clinical content is scarce. Perinatal mental health remained1035

underrepresented relative to physical health topics. Chunking parameters were selected by1036

inspection rather than by systematic benchmarking across the parameter space, so the retrieval1037

configuration is plausible but not optimized. The corpus is also static and requires manual1038

intervention to reflect updated guidelines, and formal permission was not sought from either1039

source publisher.1040

Language and model behavior. We observed during testing that generated Bangla occasionally1041

read as awkward or overly literal, and regional dialects such as Sylheti and Chittagonian were not1042

handled effectively, which may limit inclusivity outside urban and more educated populations.1043

These are our own observations; we did not systematically assess linguistic naturalness, and no1044

participant rating captured it.1045

System scope. The system requires connectivity, which excludes users in low-bandwidth or in-1046

termittently connected areas. Personalization was limited to within-session context. Multimodal1047

input was not supported, constraining accessibility for users with low literacy.1048

Structural limits. Maternal health outcomes are shaped by socioeconomic structures, house-1049

hold dynamics, and provider availability. An informational agent, however well designed, cannot1050

address a shortage of skilled birth attendants or the stigma surrounding perinatal mental illness,1051

and should not be positioned as a substitute for those investments.1052

4.7 Future directions1053

Participant feedback and the limitations above point to several priorities.1054

Evaluation infrastructure. Before any comparative claim about model choice can be sustained,1055

the evaluation itself needs rebuilding: a documented judging configuration, judges drawn from1056

outside the family of the models under test, multiple scoring runs to estimate variability, and1057

validation against independent clinician scoring on a subset. This is inexpensive relative to its1058

value and should precede further model work.1059

Safety infrastructure. The most immediate requirement for the deployed system is structured1060

handling of high-risk presentations: detection of red-flag symptoms with explicit escalation to1061

emergency care, systematic adversarial testing before deployment, restriction or verification1062

of open-web retrieval, and a defined role for clinical oversight. Work in this direction should1063

precede any expansion of the user base.1064

Provenance-aware response design. Following the distinction drawn above, responses should1065
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carry visible, reader-level provenance rather than process indicators alone, so that a user can1066

tell at a glance whether guidance came from a clinically reviewed source. This is a modest1067

engineering change with a plausible bearing on the trust dispersion we observed, and it is directly1068

testable in a follow-up study.1069

Multimodal interaction. All three interviewees raised voice input, and P3 framed typing1070

as burdensome during daily routines with an infant. Voice is better understood here as an1071

accommodation to the physical circumstances of pregnancy and infant care than as a convenience.1072

A further extension, which we propose rather than derive from participant requests, would be1073

interpretation of prescriptions, test results, or ultrasound reports; this would raise additional1074

questions of standardization, Bangla-English translation, and protection of sensitive health data.1075

Negotiated personalization. Longitudinal support would require persistent memory, but1076

participant preferences were divided on data retention. The design problem is not whether to1077

personalize but how to give users meaningful control over what is retained and shared.1078

Proactive risk detection. Participants’ anxieties about miscarriage and depression suggest1079

value in detecting concerning patterns across interactions. Such capability carries real risk1080

of over-alerting and of pathologizing ordinary features of pregnancy, and would need careful1081

calibration and clinical involvement.1082

Accessibility and offline operation. Connectivity was a recurring constraint. Hybrid designs1083

that cache prior conversations and provide essential guidance offline would extend reach to1084

precisely those users currently excluded. Advances in compact language models make on-1085

device deployment increasingly plausible, reframing accessibility as a question of infrastructural1086

resilience rather than interface refinement.1087

Peer support. P8 asked to see the experiences of other mothers, describing this as emotionally1088

comforting. Peer content would introduce moderation and misinformation risks that a curated1089

corpus is designed to avoid, and we note the request without endorsing an implementation.1090

Longitudinal and comparative evaluation. Establishing benefit will require studies with1091

control conditions, validated instruments, larger and more geographically diverse samples, and1092

follow-up across pregnancy and the postpartum period, measuring knowledge, care-seeking1093

behavior, and well-being rather than satisfaction alone.1094
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4.8 Deployment economics1095

Sustained operation depends on cost, and the cost structure differs sharply between the two1096

deployment routes we considered. Hosted inference is billed per token, with input and output1097

priced separately and input typically the cheaper of the two. A retrieval-augmented workload of1098

this kind is input-heavy, because every request carries the retrieved passages and the system1099

prompt in addition to the user’s question, so the dominant cost driver is retrieval breadth rather1100

than answer length. This is one practical reason, alongside latency, for deploying at K = 51101

rather than K = 10. Self-hosting an open-weight model shifts cost from per-token charges to1102

infrastructure and operations, which in this setting we estimate at approximately US $50 to $2001103

per month depending on hardware, alongside engineering effort for monitoring and maintenance.1104

We did not instrument token consumption during the deployment, so we are unable to report1105

measured per-session usage or a costed projection, and we regard that as a gap that any scaling1106

study would need to close first.1107

For an LMIC deployment these differences are consequential but, at the scales considered1108

here, unlikely to be prohibitive relative to the cost of the clinical oversight such a system would1109

require. A hybrid approach, routing routine queries to a self-hosted model and reserving hosted1110

inference for harder queries, may offer a reasonable balance, though we did not evaluate such1111

a configuration. Sustained operation would also require integration pathways with existing1112

services, whether through national digital health programs, development partners already funding1113

maternal health work, or public-private arrangements with mobile operators given high mobile1114

penetration. Financial sustainability is not separable from equity here: if operating costs are1115

met by charging users, the communities with the greatest need are the first to be excluded.1116

5 Conclusions1117

We present a Bangla-language conversational agent for maternal health support that integrates1118

retrieval-augmented generation, session-scoped conversational memory, and external tool or-1119

chestration. The system draws on a curated maternal health knowledge base and accepts input1120

in Bangla, romanized Bangla, and English. A formative evaluation combining a requirements1121

survey, a model configuration screening, and a usability and trust study indicates that such a1122

system is feasible in a low-resource and often stigmatized setting, and that women found it easy1123

to use and its answers clear.1124
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The evaluation also shows that usability does not carry trust with it. Ratings of empathy,1125

alignment with concerns, and trust were consistently lower and more widely dispersed than1126

ratings of ease of use and clarity, and participants asked for source attribution, personalization,1127

voice input, and offline access that the deployed system did not provide. This work therefore1128

underscores the importance of culturally and linguistically sensitive design that attends to1129

privacy, stigma, and digital literacy, and it offers transferable design insights for equitable digital1130

health tools in non-English, low-resource contexts. As a formative study, it does not establish1131

clinical effectiveness or safety for autonomous care. Realizing that goal will require clinical-1132

grade safeguards, human-in-the-loop review, integration with health services, and longitudinal1133

evaluation of maternal outcomes at scale.1134
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tered after use of the system.1450
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Supplementary File 5. System prompt used by the deployed agent, reproduced verbatim.1453

A Additional file 1: Formative survey questionnaire1454

The 17-item instrument used in the formative requirements survey (N = 72) is reproduced1455

in Table 4. Items 11 to 13 permitted selection of up to five options; percentages reported for1456

these items are therefore expressed as a proportion of all selections rather than of participants.1457

Item 1 collected respondent name during administration to permit de-duplication and to link1458

initial-survey participants with later feedback respondents; this identifier was removed prior to1459

analysis and no identifying information appears in the analyzed dataset. The age bands in item1460

2 are reproduced exactly as administered, including the boundary values 25 and 35 that appear1461

in two adjacent categories; respondents selected a single band.1462
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1463
Table 4: Formative survey questionnaire items.

1 Name Short answer (removed prior to analysis)

2 Age Under 18; 18–25; 25–35; 35–45; over 45

3 Education level No formal education; primary; secondary; college;

bachelor’s; master’s or higher

4 Occupation Homemaker; service; business; student; daily wage

labor; unemployed; other (specify)

5 Household location Urban; semi-urban; village

6 Number of family members Short answer

7 Annual household income Less than 1 lakh; 1–5 lakh; 5–8 lakh; more than 8

lakh (BDT)

8 Internet or smartphone access Personal smartphone and internet; shared access; does

not have smartphone

9 Language comfort in app Only Bangla; only English; both Bangla and English

10 Number of pregnancies 1; 2; 3; 4; 5; more than 5

No Question Response options

Continued on next page1464
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Table 4: Formative survey questionnaire items. (Continued)

11 Five main complications

experienced during pregnancy

(select up to five)

Morning sickness or nausea; back pain or body aches;

fatigue or low energy; sleep difficulties; fear of mis-

carriage or complications; fear of childbirth or labor

pain; financial stress or income insecurity; lack of

support from partner or family; anxiety or depres-

sion; isolation or loneliness; hormonal mood swings;

difficulty accessing health care services; negative ex-

periences with doctors or hospitals; weight gain or

body-image concerns; work-related stress; social pres-

sure or cultural expectations; miscarriage or stillbirth

in a previous pregnancy; concerns about the baby’s

health or development; domestic violence or verbal

abuse; other (specify)

12 Five main concerns

during pregnancy

(select up to five)

Baby’s health and development; risk of miscarriage or

complications; safe delivery and labor pain; physical

changes and body image; whether I will be a good

mother; financial stability and expenses; managing

household responsibilities; balancing work and preg-

nancy; future of career after childbirth; quality of med-

ical care; availability of emotional support; changes

in relationship with partner; breastfeeding and baby-

care knowledge; birth defects or genetic disorders;

pre-existing health conditions affecting pregnancy;

handling multiple children; whether my partner will

be supportive during delivery; fear of C-section or

surgery; impact of pregnancy on mental health; post-

partum recovery and health; other (specify)

No Question Response options

Continued on next page1465
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Table 4: Formative survey questionnaire items. (Continued)

13 Five main positive moments

during pregnancy

(select up to five)

Feeling the baby’s first kick; hearing the baby’s heart-

beat; seeing the baby in an ultrasound; receiving love

and care from family; partner’s support and involve-

ment; preparing for the baby; bonding emotionally

with the baby; receiving gifts or blessings; positive

feedback from doctors or nurses; family excitement

about the baby; taking maternity photos; talking to

the baby or playing music; friends or community show-

ing support; reading or learning about motherhood;

reduced workload or time to rest; partner attending

checkups or scans; reconnecting spiritually or reli-

giously; sharing the pregnancy news; watching the

belly grow; feeling proud of the journey as a mother;

other (specify)

14 Mental health condition during

pregnancy

Mostly stable and positive; occasional anxiety or

stress; frequent sadness or mood swings; depression

or serious emotional distress; other (specify)

15 Physical health condition dur-

ing pregnancy

Very good; mostly okay with minor issues; had some

physical complications; faced serious health chal-

lenges; other (specify)

16 Other diseases or medical con-

ditions during pregnancy

Short answer

17 Who is reporting the survey Self; assisted

No Question Response options

1466

B Additional file 2: Knowledge base sourcing and preprocessing1467

Challenges in sourcing Bangla maternal health content1468

The following constraints were encountered when surveying candidate sources for the knowledge1469

base. They are reported in full here because they may inform similar efforts in other low-resource1470
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language settings.1471

1. Quality of available Bangla resources. Many online Bangla health resources were1472

direct machine translations of English material, often outdated and lacking cultural nuance.1473

2. Limited evidence base. Few sources were clinically vetted or peer reviewed, raising1474

questions about reliability.1475

3. Absence of medical cross-validation. Most resources showed no evidence of review by1476

certified medical professionals.1477

4. Scarcity of localized content. Little material addressed maternal health realities specific1478

to Bangladesh, such as region-specific nutrition practices and the substantial minority of1479

births that still occur outside health facilities.1480

5. Misinformation risk. Social media, forums, and personal blogs frequently contained1481

unverified claims, folk remedies, or contradictory advice.1482

6. Fragmented institutional resources. Government and nongovernmental organization1483

sites contained useful guidance, but this was often fragmented, outdated, or not available1484

in machine-readable form.1485

7. Limited coverage of complications. Content on perinatal mental health, postpartum1486

recovery, and miscarriage support was particularly sparse.1487

8. Absence of structured data. No publicly available structured or machine-readable1488

Bangla medical corpora were identified.1489

9. Terminology inconsistency. Bangla medical terms lacked standardization, with multiple1490

spellings and colloquial alternatives that complicate retrieval.1491

Preprocessing procedures1492

Articles retained from the two curated sources underwent the following preprocessing steps1493

before embedding. Counts of items removed at each individual step were not retained; 2471494

articles survived the full pipeline and were segmented into 2,945 indexed passages.1495

• Exclusion of irrelevant or low-quality content. Because the maternal sections of1496

both sites were crawled in full, each article was manually reviewed and those that were1497
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promotional or only tangentially related to maternal health were excluded. For example,1498

articles on baby shower gift selection were discarded, while articles on managing gestational1499

diabetes were retained.1500

• Removal of promotional and redundant text. Within retained articles, promotional1501

phrases and repeated boilerplate disclaimers were removed so substantive content remained.1502

• Removal of identifiers. Personal references, author names, and case-specific mentions1503

were removed or generalized.1504

• Markup cleanup. HTML tags, embedded scripts, and page metadata were stripped1505

using regular expressions and parser libraries, retaining only human-readable text.1506

• Fact-checking and cross-referencing. Key medical claims were verified against au-1507

thoritative sources and reviewed by a collaborating licensed physician. Content conflicting1508

with clinical consensus was corrected rather than retained. For example, a source claim1509

that papaya must be avoided entirely during pregnancy was revised to reflect that only1510

unripe papaya carries risk.1511

Chunking parameter selection1512

Text was segmented using a recursive character splitter with a chunk size of 800 characters and1513

an overlap of 300 characters. Smaller chunks (approximately 500 characters) narrowed the focus1514

of individual embeddings but fragmented longer gestational-week guides into disjointed segments.1515

Larger chunks (approximately 1000 characters) preserved broader context but reduced the1516

relevance of retrieved segments by including extraneous material. Overlaps below 200 characters1517

risked losing continuity between the description of a complication and its management, while1518

overlaps above 400 characters increased redundancy and storage cost without apparent benefit.1519

The adopted configuration reflects a balance between coherence and efficiency. Systematic1520

benchmarking across parameter ranges was not conducted and remains a limitation.1521

C Additional file 3: Deployment feedback questionnaire1522

The instrument administered to participants following use of Baby and Me is reproduced in1523

Table 5. Items 5 to 9 used 5-point Likert scales with the anchors shown. As with the formative1524

survey, the name field was collected during administration only and was removed prior to analysis.1525
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Responses to items 3 and 4, which record prior participation in the formative survey and which1526

household member used the application, are reported in the Results.1527

1528

Table 5: Deployment feedback questionnaire items.

1 Name Short answer (removed prior to analysis)

2 Age Short answer

3 Did you take part in the initial survey? Yes; no

4 Who used the app? Self; others (specify)

5 How easy was it to use the app? Likert 1–5 (1 = very hard, 5 = very easy)

6 Were the answers clear and understand-

able?

Likert 1–5 (1 = not clear, 5 = very clear)

7 Did the response feel caring or empathetic? Likert 1–5 (1 = completely robotic, 5 =

very empathetic)

8 Did the answers match your concerns? Likert 1–5 (1 = not at all, 5 = fully satis-

fied)

9 How much did you trust the information

from the app?

Likert 1–5 (1 = did not trust at all, 5 =

fully trusted)

10 Would you use this app instead of searching

Google?

Yes; no; not sure

11 What improvements would you suggest? Short answer

12 Do you prefer a general chatbot (no data

sharing) or a personalized chatbot (sharing

personal information with the system)?

Prefer personalized system; prefer data

privacy; not sure

13 Would you recommend it to others? Yes; no; not sure

No Question Response options

1529

D Additional file 4: Semi-structured interview protocol1530

The following protocol guided the exit interviews. Interviews were conducted in Bangla; the1531

protocol is reproduced here in English translation. Responses to the Influence section were not1532

analysed separately and no findings on influence or behaviour change are reported in this article;1533
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this is noted in the Limitations.1534

Introduction and consent1535

Participants were told that the interview would take approximately 20 to 30 minutes and that its1536

purpose was to understand their experience using the system. They were informed that responses1537

would be anonymized, that no identifying information would be shared, that participation was1538

voluntary, and that they could skip any question or stop at any time. Permission to record the1539

conversation was requested before proceeding.1540

Warm-up and context1541

1. Could you tell me a little about yourself: are you currently pregnant, postpartum, or1542

supporting someone?1543

2. Before this study, how did you usually find information or support for pregnancy or1544

maternal health?1545

Process and usability1546

1. What was it like using the chatbot for the first time?1547

2. Did you face any difficulties using it, for example typing questions, understanding responses,1548

or navigating the interface?1549

3. Were there times when it worked smoothly or was especially convenient?1550

4. Was there anything frustrating or confusing?1551

5. How does using this chatbot compare with asking family or friends, or searching online?1552

Understanding and trust1553

1. Can you recall a specific question you asked the chatbot? What did you think of the1554

response?1555

2. Was the answer clear and understandable?1556

3. Did the chatbot ever give information you doubted or did not trust, and if so, why?1557

4. Did you feel reassured, anxious, or neutral after reading the answers?1558
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5. Compared with asking a doctor or midwife, how much would you trust this chatbot?1559

Influence1560

1. Did using the chatbot change how you think about your health, pregnancy, or care?1561

2. Did it prompt you to take any action, such as looking up more information, speaking with1562

someone, or changing a routine?1563

3. If this chatbot were widely available, do you think women in your community would use it,1564

and why or why not?1565

4. How often do you think you would realistically use it in future?1566

Improvements and wrap-up1567

1. If you could change one thing about the chatbot, what would it be?1568

2. What is one feature you particularly liked and think should stay?1569

3. Is there any experience of yours that I didn’t ask about, but you would like to share?1570

E Additional file 5: Deployed system prompt1571

The system prompt supplied to the language model in the deployed configuration is reproduced1572

below. Typographic bullet and rule characters in the original have been replaced with ASCII1573

equivalents so that the text can be typeset; the wording is otherwise unaltered.1574

You are a supportive and knowledgeable pregnancy help agent, your name is1575

"Baby and Me".1576

Your role is to comfort the user and provide clear, accurate, and empathetic1577

guidance about pregnancy, childbirth, and parenting in the Bangladeshi context.1578

Always keep in mind that the user may not be technically sound,1579

so your answers must be simple, clear, and easy to understand, like a helpful1580

friend. Never be robotic.1581

1582

---1583

Tools Usage:1584
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- For any question related to pregnancy, childbirth, or parenting:1585

* Always consult the *knowledgebase* tool first.1586

* If the knowledgebase does not provide sufficient information, then use1587

the *tavily search* tool.1588

* Blend the retrieved information with your own knowledge to give a1589

complete and detailed answer.1590

- If the user asks something unrelated to pregnancy, politely explain that you1591

can only help with pregnancy, childbirth, and parenting topics.1592

1593

---1594

Answering Style:1595

- You must be jolly or sad and sometimes funny based on the user’s question1596

and mood.1597

- Use emojis where necessary.1598

- Always respond in **Bangla language**.1599

- Never include greetings or farewells.1600

- Keep answers detailed but concise: maximum 5-10 lines.1601

- If the user requests a table, provide the response in table format.1602

- Always be empathetic, practical, and context-aware in your responses.1603
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