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Offline language models could extend access to maternal-
health information where internet connectivity is unreliable, but
deployment requires both clinically appropriate responses and
feasible local execution. This study presents an offline Android
assistant integrating ready-made quantized language models,
a clinically validated local knowledge package, conversational
context, and model-initiated local retrieval. Gemma 4 E2B and
Qwen3.5 0.8B were compared across 45 conversations and 312
turns per configuration, including a dedicated offline agentic
benchmark. Gemma achieved higher response-quality, context-
retention, and safety scores; Qwen offered faster generation and
lower memory use. Clinician assessment of 150 Gemma responses
across nine clinical domains yielded a mean quality score of
3.80/4, with 147 responses meeting the acceptance criterion. A
paired RAG-on/off experiment evaluated 74 questions: retrieval
improved 11 responses, left 56 neutral, produced four adverse
response changes, and left three pairs unassessable. RAG-on
had descriptively higher mean usefulness, safety, correctness,
and actionability in the conditional 70-pair subset excluding the
four flagged pairs from both conditions. Physical-device testing
demonstrated offline responses on a 6 GB Android handset, with
a 14.3 s median latency, alongside successful reconnection syn-
chronization in the integrated application. Together, the findings
document clinical response quality and practical performance of
the integrated offline maternal-health assistant.

Index Terms: Offline AI, maternal health, compact language
models, Android, clinical evaluation

I. INTRODUCTION

Nigeria’s maternal health burden makes timely, understand-
able information a consequential design problem. The United
Nations inter-agency estimates for 2023 attribute approxi-
mately 75,000 maternal deaths, or 28.7% of the global total,
to Nigeria; the estimated maternal mortality ratio was 993
deaths per 100,000 live births, with an uncertainty interval of
718-1540 [1]. This burden motivates accessible educational
support that can explain routine care and distinguish warning
signs requiring prompt assessment, consistent with antenatal
and postnatal care recommendations [2], [3]. An assistant that
explains routine concerns adequately but weakens the urgency
of a warning-sign response would be poorly suited to this
setting.

Access to a mobile network does not guarantee continuous
access to a remote Al service. The Nigerian Communications
Commission’s Q3 2025 measurements document persistent
urban—rural differences in mobile broadband experience, in-

cluding differences where network coverage is present [4]. At
the global level, the International Telecommunication Union
estimated that 2.2 billion people remained offline in 2025
and identified continuing affordability and service-quality gaps
[5]. These sources motivate a specific availability requirement:
after installation of its model and knowledge package, an
assistant should be able to answer supported questions without
a network round trip. The system design consequently treats
network-independent access as an explicit requirement [6].

Prior research in Nigerian maternal and child health il-
lustrates complementary aspects of this problem. ADVISER
studied the deployment of Al-supported vaccination interven-
tions in Nigeria, connecting computation with operational con-
straints, health workers, transport, and beneficiaries [7]. More
recent maternal and vaccination model evaluation examined
how domain adaptation affects clinical response quality in an
African setting [8]. MamaBench then examined a different
weakness: whether models distinguish closely related maternal
and paediatric presentations when a discriminative clinical
feature changes [9]. Together, these directions show why an
assistant must be evaluated beyond fluent answer generation.
A model’s knowledge, its sensitivity to the complete question,
and its practical execution conditions are related but separately
testable properties.

Compact local inference introduces an additional trade-
off. Reducing the deployment footprint can make execution
feasible on a mobile device, yet a fast response may omit
the information needed for the user’s decision. Conversely, a
configuration with better conversational behavior may require
more usable memory than the device can sustain. MobileLLM
addresses efficient architectures for on-device tasks [10], while
measured resource and response trade-offs remain properties
of the adopted application configuration. For a maternal health
application, the relevant selection problem is the behavior
of the complete adopted configuration: model artifact, native
runtime, prompt policy, retained context, and retrieval. A
dedicated multi-turn action benchmark additionally probes the
model’s capacity to operate within an offline agentic interface.

Retrieval adds another dependency. Clinically validated con-
tent supplies a stronger basis for an answer only when the
returned passage fits the current question and the model uses
it appropriately. Medical RAG evaluations have shown that



the corpus, retriever, and generator interact [11]. An accepted
passage can still be incomplete, refer to the wrong life stage, or
answer a different practical request. Maternal chatbot research
has therefore combined response evaluation with triage and
retrieval assessment [12], [13]. Offline operation makes this
issue especially important because a local package cannot
rely on unrestricted remote search to repair a poor match
at answer time. Making retrieval a model-invoked local tool
allows evidence acquisition to respond to the conversational
information need, following the broader move toward adaptive
and agentic RAG [14], [15].

The study addresses the following question: under what
conditions can a compact, locally deployed language model
provide clinically appropriate maternal health information and
reliable conversational assistance without continuous internet
access? An Android-oriented system was developed with a
clinically validated local knowledge package and evaluated
for response behavior, offline agentic capability under bench-
mark conditions, and execution cost. The study makes three
contributions. First, it brings a clinician-developed question
bank and sustained conversation workload into one system
evaluation, with benchmark-only action tasks assessing offline
agentic capability. Second, it compares two unchanged com-
pact model configurations while preserving their quality and
resource differences. Third, it examines the selected model
with retrieval enabled and disabled, retaining unfavorable
cases to explain when local evidence helps, leaves an answer
unchanged, or degrades the response. The contribution is the
evaluated system and the evidence it supplies for deployment
decisions.

II. RELATED WORK
A. Maternal health conversational systems and deployment

Conversational agents in perinatal healthcare have been eval-
uated across diverse tasks, populations, and outcome measures.
Amil et al. review this evidence surrounding pregnancy and the
postnatal period [16]. A useful comparison therefore identifies
what an assistant is expected to do and what was measured.
Satisfaction with an interface, accuracy on a factual question,
recognition of a warning sign, and changes in care uptake are
different outcomes.

HerCare investigates a dual-source RAG approach for
women’s health through a multimethod evaluation [12]. Jha
et al. study maternal health support in India using stage-
aware routing, hybrid retrieval, response evaluation, and expert
validation [13]. Ajibade et al. evaluate fine-tuned and base ma-
ternal and vaccination language models in Nigeria, reporting
different effects across the two domains [8]. These studies es-
tablish that domain adaptation and evidence grounding warrant
task-specific examination. The present work investigates an ad-
ditional constraint: whether a complete text-based assistant can
execute locally while retaining the clinical and conversational
behavior needed for its intended tasks.

ADVISER is relevant to the deployment argument rather
than to response scoring. Its field implementation served more
than 13,000 families and reported practical changes to costs,

data collection, and intervention delivery [7]. This precedent
motivates explicit assessment of the operating conditions of
an Al intervention, alongside its intended health-information
task [17].

B. Clinical language model evaluation

Medical knowledge and conversational behavior require dif-
ferent evaluation designs. Singhal et al. assess clinical knowl-
edge [18], while Tu et al. investigate diagnostic dialogue and
its communication demands [19]. HealthBench uses physician-
authored criteria for open-ended health conversations [20], and
CLEVER formalizes expert review and reliability assessment
[21]. These approaches support explicit clinical keys and case-
sensitive evaluation rather than a single generic impression of
answer quality.

MamaBench tests sensitivity to clinically meaningful dif-
ferences using 217 counterfactual pairs of expert-authored
maternal and paediatric narratives [9]. Its relevance to the
present study is the requirement that a response reflect the
specific presentation, including the details that change the
appropriate action. Here, that principle informs assessment
of changing urgency across conversations and of whether
retrieved guidance preserves the action required by the full
question [9], [22]. The evaluation focuses on educational guid-
ance and care-seeking advice within the assistant’s intended
scope.

Behavioral testing in NLP provides a broader basis for ex-
amining such dependencies. CheckList organizes tests around
capabilities and failure-revealing cases [22]. LLM judging
makes open-ended review more scalable, but documented
position and verbosity biases require attention [23]. The
evaluation distinguishes factual correctness, responsiveness to
the question, practical usefulness, and actionability. A longer
response does not earn additional credit merely by containing
more text, and a shorter answer can be sufficient when it gives
the required explanation or decision.

C. Retrieval and compact local inference

RAG combines external evidence with language generation
at inference time [24]. The MIRAGE and MedRAG study
evaluates medical questions across alternative retrieval config-
urations, demonstrating the need to assess component choices
rather than assuming a universal RAG benefit [11]. Research
on irrelevant context also shows that additional input can
distract a model; that evidence comes from a different task
and supplies a possible mechanism rather than proof of the
cause of the observed clinical failures [25].

Pocket RAG studies an Android system for offline first-aid
guidance [26]. Its setting shares the computational constraint
of local inference, but its clinical domain, retrieval design, and
evaluation differ. MobileLLM investigates efficient sub-billion-
parameter models for local execution [10]. The system adopts
ready-made artifacts rather than proposing a new architec-
ture or quantization method. The resulting evidence concerns
which configuration better serves this workload, how much



execution capacity it requires, and how retrieved maternal
health evidence changes its answers.

PalmBench evaluates compressed language-model configu-
rations on mobile platforms, reinforcing the joint assessment
of quality and execution cost [27]. MAM-AI investigates an
offline medical retrieval system for nurses and midwives in
Zanzibar using on-device embedding and guideline retrieval
[28]. These systems supply related deployment precedents; the
present evaluation focuses on a clinically validated question—
answer package, maternal-health educational needs, conversa-
tion context, and action tasks used specifically to benchmark
offline agentic capability.

Post-training quantization research provides the background
for compact deployment: GPTQ studies weight reconstruction
using approximate second-order information, while AWQ uses
activation-aware scaling [29], [30]. These are compression-
method contributions. The present system instead adopts dis-
tributed artifacts unchanged and evaluates the clinical and
execution behavior of their native configurations. No new
quantization algorithm, calibration of weights, conversion, or
within-model precision experiment is claimed.

MELT benchmarks local language-model execution across
mobile and edge targets, measuring runtime, memory and
energy [31]. MobileAIBench jointly examines task behavior
and real-device resource use [32]. Alongside PalmBench [27],
these studies motivate explicit runtime and hardware reporting.
They do not supply maternal-health clinical keys or estab-
lish the safe operation of the evaluated assistant. Conversely,
maternal-health and medical-RAG systems such as HerCare,
the maternal chatbot study in India, and MAM-AI address
domain response and evidence grounding [12], [13], [28]. The
gap addressed here is the joint evaluation of local educational
responses, retained clinical context, benchmark action capa-
bility and retrieval-induced response changes under a fixed
mobile execution configuration.

D. Agentic retrieval and conversational evidence use

Agentic RAG places retrieval within a model-directed in-
teraction loop rather than treating evidence acquisition as an
obligatory preprocessing step. Treating retrieval as an optional
action allows the response process to alternate between answer-
ing from available context and seeking additional evidence
[33], [15]. Self-RAG learns retrieval and reflection decisions
through additional training and special tokens [14]. Adaptive-
RAG uses a trained question-complexity classifier to choose
among no retrieval, single-step retrieval, and iterative retrieval
[34]. These approaches establish distinct ways to condition
evidence acquisition on the information need; they do not
imply that every adaptive system requires the same training
procedure or retrieval machinery.

The present architecture uses a narrower form of agentic
control: the existing local model can request one allowlisted
retrieval tool through its native function-calling interface. Its
weights, vocabulary, and training remain unchanged. Search
and passage admission stay deterministic. This corresponds to
a bounded single-agent retrieval workflow within the broader

taxonomy of agentic RAG [15]. Ni et al. show that overconfi-
dence can undermine decisions about when retrieval is needed
[35]; consequently, model-directed invocation is treated as a
decision to inspect, alongside passage fit and answer quality.
Prior open-domain results motivate the architecture, while
the maternal-health workload supplies its clinical response
requirements.

III. METHODS
A. Study design and intended use

The system is intended to provide maternal, newborn, and
vaccination information to pregnant and postpartum people,
caregivers, and community health workers. Its educational
scope includes routine pregnancy questions, antenatal prepa-
ration, nutrition, common concerns, medication and exposure
information, postpartum care, newborn care, and vaccination.
WHO antenatal and postnatal recommendations provide clin-
ical context for these domains [2], [3]. The benchmark also
includes uncertainty, practical access barriers, warning signs,
and requests that the assistant should decline or refer.

The operational problem has both a language-response and
an evidence-acquisition component. At each turn, the applica-
tion receives the current question and bounded conversation
history. The local model can produce an answer or request
the implemented retrieval tool before continuing generation. A
useful response must address the actual question and respect
the relevant clinical boundary. Within the agentic benchmark,
an action request must additionally satisfy the test interface’s
tool schema and be reported truthfully after execution. These
requirements cannot be reduced to whether the model emits a
well-formed sentence or an apparent tool call.

The application exposes model-initiated local retrieval as
its only deployed tool. The multi-turn comparison uses a
separate, dedicated action interface to benchmark offline agen-
tic capability; its tools are experimental components and are
not application features being deployed. The paired retrieval
experiment separately supplied accepted evidence with tools
disabled, measuring the effect of evidence context on answers
rather than the model’s decision to request that evidence.

The clinical and conversational experiments use three eval-
uation units. A clinical question defines an isolated informa-
tion need and its expected facts and action. A conversation
tests behavior across ordered turns, including whether a later
answer uses or updates earlier context. A matched question
pair compares the selected model with the retrieval config-
uration enabled and disabled. Execution events and process
measurements are retained separately from clinical ratings.
A supplementary device-envelope assessment examines local
generation, recorded response latency, and reconnection syn-
chronization in the integrated application.

The experiments address three research questions. RQI1
asks how the candidate configurations trade response qual-
ity, context retention, safety, and benchmark action behavior
against latency and memory. RQ2 asks how accepted retrieval
changes usefulness, safety, correctness, and actionability for
the selected configuration. RQ3 asks which failures remain



TABLE I
CLINICAL SAFETY BOUNDARY

Level Scenario Required response

EO Routine education Answer the supported
without an apparent question clearly and provide
warning sign. relevant clinical guidance.

El Unclear, unsupported,  State the boundary; seek the
incomplete, or minimum useful clarification
conflicting and recommend care when
information. appropriate.

E2 Potential warning sign Prioritize safety and prompt
with uncertain severity assessment; limit clarification
or urgency. to details necessary for the

action.

E3 Emergency concern, Advise immediate in-person

emergency care. Avoid
reassurance, autonomous
treatment, and extended
troubleshooting.

including severe
bleeding, seizure, loss
of consciousness, or
severe breathing
difficulty.

despite successful execution and a clinically validated knowl-
edge package. These questions connect the clinical response
requirements to the practical operating conditions of the sys-
tem [36], [17].

B. Clinical Safety Boundary

The clinical safety boundary determines the response pri-
ority before optional explanation or any action required by a
benchmark scenario. Four levels distinguish routine education
from uncertainty, potential warning signs, and emergency
presentations (Table I). These levels are assigned to benchmark
scenarios during clinical design and review; they are not
labels inferred retrospectively from model performance. The
response is assessed against the action required by the com-
plete scenario, including pregnancy stage, symptom pattern,
and urgency. This approach translates antenatal and postnatal
recommendations into observable response requirements [2],
[3].

Clinical response requirements remain distinct from passage
retrieval. A passage about the same broad topic cannot down-
grade an emergency or replace the question-specific care rec-
ommendation. When escalation is required, the care instruction
precedes optional background and requests for nonessential
details. The assistant does not make autonomous diagnoses,
prescribe individualized treatment, change medication, or in-
vent service availability and contact numbers. Conversely, a
routine educational question should receive the supported ex-
planation rather than a generic referral. This boundary makes
both inappropriate reassurance and unnecessary abstention
assessable behaviors.

C. Evaluation Datasets

In-house medical doctors developed and reviewed the 150-
question bank for relevance and usefulness. Each item carries a
stable identifier, clinical domain, persona, safety level, source

TABLE II
CLINICAL QUESTION BANK DOMAIN PROFILE

Domain Items Clinical and communication focus

Pregnancy 15 Early changes, pregnancy timing,

milestones normal variation, and antenatal
engagement.

Antenatal care 20 Visits, tests, preparation, prior
findings, and practical access
barriers.

Nutrition and 15 Diet, activity, pica, weakness, and

exercise context-sensitive advice.

Common 15 Symptom explanation, severity,

concerns timing, and appropriate assessment.

Medication and 15 Treatment boundaries, uncertain

exposure exposures, supplements, and

unsupported claims.

Recovery, feeding, newborn concerns,
and escalation when needed.

Postpartum and 20
newborn care
Vaccination and 20
immunization

Schedules, missing records,
eligibility questions, and service
information boundaries.
Warning signs 20
and escalation

Recognition of consequential
symptom patterns and clear
care-seeking urgency.

Uncertainty, out-of-scope requests,
and avoidance of invented
information.

Unsupported or 10
review-required

mapping, expected facts, expected action, and critical-error
conditions. The review process separates whether a question
is appropriate for the intended application from how a gen-
erated response subsequently performs. The domain profile
in Table II covers routine education, contextual decisions,
and situations requiring assessment or an explicit information
boundary. The intended population includes pregnant and
postpartum women, mothers, caregivers, and frontline health
workers in African settings with constrained access to care and
connectivity.

Forty items marked for revision in the consensus review
record were revised using the existing clinical comments
and reference mappings. The revisions made decision-relevant
context explicit: gestational or postpartum timing, symptom
severity, onset, prior assessment, medication exposure, missing
records, or access constraints. Expected facts and action keys
were updated to remain consistent with each revised scenario.
Stable identifiers preserved the link between the question,
collection record, and scoring worksheet.

The benchmark keys define acceptable behavior without re-
quiring one exact wording. A response can explain uncertainty,
give a practical step, or recommend assessment without repro-
ducing every optional reference detail. Critical-error conditions
address consequences such as missed escalation, inappropri-
ate reassurance, unsupported treatment, and dishonest claims
about a service or local action. The construction follows the
case-specific evaluation principle used in clinical conversation
benchmarks [20].



TABLE III
EVALUATION DATASETS AND THEIR ANALYTICAL ROLES

Dataset Composition Purpose and unit of analysis
Clinical 150 questions Nine-domain bank with reviewed
questions facts, actions, references, and
critical-error conditions. Candidate
collections contain 150 answers
per model; the clinical scoring
workbook assesses 150 Gemma
answers.
Conversation 45 conversa- Ordered exchanges assess retained
workload tions; 312 context, changing urgency, and
turns per benchmark-only offline actions.
model Ratings use conversations;
completion and execution errors
use turns.
Paired 74 matched  Selected-model answers with
retrieval questions retrieval enabled and disabled.
cohort Coverage uses all 150 questions;
the conditional display includes 70
pairs and the separate audit retains
four flagged cases.
Retrieval 25 Checks passage recovery in the
verification ~ known-item  original normalized package. This
queries component test is separate from
clinical response scoring and from
coverage in the revised active
package.
Execution Workload- Android CPU emulator latency,
measure- specific throughput, memory, completion,
ments records and action errors remain linked to

their workloads. A separate
handset sample assesses integrated
application execution and
synchronization.

The safety-level distribution is EO, 51 questions; El, 46;
E2, 33; and E3, 20. Domain and safety level describe dif-
ferent properties: a medication question can concern routine
information or a consequential exposure, while a postpartum
question can involve either ordinary recovery or an emergency.
The question-bank profile therefore supports interpretation of
performance across content and urgency without treating every
item within a domain as equally hazardous.

Table III distinguishes the clinical bank from the conversa-
tion, retrieval, and execution workloads. The same question
identifiers link the clinical keys to preserved responses and
scoring rows. The clinician response workbook records the
prompt, expected facts, expected action, source mappings,
generated answer, dimension ratings, critical-error flags, and
acceptance outcome. These linked records maintain the rela-
tionship between the clinical request, assessment criteria, and
aggregate findings [20], [21].

D. Local Knowledge Package and Retrieval

A device-resident maternal-health knowledge package was
constructed from first-party MamaBot Al and vaccination chat-
log exports. The material was cleaned, checked against clinical

TABLE IV
LOCAL KNOWLEDGE PACKAGE COMPOSITION AND CLINICAL
PROVENANCE
Preparation stage Count Role in the knowledge resource

Source export 36,636 Original maternal-health and
vaccination conversation records.
Normalized 36,548 Complete records formed during
question—answer initial preparation; 88 source
records records remained unsplit.
Clinically reviewed 23,977 Reviewed rows, including ten
content supplemental coverage records;
original and final text remain linked
through the audit.
Active retrieval 21,673 Clinically validated complete
passages question—answer passages admitted
to the current package.
Excluded reviewed 2,304 Retained outside the active corpus
rows for audit and disposition review.
Clinical source 28 Source entries covering Nigerian
register and international institutional

guidance.

sources, and clinically validated before inclusion in the active
corpus. Table IV distinguishes the original export, normalized
records, reviewed content, and the passages admitted to re-
trieval. These counts describe successive preparation stages
rather than interchangeable estimates of corpus size.

The source material covers pregnancy and antenatal care,
birth preparation, postpartum recovery, newborn care, breast-
feeding, nutrition, and vaccination. Clinical review addressed
warning signs, haemorrhage, hypertensive disorders, perinatal
mental health, gestational diabetes, maternal HIV, anaemia,
malaria, medication information, and service localization. A
register of 28 source entries draws on Nigerian Federal
Ministry of Health guidance, NPHCDA, UNICEF Nigeria,
and WHO material. The review therefore considers both the
clinical claim and whether its wording and recommended
action fit the intended setting [2], [3].

Each passage preserves a complete question-and-answer
record. The audit links the original question and answer to the
reviewed text, disposition, identified issues, severity, evidence
references, and decision note. Exclusions retain an inspectable
record of out-of-scope material, unsupported service claims,
time-sensitive information, and content lacking an adequate
clinical source. Where an information gap remains within
scope, the boundary is stated explicitly rather than filled with
an unsupported claim. The active package is versioned sepa-
rately from mutable conversation and user-document records,
allowing a content update to be reviewed and replaced without
altering the stored conversation history.

Knowledge curation was conducted separately from bench-
mark construction. Benchmark questions, expected answers,
retrieval-evaluation queries, and model outputs were not inputs
for selecting or rewriting knowledge passages. This separation
preserves the role of the package as a clinical information
resource rather than an answer set constructed around the



evaluation questions.

The current architecture separates the decision to seek
evidence from the decision to admit a passage. The local model
receives the current question, bounded conversation history, re-
sponse policy, and access to a local retrieval tool. It can answer
directly or request local evidence before continuing its answer.
The runtime binds the tool to the current user message and
user/session scope; the model supplies no query, identity, or
access-control arguments. This implements selective evidence
acquisition through a local tool, following the model-directed
retrieval principle [33], [14].

When invoked, the tool searches the on-device question and
answer fields using SQLite FTS5/BM25 [37]. Vocabulary nor-
malization covers supported clinical equivalents. Deterministic
lexical, metadata, and requested-action checks assess topic, life
stage, population, timing, and country scope. The underlying
service assembles a pool of at most three candidates and
applies the admission thresholds in Appendix B; the model-
facing tool returns at most two accepted passages within
the retrieved-text budget. It returns answer text, separated
by newlines, through a native tool-result message. Passage
identifiers and provenance remain available to the application
separately. An empty result supplies no supporting evidence.

A high retrieval score does not establish that a passage
answers the clinical question. A candidate can rank well
against other available passages while still omitting the symp-
tom or action that matters. The evaluation therefore retains
retrieved text and judges its fit separately from the fact that it
passed admission. This distinction is central to RQ2: retrieval
availability and clinically appropriate evidence are distinct
aspects of pipeline evaluation [11], [38].

The agentic decision is when to request retrieval; it does
not replace lexical search with model-based ranking or permit
unrestricted database access. No additional embedding model,
query-rewriting model, or learned reranker is installed. This
preserves a small retrieval footprint and an inspectable admis-
sion path. Because the query remains the current message,
conversation context guides invocation without automatically
expanding an abbreviated follow-up into a standalone search
query. The policy asks for a short clarification when a missing
detail would materially change the guidance.

Retrieved text supports the current request and is excluded
from later conversation history. Citation objects are retained
separately from the generated answer, allowing evidence se-
lection and answer content to be inspected independently.
User-supplied documents form a separate source class, with
user and session filters applied before results are returned.
Uploaded material does not acquire the clinical authority of
the validated package. The same local interface can therefore
supply contextual documents while preserving the distinction
between personal material and reviewed clinical guidance.

E. System architecture and conversation context

The assistant combines native local generation, clinically
validated knowledge, bounded conversation history, and model-
initiated retrieval (Figure 1). After installation, both a direct

answer and an evidence-supported answer can be produced
without a network service. The generator chooses whether to
invoke retrieval; the application controls which tool can exe-
cute, which sources can be searched, and how much evidence
returns. Conversation storage and optional synchronization
remain outside the immutable clinical package.

The context builder keeps the current question distinct
from supporting evidence. The first generation round receives
the response policy and recent conversation, with retrieval
available as a native tool. Evidence returned by a call informs
the next round of the same request; it is not promoted into
system policy or retained as evidence for future turns. The
clinical boundary is expressed in the answering policy: the full
symptom pattern and required urgency remain authoritative
regardless of whether retrieval occurs. The EO-E3 categories in
Table I define benchmark response requirements rather than a
separate runtime triage decision. This preserves the distinction
between supplying evidence and applying it appropriately [11],
[38].

The application retains recent exchanges within a fixed
context budget. The design supports follow-up questions that
depend on earlier details, such as pregnancy stage or newborn
age; sustained context use is a core concern in conversational
evaluation [19], [23]. The evaluation therefore includes both
ordinary follow-up questions and changes that should override
an earlier routine interpretation. Exact context limits are pro-
vided in Appendix B.

F. Rationale for model-initiated retrieval

Maternal-health conversations alternate between ordinary
explanations, follow-up questions, and requests whose answer
depends on a specific local fact. Indiscriminate retrieval can
supply distracting context, motivating a decision about whether
evidence would help the current response [14], [35]. Self-
RAG and Adaptive-RAG motivate adapting retrieval to the
information need rather than imposing one evidence path
on every query [14], [34]. Here, the response policy directs
the model to seek evidence for facts requiring verification,
including country-specific schedules, timing, or local guidance;
mentioning a health topic alone is insufficient reason to
retrieve. This policy adapts the information-need principle of
selective retrieval to maternal-health guidance [14], [34].

Model-directed retrieval allows evidence acquisition to re-
spond to the information need that emerges during a conversa-
tion, consistent with adaptive retrieval and tool-mediated inter-
action [33], [14], [34]. In this design, routine explanations can
be answered directly, while requests requiring a documented
local detail can trigger a lookup before the answer continues.
Recent exchanges inform that decision, supporting continuity
without requiring retrieved material on every turn. The in-
tended benefit is focused, relevant guidance; evidence fit and
appropriate use remain separate response-quality requirements
[11], [38].

Reliability depends on three decisions: whether evidence
is needed, whether returned evidence fits, and whether the
final answer preserves the required clinical action. Model
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Fig. 1. Offline architecture with model-initiated retrieval. The generator answers directly or requests the allowlisted local tool. Deterministically admitted
evidence returns through a bounded tool loop; conversation history, clinical response policy, and separately stored citation metadata retain distinct roles.

overconfidence can affect the first decision [35]; deterministic
admission checks address aspects of the second; the response
policy and question-specific rubric assess the third. The policy
requires warning signs in the full question to take precedence
over an incomplete passage, and directs the model to disregard
evidence that mismatches the life stage, timing, condition, or
requested action. Bounded tool access and separate evidence
records make these decisions inspectable; clinical reliability
remains a property of the resulting response, rather than of
tool invocation alone [11], [38], [15].

G. Candidate comparison and selection rationale

Two ready-made compact configurations were compared for
local Android use. Gemma 4 E2B used the unchanged mobile
text-only LiteRT-LM artifact, and Qwen3.5 0.8B used the un-
changed Q4_K_M GGUF artifact. Gemma ran through LiteRT-
LM Android 0.18.0 and Qwen through Android llama.cpp;
both used CPU inference. The documented Gemma mobile
artifact uses the distributed mixed low-bit mobile scheme;
the Qwen artifact uses the Q4_K_M four-bit class. Precision
denotes the adopted artifact format rather than a transformation
performed in this study. The repositories and native runtime
documentation specify these distributions [39], [40], [41]. The
comparison selected a practical configuration for maternal-
health assistance. No new quantization, model conversion, or
additional training was performed. Generation and retrieval

controls are reported in Appendix B. The adopted mobile text-
only variant is documented within the Gemma 4 family; its
published model characteristics are distinct from the applica-
tion process-memory measurements reported here [42].

The selection procedure prioritized the usefulness and safety
of sustained maternal health assistance while recording the
computational cost of that choice. Separate quality and re-
source indices summarize the selection decision. The quality
index averages normalized response quality, context retention,
safety, benchmark tool behavior, and critical-error avoidance.
The resource index averages memory headroom, relative re-
sponse speed, and clean turn completion. The individual
components remain necessary for interpretation: identical com-
posite values could otherwise conceal different clinical and
technical failures.

Benchmark action performance provides a capability mea-
sure for model selection, complementing clinical response
quality and context retention.

The decision illustration is not a fitted classifier or a clin-
ically calibrated deployment threshold. Its graphical regions
express the project’s selection priorities. Quality and execution
are evaluated separately, followed by a retrieval comparison us-
ing the selected configuration. This prevents the later retrieval
analysis from becoming an uncontrolled comparison between
model families.



H. Offline agentic capability benchmark

The multi-turn benchmark used a dedicated action inter-
face to evaluate how each model operated in an offline
agentic environment. It provided immunization-status lookup,
pregnancy-date calculation, measurement conversion, health-
record saving, and reminder creation specifically as evaluation
tasks. These tools probed whether the model could select an
appropriate action, use retained context to supply arguments,
seek missing information, and interpret the returned result.
Their purpose was capability assessment, following behavioral
testing of defined tasks and tool-mediated interaction [22],
[33].

Each scenario specified the expected action plan and re-
quired arguments. An allowlisted action name and valid argu-
ments were prerequisites for execution within the benchmark
interface. Missing information required clarification rather
than an inferred value, and the final answer had to distinguish
a requested action, a rejected request, an execution error,
and a confirmed result. Correct decisions to call no tool
also contributed to the assessment. Observed calls, arguments,
results, and response text therefore supplied separate evidence
of agentic behavior.

The deployed application exposes only local evidence re-
trieval through a restricted model-invoked tool. It validates the
request, supplies the current question and authorized document
scope, and returns accepted passages for continued generation,
with a limit of two tool rounds. This operational interface
is narrower than the benchmark action set and implements
bounded tool-mediated retrieval [33], [15].

L. Rubric based LLM judging

The judging design connects each generated response to
the clinical requirements of its question. The reference record
contains the presented question, expected key facts, expected
action, source references, and critical-error conditions. The
assessment therefore concerns whether the response meets a
defined information need, rather than whether it resembles
a single model answer. HealthBench establishes a precedent
for conversation-specific physician-authored criteria, while
CLEVER distinguishes factuality, clinical relevance, and con-
ciseness in clinical response assessment [20], [21]. The present
rubric applies these principles to maternal and newborn infor-
mation, sustained conversation, and the dedicated benchmark
action tasks.

Judging proceeds from the preserved evidence to dimension
scores and then to the paired or conversation-level disposition.
Each score is accompanied by a brief explanation identifying
the statement, omission, turn, action, argument, or recorded
execution event that supports it. Structured criterion-based
scoring is supported by G-Eval and Prometheus, which in-
vestigate evaluation using explicit instructions, rubrics, and
reference material [43], [44]. These precedents motivate the
format; the clinical keys and action expectations define the
study-specific criteria.

J. Single-response assessment and score interpretation

Figure 2 presents the single-response evaluation design.
The question bank supplies both the prompt and its clinical
reference criteria; generated answers remain linked to their
original question identifiers. The reviewer path separates the
answer from the expected facts and action before bringing
them together for assessment. This preserves the distinction
between development of the clinical key and evaluation of
an answer against that key, a central concern in open-ended
clinical evaluation [20], [21]. The diagram’s reviewer lanes
describe the clinical review structure, while the rubric below
specifies the response properties assessed.

The clinician-reviewed single-question collection uses five
0—4 dimensions: correctness, completeness, safety, relevance,
and clarity. Correctness checks the clinical validity of state-
ments; completeness checks the required facts and action; rel-
evance checks fit to the actual request; clarity checks whether
the answer can be understood without unnecessary complexity.
Safety additionally checks the consequences of the advice
against the scenario’s escalation and treatment boundaries. The
workbook provides three reviewer columns for each dimension.
Item-level dimension means are calculated from the available
ratings, and the overall quality score averages the five dimen-
sions. The descriptive summary then gives equal weight to
each question. Acceptance requires a mean quality score of at
least 3.2 and no critical-error flag. Any recorded critical error
overrides the numeric mean. These clinician ratings constitute
a separate assessment from the conversation and paired RAG
LLM judgments; the instruments share clinical keys but have
different scored dimensions and units [20], [21].

Usefulness measures whether the individual receives a suf-
ficient and understandable answer to the presented question.
Credit depends on the required information, the user’s circum-
stances, and the practical value of the explanation. Additional
background is useful when it resolves the request; unrelated
education, repetition, and unnecessary qualifications do not
increase the rating. This criterion distinguishes adequacy for
the user from answer length, consistent with the treatment
of clinical relevance and conciseness in CLEVER and the
verbosity-bias findings of Zheng et al. [21], [23].

Correctness concerns the factual and clinical validity of
claims made in the answer. Statements are compared with the
clinically reviewed facts and references, including the relevant
pregnancy or postnatal stage. A missing optional detail is not
scored as a false statement. Missing essential information is
assessed through completeness and usefulness, while an omis-
sion that changes urgency also affects safety. This separation
follows the distinction between factual content and the broader
behavioral requirements of a health conversation [20].

Safety concerns the clinical consequences of the response:
recognition of warning signs, appropriate urgency, treatment
boundaries, and avoidance of misleading reassurance or unsup-
ported instructions. For an urgent symptom pattern, a correct
general explanation is insufficient if the recommended action
permits unsafe delay. The approved question-specific action
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Fig. 2. Clinical single-response evaluation. Preserved responses are rated against clinical facts, expected actions and critical-error criteria. Question means
and the critical-error acceptance rule remain distinct; available ratings are aggregated across the 150-question collection.

determines the required response; antenatal and postnatal
recommendations provide clinical context for these boundaries
[2], [3]. Critical-error conditions are assessed separately so
that a consequential failure remains visible alongside the
dimension scores.

Actionability concerns whether the answer supports the
explanation, decision, or practical next step requested. An
information question can receive full credit through a clear
explanation; an artificial treatment plan is not required. A
care-seeking question instead requires an intelligible action
and timeframe. This interpretation connects response content
with the communication demands of clinical dialogue, rather
than treating factual recall as a complete measure of assistance
[19].

Relevance measures whether the answer addresses the actual
prompt, including the requested topic and action. Complete-
ness checks required facts and boundaries, and clarity checks
whether the language is understandable and appropriately
concise. These fields remain distinct from the four dimensions
displayed in the paired RAG figure. In particular, a medically
correct passage about nutrition does not satisfy a request about
record keeping. The distinction between clinical relevance and
factuality is supported by CLEVER [21].

The paired response scale ranges from 0 to 4. A score of
0 denotes an unusable response; 1 denotes a major failure; 2
denotes partial performance with a material gap; 3 denotes a
useful response with a limitation; and 4 denotes a sufficient
and appropriate response to the actual question. Full credit
does not require every optional fact in the reference material.

The scale is applied separately to each dimension, allowing a
response to be factually correct yet insufficiently actionable,
or relevant yet unsafe. Criterion-specific scores retain these
differences rather than hiding them in an overall impression
[20], [43], [44].

Agreement was calculated from the three retained clinician-
rating columns. A two-way absolute-agreement, single-rating
ICC(A,1) was calculated for each clinical dimension using
the 147 questions with all three ratings; 2,000 question-level
bootstrap replicates supplied uncertainty intervals. The original
descriptive clinical means still use available ratings for all 150
questions. The agreement estimator is defined in Appendix B,
Equation 4, following the absolute-agreement framework [45],
[46].

K. Multi-turn conversation and benchmark action assessment

Figure 3 extends the evaluation to ordered conversations.
The complete benchmark transcript is assessed alongside pre-
scribed actions, observed tool calls, arguments, result han-
dling, and runtime status. The multi-turn scoring preparation
replaced model names with Run A and Run B labels as-
signed consistently across conversations. Prior score fields
were cleared before the scoring pass, and the judge received
each complete transcript with expected actions, actual calls,
argument values, runtime status, and result handling. Model
labels were assigned deterministically, rather than randomized
independently for each conversation. The judging instructions
require inspection of every turn and prohibit using model
reputation or aggregate scores as evidence. Evaluation of



sustained interaction is motivated by MT-Bench’s multi-turn
assessment and by clinical dialogue research that evaluates
communication across an exchange [19], [23].

Three conversation dimensions use 0—4 ratings. Response
quality, labelled usability in the scoring sheet, integrates
correctness, required completeness, relevance, clarity, and
whether the user can make safe use of the answer. Context
retention measures whether earlier facts actively influence later
responses. Repetition of a previously stated fact does not
earn retention credit unless that fact is used appropriately. Ac-
tual safety measures warning-sign handling, scope boundaries,
escalation, and truthful claims about action results. A later
recovery can improve the usability of the exchange, but earlier
unsafe or unanswered turns remain part of the assessment.

Benchmark tool behavior uses a separate -5 to +5 scale
because an unnecessary or invalid action can warrant an
explicit penalty. For a no-action scenario, +5 requires that
no tool be called; an unexpected call receives a negative
score. For an action scenario, +5 requires completion of
every expected action with valid arguments and truthful result
handling. Missing actions, wrong tools, incorrect parameter
names or values, invalid units or date formats, malformed calls,
execution failures, and false success claims reduce the score.
Assessment concerns the complete conversation rather than
requiring a call at one exact turn. An attempted call is not
counted as successful execution.

The judge first inspects the transcript and runtime status,
then scores user-facing quality, context retention, and safety,
and finally evaluates tool behavior against the expected-versus-
actual evidence. A blank or error turn remains an observed
failure. A successful recovery answer does not erase the
preceding malformed call from the tool score. This evidence-
based sequence complements behavioral testing, which evalu-
ates whether a system satisfies a capability under a specified
condition rather than relying on broad average accuracy [22].

A critical error is flagged for a missed emergency, unsafe
treatment, fabricated result, materially false tool-success claim,
invalid consequential action, or a safety-critical request left
unanswered by a blank or error response. The flag is retained
independently of the mean score and acceptance decision.
Critical errors are counted per conversation; completed re-
sponses, clean turns, and tool-error events are counted per
turn. The normalized plots divide quality, context, and safety
by 4 and transform tool behavior as (score + 5)/10. The
resulting percentages are rescaled rubric ratings. The recorded
benchmark tool-behavior score is computed by the scoring
script from expected and observed actions, argument matches,
and runtime errors; the LLM supplies the user-facing quality,
context, safety, and critical-error assessments. The script as-
signs a provisional accept when the four-dimension mean is
at least 3 and no critical error is recorded.

L. Faired retrieval judgments and outcome definitions

Paired judging uses the same question, clinical key, and
expected action for both conditions. Responses are assessed
individually before assigning the effect attributed to retrieval.

The RAG-on record additionally includes the exact passages
supplied during generation. Context relevance asks whether
the evidence fits the question; groundedness asks whether the
answer’s claims are supported by relevant evidence; answer
correctness asks whether those claims are clinically valid.
RAGAs explicitly separates retrieval-context quality, faith-
ful evidence use, and generated-answer quality, providing a
methodological basis for retaining these as different assess-
ments [38]. Groundedness is not applicable to RAG-off.

The retrieval-effect categories are improved, neutral, harm-
ful, and unassessable. Improved denotes an identifiable benefit
to the response from accepted evidence; neutral denotes no ma-
terial change in the judged answer; harmful denotes an adverse
response change; and unassessable denotes insufficient basis to
attribute a difference to retrieval. Unassessable attribution does
not automatically make either answer unusable or remove its
numeric rating. Retrieval-effect annotations, dimension scores,
and holistic preferences are retained as separate fields. Medical
RAG evaluation similarly requires attention to the interaction
between evidence selection and generation rather than treating
the presence of retrieved text as success [11], [38].

M. Outcomes and statistical analysis

RQ1 uses conversation-level means for response quality,
context retention, safety, and benchmark tool behavior, along-
side critical-error counts and execution measures. RQ2 uses
matched response ratings and retrieval-effect categories. RQ3
examines the question, expected behavior, retrieved content,
generated response, and failure mechanism. For each paired
dimension, the descriptive difference is the RAG-on mean
minus the RAG-off mean over identical question identifiers.
Counts are reported with their question, conversation, or turn
denominator.

The complete matched cohort contains 74 question pairs.
A conditional 70-pair comparison excludes the same four
audit-flagged identifiers from both conditions and presents the
remaining responses alongside a separate case-level audit. This
exclusion was defined after the outcomes were examined. The
complete-cohort paired estimates are reported in Section IV-E,
and the four cases in Table VI. The conditional display there-
fore describes performance outside the flagged cases rather
than an overall effect across the complete cohort.

Ratings are summarized descriptively with means to match
the plotted scales; ordinal ratings and repeated conversation
turns are not treated as independent patient observations. Ex-
ecution outcomes include generation time, first-token latency,
throughput, completion, tool errors, and sampled process mem-
ory. Retrieval and generation are timed separately. Reporting
of model configurations, task definitions, oversight, and in-
tervention components follows applicable TRIPOD-LLM and
mERA principles [36], [17].

Paired uncertainty was estimated by resampling complete
question pairs, preserving the RAG-on/off pairing in each
of 20,000 percentile-bootstrap replicates with seed 20261030.
The same procedure was applied separately to the complete 74-
pair cohort and the outcome-selected 70-pair subset. Retrieval-
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Fig. 3. Multi-turn benchmark assessment separates LLM judgments from scripted action scoring. The action interface is used only for evaluation. Complete
transcripts and runtime evidence are identity-masked; quality, context and safety use 0—4, action behavior uses -5 to +5, and critical errors remain separate.

effect proportions use marginal Wilson 95% intervals with
denominator 74. These analyses describe the fixed benchmark
and do not include variation from judge choice, model repeats,
or future users. No superiority test is inferred from the
descriptive means.

For question ¢ and rubric dimension k, the paired difference
is dix = s9% — s, The reported effect is the mean within-
question difference,
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where n = 74 for the complete cohort and n = 70 for the
conditional subset. Positive values favor RAG-on. Resampling
treats question pairs as exchangeable units within each cohort;
the 70-pair intervals remain conditional on the fixed outcome-
selected subset. Each bootstrap replicate draws n question
pairs with replacement and recomputes the mean; the per-
centile interval is

Clysy,r = Q.ozs(EZ), Q.975(32)} , (2)

where (), is the a-quantile of the 20,000 bootstrap means,
calculated by linear interpolation between adjacent order statis-
tics. Pairwise resampling preserves the dependence between
the two answers to the same question, following the bootstrap
resampling principle [47].

For an outcome count x among n
Wilson intervals are calculated as [48]
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74 pairs, p = x/n.
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with z = ®71(0.975) ~ 1.96, where ® is the standard normal
cumulative distribution function. The four adverse response
changes remain in this denominator and in the complete paired
analysis; their exclusion applies only to the conditional display.
Appendix B gives the clinician-rating agreement estimator
separately from the paired analysis.

N. Device-envelope testing in the integrated Android applica-
tion

Device-envelope testing examined how the packaged as-
sistant operated through the Android application on phys-
ical hardware. The assessment addressed local generation
during internet loss, transitions between connected and of-
fline operation, and acknowledgement of queued conversation
and telemetry records after reconnection. These application-
level observations complement the controlled candidate bench-
marks: mobile inference studies evaluate resource cost and
task behavior together, while mERA emphasizes the operating
conditions of a mobile-health implementation [31], [32], [17].



Testing used a 6 GB Samsung handset for offline CPU
inference. Application integration telemetry also covered con-
nected, offline, and reconnection states. Nine requests on the 6
GB handset supplied response latency, first-token timing, and
throughput measurements, with 1.4-2.1 GB of memory avail-
able at inference start. Synchronization acknowledgements
were assessed from the integration telemetry. The controlled
clinical question bank and paired retrieval collections retained
their separate procedures and analytical roles [17], [36].

Request telemetry identified the nine completed local gen-
erations on the 6 GB handset and supplied their latency,
time to first token, and throughput. Synchronization was as-
sessed through acknowledgement measurements, keeping data-
transfer outcomes distinct from generation time. Development
and debugging events were retained in the engineering record
and were not interpreted as a production failure rate.

O. Ethics and data governance

The evaluation used fixed benchmark questions and simu-
lated conversations. In-house medical doctors developed and
reviewed the clinical keys, and the local knowledge package
underwent clinical validation before use. The clinical response
scoring workbook retains the response-level ratings, critical-
error decisions, and acceptance outcomes. The experiments
evaluate educational responses and dedicated benchmark ac-
tions without recruiting patients or delivering a clinical inter-
vention.

IV. EXPERIMENTS AND RESULTS

The clinical benchmark comprised 150 questions spanning
the nine domains described in Section III-C. The candidate
study generated a separate 150-question response collection
for each model and scored 45 conversations containing 312
turns per model. These workloads answer different questions:
isolated prompts test the response to a defined request, whereas
conversations test whether relevant information and action
requirements survive across exchanges.

The subsequent retrieval study used the selected model and
attempted evidence retrieval for all 150 questions. Seventy-
four questions met the retrieval and completion requirements
for matched analysis. This cohort is the basis for the paired
results, rather than a new 150-question response comparison.
The conditional 70-pair figure and four-case audit together
account for the full matched sample.

A. Candidate response quality and model selection

The candidate comparison evaluates two complementary
workloads: 150 isolated questions per configuration and 45
conversations containing 312 ordered turns per configuration.
The isolated collection examines response generation for a
fixed clinical request; conversations of 3-10 turns examine
retained facts, changing urgency, clarification, and action ex-
ecution within the dedicated offline agentic benchmark. This
distinction is motivated by clinical dialogue and behavioral
testing research, where the sequence and context of an ex-
change can change what counts as a correct response [19], [22].

The single-question collection enabled retrieval and disabled
tools; accepted evidence was supplied for 26/150 questions.
Conversation quality and action behavior were assessed using
the rubric in Sections III-I and II-K.

Both candidates completed the separate 150-question ref-
erence collection. The scored conversation comparison con-
tained 45 conversations and 312 user-facing turns per model.
Gemma’s mean conversation quality, context retention, and
safety were 3.16, 3.89, and 3.40 on 0—4 scales, compared
with 1.29, 2.18, and 1.96 for Qwen. Figure 4 presents the
four benchmark dimensions rather than reducing the result to
execution speed. Qwen had the slightly higher benchmark tool-
behavior mean, 2.98 versus 2.67 on the -5 to +5 scale.

Model quality comparison

Normalized quality dimensions,
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Fig. 4. Normalized rubric means for 45 conversations per model. Response
quality, context retention, and safety use 0—4 scales. Tool behavior assesses
the benchmark-only action interface on -5 to +5 and is normalized as (score
+ 5)/10. Percentages are rescaled ratings, not accuracy or deployment action-
success rates.
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The clinical-error findings reinforced the quality difference.
Critical errors occurred in 11/45 Gemma conversations and
24/45 Qwen conversations. The project rubric classified 25
Gemma and 8 Qwen conversations as provisional accepts.
These internal dispositions support comparison within the
workload; the remaining errors preclude treating the selected
candidate as uniformly reliable. In particular, a higher mean
safety rating does not erase an individual high-consequence
failure.

The selection illustration gives Gemma a quality index
of 82.7 and resource index of 63.3, versus 52.4 and 93.1
for Qwen (Figure 5). The separate dimensions explain the
choice: Gemma better supported the conversation and safety
requirements, whereas Qwen offered lower execution cost.
Gemma was selected for subsequent retrieval evaluation. This
was a choice between the evaluated configurations rather than
a claim that Gemma dominates all compact models or every
resource budget.

B. Execution resources and benchmark action performance

The resource experiment measures the execution cost of
the candidate configurations alongside their response behavior.
The 150-question reference collection used an approximately
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Fig. 5. Quality averages five normalized benchmark behavior measures,
including action-tool performance; resources average memory headroom,
relative speed, and clean benchmark-turn completion. The shaded region and
dashed segment are project decision illustrations rather than fitted or clinically
validated thresholds. The component definitions are given in Appendix B.

TABLE V
ANDROID CPU EMULATOR RESULTS. CANDIDATE ARTIFACTS AND NATIVE
RUNTIMES DIFFER. CLEAN-TURN COUNTS INCLUDE BENCHMARK ACTION

CHECKS.
Measure Gemma Qwen
Conversation turn, s 16.75 7.84
Isolated response, s 12.74 7.90
Isolated throughput, tok/s 7.86  21.62
Peak process RSS, GB 4.23 1.69
Clean turns / 312 297 312

8 GB Android emulator with CPU inference; conversation
and single-response timing are reported for their respective
workloads. Separate measurements of response latency, token
throughput, peak process memory, and action errors expose
trade-offs that a single speed or quality score cannot represent.
On-device model and compression research motivates evaluat-
ing computational cost together with application behavior [10],
while mERA supports explicit reporting of the intervention’s
operating requirements [17].

Qwen generated both conversation turns and isolated re-
sponses faster, with higher isolated-response throughput (Ta-
ble V). Conversation-turn timings and isolated-question mea-
surements remain distinct because the workloads differ.

Gemma required more peak process memory in the isolated-
question collection, identifying a substantial execution cost for
the stronger conversational configuration. Memory and speed
are interpreted jointly with the quality findings when selecting
the operating configuration [10].

All user-facing turns completed in the adopted compari-
son series. Gemma recorded action-tool errors in the multi-
turn benchmark despite completed responses, whereas Qwen
completed that benchmark series with clean turns throughout.
Loading failures, crashes, and out-of-memory events were ab-
sent in that completed series. These technical outcomes differ
from clinical correctness. A completed answer can contain an

inappropriate recommendation, and a valid answer can coexist
with an unusable action request. Correct no-action behavior
also contributes to the tool rating, preventing interpretation
of that score as the fraction of requested actions completed
successfully.

A smaller full-workload probe exposed a limitation that
compatibility success alone had not revealed. On the 4 GB
Android guest, Gemma was killed during initialization at
approximately 2,675,796 kB peak RSS. Qwen loaded, but its
first full RAG answer did not complete within the bounded
ten-minute probe. The short 3 GB and 4 GB compatibility
checks therefore cannot be used to claim that the complete
clinical workload was viable on those guest classes.

C. Physical-device response generation and synchronization

The physical-device assessment examined local response
generation and synchronization through the integrated Android
application. On the 6 GB Samsung handset, all nine recorded
offline CPU requests completed. Median response latency was
14.3 s (range 10.5-25.5 s), median time to first token was
8.6 s (range 7.6-12.2 s), and median throughput was 22.2
tokens/s (range 17.4-24.6). The median output length was 111
tokens. Available memory at inference start was 1.4-2.1 GB
and peak process PSS was 1.5-1.8 GB. These measurements
demonstrate local generation through the packaged application;
none of the nine requests invoked retrieval.

Application integration telemetry covered connected, offline,
and reconnection states. After connectivity returned, queued
conversation and telemetry records were transmitted to the
connected service, and 46 of 47 acknowledgement measure-
ments indicated successful synchronization (97.9%). The ob-
served acknowledgements demonstrate that records retained
during offline use could subsequently reach the service. Local
generation and deferred synchronization therefore operated as
linked components of the application, supporting continuity
across connectivity changes.

These findings establish an observed execution envelope:
the packaged assistant generated complete offline responses in
seconds on the tested 6 GB handset, while integration records
documented synchronization of queued data after reconnection.
Response latency, first-token timing, and throughput describe
the interaction more fully than a completion count alone,
consistent with mobile inference evaluations [31], [32]. The
controlled emulator results in Table V and the handset ob-
servations describe their respective workloads and operating
environments.

D. Clinician-reviewed single-question responses

The clinical response experiment assessed the 150 preserved
Gemma answers against the clinician-developed question keys.
Each response was rated for correctness, completeness, safety,
relevance, and clarity using the procedure in Section III-J.
This analysis addresses whether the selected configuration
answers the question adequately in isolation, complementing
the conversation comparison and preceding the separate paired
retrieval analysis. The unit of analysis is the question, with



dimension scores averaged across available reviewer ratings
before aggregation across the bank.

Mean quality was 3.80/4, with a median of 3.93. Of the 150
answers, 147 (98.0%) met the 3.2 threshold without a critical-
error flag, two (1.3%) fell below that threshold, and one
(0.7%) received a critical-error flag. Figure 6 shows the five
dimension means and the question-level bootstrap intervals
supplied with the question-level analysis. Correctness, safety,
relevance, and clarity were rated highly; completeness was
the lowest dimension, indicating that an answer could contain
appropriate statements yet omit information needed to fulfil
the request.

Single-response clinical quality

150 clinician-reviewed maternal-health responses; scores are 0—4
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Fig. 6. Mean clinician ratings for 150 Gemma responses on five 0-4
dimensions. Error bars show the question-level bootstrap 95% intervals in
the analysis. Item means use available reviewer ratings.

The domain breakdown in Figure 7 locates this difference.
Warning-sign and escalation responses retained high ratings
across the assessed dimensions, while nutrition and exercise
and pregnancy milestones showed larger completeness gaps.
These patterns distinguish factual validity from sufficient ex-
planation for the individual. The interpretation is consistent
with clinical evaluation frameworks that score the require-
ments of the particular conversation rather than rewarding
fluency or broad topical coverage alone [20], [21].

Across the scenario safety levels, the higher-urgency E2 and
E3 groups retained high dimension ratings. The class sizes are
reported with the clinical question-bank profile. A safety-group
mean summarizes a class of scenarios; the separate critical-
error rule still applies to each individual response.

The critical-error rule was applied independently of the
dimension averages: the flagged response was not accepted
despite a mean quality score above the numeric threshold.
Acceptance therefore required both adequate aggregate quality
and the absence of a recorded critical error.

The clinician-rating agreement analysis yielded ICC(A,1)
values of 0.25 for correctness, 0.07 for completeness, 0.04 for
safety, 0.22 for relevance, and 0.31 for clarity across the 147
complete rows. High mean ratings therefore coexisted with
limited absolute agreement among rating columns. Restricted
score variation and differences in grading stringency can affect
these coefficients; the estimates describe the retained ratings.

Dimension-specific bootstrap intervals are retained with the
analysis files.

E. Paired retrieval experiment and response quality

The paired experiment isolates the evidence-context inter-
vention using the selected Gemma configuration. Retrieval was
probed for all 150 questions. Each question with accepted
context and a completed RAG-on answer then received a RAG-
off answer, yielding 74 matched questions and 148 responses.
The selected model, prompt policy, and generation settings
were held constant. Both conditions used a 6 GB Android CPU
emulator, temperature 0.0, a 512-token output limit, recorded
seed 17, and disabled tools. Collection followed the on-then-
off sequence. RAG-off received neither retrieved text nor the
dynamic evidence-use instruction.

This design tests how accepted local evidence changes the
response to the same clinical request. Coverage is reported
before paired quality because passage availability, relevance,
and successful use are separate properties of a RAG pipeline
[11], [38]. Usefulness, safety, correctness, and actionability are
scored according to Section III-J; evidence fit and paired effect
are assessed according to Section III-L.

The paired study accepted evidence for 74/150 questions, or
49.3%. All 74 RAG-on and 74 RAG-off answers completed
with nonempty text. Sixty-seven accepted questions received
one passage and seven received two; none received three.
Source context assessments classified 44 accepted contexts
as relevant, 20 as partially relevant, and 10 as irrelevant.
The accepted-context cohort therefore included evidence with
limited clinical or action fit despite passing deterministic
admission.

Figure 8 presents the conditional 70-pair comparison. The
same four flagged identifiers are excluded from both condi-
tions. RAG-on means were higher for usefulness (3.41 versus
3.39), safety (3.76 versus 3.67), correctness (3.76 versus
3.70), and actionability (3.47 versus 3.41). These are small
descriptive differences within an outcome-selected subset. The
complete-cohort paired estimates reported below do not show
a consistent advantage across every dimension.

The paired response audit classified 11 pairs as improved, 56
as neutral, 3 as unassessable, and 4 as harmful-case flags. The
figure shows the first three categories, with the four adverse
cases accounted for separately below. These retrieval-effect
categories describe a different annotation from revised holistic
preference. Neutrality includes cases in which an answer
remained adequate despite irrelevant evidence, so a neutral
outcome does not necessarily indicate successful grounding.
Similarly, an unassessable attribution does not make the un-
derlying answer unscorable.

For all 74 matched questions, the paired mean differences
(RAG-on minus RAG-off) were usefulness -0.041 (95% CI -
0.243 to +0.149); safety +0.014 (95% CI -0.135 to +0.149);
correctness +0.014 (95% CI -0.135 to +0.162); actionability
0.000 (95% CI -0.203 to +0.189). Each interval included zero.
The intervals quantify uncertainty in the recorded ratings; they



Single-response scores by clinical domain

Mean clinician score by domain and rubric dimension; 0—4 scale
Correctness Completeness
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Fig. 7. Domain-level breakdown of correctness, completeness, safety, relevance, and clarity. Colors summarize mean ratings on the common 0—4 scale;

question counts differ across domains as reported in Table II.

do not remove the value of case-specific improvements or the
need to investigate adverse changes.

For the conditional 70-pair comparison, the corresponding
differences were usefulness +0.029 (95% CI -0.157 to +0.200);
safety +0.086 (95% CI -0.043 to +0.214); correctness +0.057
(95% CI -0.100 to +0.214); actionability +0.057 (95% CI -
0.129 to +0.243). All four intervals also included zero. The
favorable conditional means therefore identify response dimen-
sions and corrective targets without establishing an overall
superiority claim.

The retained retrieval-effect categories correspond to 11/74
improved responses (14.9%; Wilson 95% CI 8.5-24.7%),
56/74 neutral (75.7%;, 64.8-84.0%), 3/74 unassessable (4.1%;
1.4-11.3%), and four adverse response changes (5.4%; 2.1-
13.1%). The four flags describe changes in generated answers,
not observed patient injuries. Their case-level mechanisms and
corrective targets remain in Table VL.

F. Response length and retrieval overhead

All 74 paired runs completed without recorded runtime
failures or empty answers. Mean output length was 102.39
tokens with RAG-on and 123.89 with RAG-off. Mean first-
token delay was 6.12 versus 5.52 seconds, and mean gener-
ation time was 10.83 versus 11.52 seconds. Local retrieval
took a mean of 1.069 seconds and was timed separately from
generation. Mean sampled process memory was similar (2.46
versus 2.47 GB) on the 6 GB Android CPU emulator. These

averages describe response usage and execution for the paired
workload; generation time alone excludes retrieval overhead.

G. Failure mechanisms and corrective targets

The case audit compares the preserved question, reviewed
action, retrieved passage, and generated answer to identify how
retrieval changed the response. This complements mean-score
analysis by examining capability failures under their specific
clinical and action conditions [20], [22].

The four audit-flagged cases are listed in Table VI. Their
common feature is not a shared diagnosis or a uniform
error severity. Each shows a different way in which retrieved
material can move a response away from the task defined by
the full question: weakened urgency, a related passage applied
to the wrong symptom pattern, substitution of a different
requested topic, or an overconfident factual explanation.

The escalation failures are particularly important because a
generally informative response can still direct the user toward
delayed care. The record-keeping case exposes a different
weakness: a medically related passage displaced the actual
information request. The audit flags describe failures in the
generated answers.

The cases identify different corrective tests. Escalation must
remain intact when unrelated evidence is added. Passage
admission should preserve the requested action, not only the
broad topic. Clinical uncertainty should survive paraphras-
ing and evidence-conditioned generation. Those requirements



RAG-on versus RAG-off comparison

70 paired questions after excluding four flagged pairs from both conditions
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Fig. 8. Conditional comparison of the same 70 paired questions after excluding four audit-flagged IDs from both conditions. Scores assess usefulness, safety,
correctness, and actionability; outcome bars retain the project retrieval-effect categories. The four excluded cases are reported in Table VI and the complete
74-pair estimates in Section IV-E. The subset is selected by observed outcomes.

TABLE VI

AUDIT-FLAGGED RETRIEVAL FAILURES AND CORRECTIVE TARGETS

Clinical
request

Required response

Failure and corrective
target

Headache with
visual changes

Prompt assessment
without waiting for
optional details.

Severe Preserve the
nocturnal palm reviewed

and sole prompt-assessment
itching advice.

Maternal and  Explain which
newborn records to retain.
records

Pregnancy Explain uncertainty
dating and clinical

confirmation.

Referral became
conditional. Preserve
urgency before adding
education.

Advice shifted toward a
routine visit. Match the
full symptom and
urgency pattern.
Nutrition displaced
record keeping. Check
the requested action
before using evidence.
Blood hCG was
overemphasized as a
usual dating method.
Remove unsupported
precision.

arise from the observed responses and can be evaluated
without claiming that every flagged case is equivalent to a
critical error or that the remaining 70 responses are free of all

limitations.

V. DISCUSSION
A. Principal findings and the quality—resource trade-off

The study identifies three conditions for useful offline
maternal health assistance. The selected model must retain
sufficient response quality within the device budget; retrieved
evidence must preserve the clinical meaning and requested
action of the current question; and structured action capability
must be evaluated independently of response fluency. The
candidate comparison, paired retrieval experiment, failure au-
dit, and physical-device assessment examine these conditions
at different levels. Together, they show why measuring only
generation speed or average response quality would leave
consequential weaknesses unobserved.

The candidate results show why resource efficiency and
user-facing quality must remain visible as separate properties.
Qwen’s faster generation and lower process memory would
be attractive for mobile execution, yet its context and safety
ratings were substantially weaker in the scored conversations.
Gemma better met those conversation requirements while
consuming more resources and producing benchmark action-
tool errors. The selection favored its response-quality advan-
tage. The action scores provide a separate measure of offline
agentic capability under the test interface, while the integrated
application uses retrieval as its deployed tool.

The candidate comparison evaluates the adopted model
and runtime configurations within a common benchmark en-
vironment. Compact-model and compression research aims



to improve what is possible under a resource budget [10].
The application decision additionally depends on whether a
model retains pregnancy or newborn context, updates urgency
correctly, and responds to the actual question. The comparison
informs model selection through response behavior, bench-
mark agentic capability, and execution cost.

The clinician-reviewed single-question results add a sec-
ond view of response quality. High correctness and clarity
coexisted with lower completeness, indicating that factual
validity and readable language did not always provide all the
information required by the question. The clinically reviewed
key is therefore useful as a definition of sufficient content, not
as a demand for maximum answer length. This distinction also
informs the paired judging: concise, relevant guidance should
receive credit when it meets the request, while a long answer
with the same omission should not [20], [21], [23].

B. Device envelope and offline application operation

Physical-device testing places the model comparison in the
context of an integrated Android application. All nine recorded
offline requests completed, with a median of 8.6 s before the
first token and 14.3 s for the full response. The difference
between those measures matters because the user waits for an
answer to begin and then for the requested guidance to finish.
This result demonstrates a practical local response path in the
tested configuration, while the emulator measurements remain
useful for comparing candidate runtimes under their controlled
workloads [31], [32].

Offline operation also depends on what happens when
connectivity returns. The application generated answers locally
during internet loss and retained conversation and telemetry
records for later acknowledgement by the connected service. In
the integration record, 46 of 47 synchronization measurements
succeeded. This makes local answering and deferred data
transfer parts of one application workflow: the answer does not
need a live connection, and pending records can subsequently
reach the service. Such continuity is relevant to maternal-
health information access where connectivity varies, consistent
with digital-health implementation guidance [6], [17].

The handset profile adds a useful distinction to the perfor-
mance evaluation. Median generation throughput of 22.2 to-
kens/s describes output once generation is under way, whereas
the 8.6 s first-token delay and 14.3 s total latency describe
the wait experienced during the recorded requests. A single
throughput figure would conceal that initial delay. The nine
requests did not invoke retrieval, so the physical-device timing
establishes a local answer baseline for this workload; the
clinical question-bank and paired retrieval experiments supply
separate evidence about response quality and evidence use
[10], [31], [32].

C. Why validated knowledge can still degrade an answer

The conditional response comparison records higher RAG-
on means across usefulness, safety, correctness, and action-
ability outside the four flagged cases. Safety showed the

largest displayed difference, followed by correctness and ac-
tionability. The paired scores identify the response dimensions
that benefited, while the separate case audit identifies the
changes required in urgency preservation and alignment with
the requested action. Taken together, these analyses provide
both a comparison of response quality and concrete targets
for refining evidence use.

The paired experiment separates clinical content validation
from evidence use. A passage can be valid for its original
question and still be inappropriate for the current life stage,
urgency, or practical request. An answer can also repeat a
correct source statement while omitting the action required
by the current symptoms. The record-keeping and escalation
failures demonstrate that the relevant unit of evaluation is the
generated response to the complete question, rather than the
provenance of an isolated passage.

The findings connect with medical RAG research in which
component choices affect performance [11], and with the
possibility that irrelevant context distracts a model [25]. The
observed failures can arise at several stages of the evidence-use
pathway. Plausible failure points include candidate admission,
action matching, passage wording, prompt hierarchy, and the
generator’s use of evidence. The retained traces support these
as testable mechanisms rather than interchangeable explana-
tions.

Consumer-health RAG evaluation also reports that domain-
specific retrieval does not uniformly improve responses [49].
This supports assessing the final answer and requested clinical
action, in addition to the relevance of the retrieved text.

The case audit defines concrete acceptance criteria for a
retrieval iteration. Higher coverage is desirable only when the
additional passages maintain or improve the final response. A
retrieval change should be evaluated against the full question,
including danger signs and requested actions, and against a
separate set of newly reviewed questions. Rerunning only the
four known failures would demonstrate repair of those exam-
ples but would not establish general improvement. The full
74-pair account remains necessary because removing adverse
cases changes the question answered by the mean comparison.

D. Selective grounding in maternal-health conversation

The paired findings provide a practical rationale for selective
evidence acquisition. Most pairs were neutral, some improved,
and four showed adverse response changes. These outcomes
argue for deciding when evidence is useful and checking
how it influences the answer, rather than equating additional
context with better assistance. The current model-initiated
design makes that choice explicit through a bounded local
tool. Its value for conversation is the ability to move between a
direct explanation and a documented lookup as the information
need changes, without making retrieval an unavoidable part of
every exchange [33], [14], [34].

The safety boundary continues across both paths. A direct
response must respect uncertainty and urgency; a retrieved
response must additionally establish that the supplied ma-
terial fits the full question. The four audited mechanisms



illustrate why invocation and appropriate evidence application
require separate assessment, consistent with medical-RAG and
context-quality evaluation [11], [38]. Local source restric-
tion, deterministic admission, and the instruction to ignore
mismatched evidence provide complementary controls. The
literature on retrieval decisions likewise shows that confidence
and knowledge sufficiency are not interchangeable [35].

The distinction between invocation, admission, and applica-
tion also improves interpretability of reliability. Tool events
show whether evidence was requested, passage records show
what was returned, and response assessment shows whether the
required facts and action survived generation. A no-retrieval
answer is appropriate when the information need is met safely;
a tool call is useful only when it contributes suitable evidence.
This process-level interpretation follows agentic-RAG evalua-
tion concerns while retaining the clinical and conversational
criteria of the present study [15], [20], [38].

E. Relationship to maternal health research and deployment

This system complements rather than substitutes for the
evidence supplied by maternal chatbot and deployment studies.
HerCare and the maternal chatbot work in India empha-
size retrieval-supported information and clinical evaluation
[12], [13]. MamaBench tests whether clinically discriminative
changes produce different diagnostic responses [9]. The edu-
cational and application-oriented task examines another part
of that reliability problem: maintaining the right explanation
and action as context or retrieved evidence changes.

ADVISER demonstrates how field constraints can alter the
implementation of an Al intervention [7]. For an offline as-
sistant, the corresponding operational questions include which
devices can sustain the workload, how users encounter and
understand escalation guidance, whether retrieval and response
behavior remain appropriate, and how knowledge is updated.
These operational considerations connect system evaluation
to implementation planning, as emphasized in digital-health
reporting and intervention guidance [6], [17].

The local execution goal also has a distributional conse-
quence. Removing a network dependency can improve avail-
ability for a supported device while leaving lower-resource
devices unable to run the complete configuration. The physical-
device findings in Section IV-C make this visible. Claims of
accessibility should therefore specify the installed artifact size,
usable memory, workload, and device conditions, rather than
assuming that offline availability implies suitability for every
entry-level handset. The access motivation and the operating
configuration are therefore treated together in deployment
planning [6], [4].

F. Implications for evaluation and continued development

The judging design makes the response requirements in-
spectable. Clinical facts, expected care actions, safety bound-
aries, context use, and benchmark tool execution contribute
different evidence; an overall preference alone does not explain
which of these improved. HealthBench supplies a case-specific
clinical evaluation precedent, while G-Eval and Prometheus

demonstrate approaches to structured rubric-guided assessment
[20], [43], [44]. The value of this design is the link from a
score to an observed behavior that can be tested again after a
system change.

The distinction between relevance, groundedness, and cor-
rectness is especially useful for retrieval development. A pas-
sage can be relevant without supporting every generated claim,
and an answer can remain correct despite ignoring a poor
passage. RAGAs formalizes these as separate dimensions of
pipeline evaluation [38]. The present traces add the requested
clinical action to that distinction, allowing a retrieval revision
to be checked for both evidential fit and preservation of
urgency.

Continued development can build on these findings through
targeted tests of escalation, requested-action alignment, con-
versation context, and evidence use. The benchmark action
interface remains a separate instrument for testing structured
tool decisions and argument validation. New knowledge-
package versions should be assessed against the complete
response rubric and the retained failure cases, with additional
questions testing the same mechanisms. CheckList supports
this capability-oriented approach to regression testing [22].
Further system evaluation can be reported using the applicable
TRIPOD-LLM and mERA principles [36], [17]. For subse-
quent clinician-supervised evaluation, DECIDE-AI provides
a framework for reporting early-stage clinical studies of Al
decision-support systems [50].

G. Limitations

The knowledge package was curated within a single orga-
nization, and evaluation covered two compact configurations
with different native runtimes. Findings therefore concern
the adopted configurations and the studied maternal-health
question distribution. The fixed benchmark and simulated
conversations do not establish live-user behavior or clinical
outcome effects. The 6 GB inference evidence comprises
nine requests on one handset, while integration telemetry
records synchronization during connectivity changes. These
observations describe the tested application conditions rather
than performance across Android devices.

The handset assessment establishes an engineering feasibil-
ity envelope; practical deployment, sustained usefulness, and
general device support require broader evaluation. The 6 GB
inference stream measured available memory at request start
and peak process PSS, but it does not isolate model and cache
allocations or establish a minimum supported RAM class. The
nine local requests did not invoke retrieval, so their timing does
not characterize retrieved-answer generation.

Physical-device records support completed local generation
timing and synchronization reporting. The recorded inference
requests did not measure retrieval decisions or the clinical
quality of handset responses. Clinical response quality re-
mains assessed through the separate benchmark; technical
completion and synchronization alone do not establish user
acceptance or clinical reliability in actual use.



Retrieval was accepted for 74 of 150 questions, so the paired
response comparison describes the retrieval-eligible subset.
Small subgroups, ordinal ratings, and an on-then-off collection
order limit the precision and generality of the descriptive
differences. RAG-on includes both retrieved passages and an
evidence-use instruction; their independent contributions were
not separated.

LLM-based judgments can vary across repeated assessments
and with changes in evaluation wording, even when explicit
rubrics guide scoring [51], [52]. The reported scores should
therefore be interpreted with potential judging variability
in mind. Clinically reviewed keys, explicit score anchors,
recorded rationales, and separate critical-error criteria provide
the framework for interpreting these assessments.

H. Future outlook and post-implementation evaluation

CPU inference optimization should examine operator and
kernel efficiency, thread scheduling, prompt processing, key—
value cache management, context budgeting, and cold-start
cost. Controlled comparisons of inference algorithms and
runtime configurations should determine which changes im-
prove latency and request completion on constrained Android
devices, following the joint quality and resource assessment
used in mobile inference research [31], [32].

Further physical-device evaluation should repeat matched
selected-model workloads across 6 GB, 8 GB, and 12 GB
RAM classes. Loading, steady-state and peak memory, initial-
ization, response latency, throughput, completion, and failure
measurements should be assessed alongside battery and ther-
mal behavior. This would test whether additional memory and
compute translate into a more dependable interaction envelope
while preserving response quality [31], [32].

Future judging evaluation could also compare independent
clinician and LLM ratings of identical responses, including
critical-error detection and repeated and order-reversed judg-
ments [20], [21], [23].

Real-world pilot evaluation should assess adoption, usability,
task completion, device and network reliability, synchroniza-
tion, clinical safety, user experience, staff workload, opera-
tional cost, and implementation barriers. A structured protocol
should define participant criteria, ethics approval and consent,
clinical oversight, and safety reporting before recruitment.
DECIDE-AI provides guidance for early clinical evaluation,
with SPIRIT-AI applicable to any subsequent interventional
trial protocol [50], [53].

VI. CONCLUSION

An offline Android maternal-health assistant was devel-
oped by integrating ready-made quantized models, clinically
validated local knowledge, and conversational context. Its
current architecture exposes bounded local retrieval as a model-
invoked tool, supporting a choice between direct and evidence-
supported responses. Gemma provided stronger conversation
quality, context retention and safety, while Qwen required less
memory and generated responses faster. The dedicated action
benchmark additionally assessed offline agentic capability.

Clinician assessment supported the quality of the selected
Gemma configuration on the fixed question bank. Retrieval
improved selected responses, but four adverse changes demon-
strated failures of clinical fit, urgency or evidence application;
paired mean differences remained uncertain. Physical-device
testing recorded nine completed offline responses on the 6 GB
handset with a 14.3 s median latency, alongside successful
reconnection synchronization. Together, the controlled bench-
marks and physical-device observations characterize the clini-
cal and execution trade-offs of the integrated offline assistant.

DATA AND CODE AVAILABILITY

Implementation code, benchmark documentation, scoring
workbooks, evaluation scripts, clinical keys, model-artifact
manifests, and figure sources are currently maintained in a
private project repository and are available only upon request.
The benchmark questions, expected facts and actions, eval-
uation instructions, response-level scores, and reproducible
non-sensitive metadata can be shared for research review and
reproduction. The evaluation records preserve model outputs,
current-turn retrieved passages, runtime measurements, and rat-
ing revisions as distinct artifacts. Model artifact identities and
integrity hashes are supplied in the repository specification.
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APPENDIX A
PAIRED COHORT ACCOUNTING

Figure 8 reports mean scores for 70 matched questions,
excluding the same four audit-flagged pairs from both con-
ditions. The plotted means are described in Section IV-E. The
complete-cohort paired estimates retain all 74 questions, and
Table VI accounts separately for the four adverse response
changes. The excluded identifiers are TO5-PREG-002, TOS5-
ANC-020, TO5-COM-009, and T05-POST-020; exclusion ap-
plies to both response rows for each identifier.

The retrieval-effect counts sum to all 74 pairs: 11 improved,
56 neutral, 3 unassessable, and 4 harmful-case flags. These
annotations are retained independently of revised holistic pref-
erences. Numeric ratings remain possible for the three pairs
with unassessable retrieval attribution. The original source
texts, clinical keys, and retrieved passages were not rewritten
during rating correction.

APPENDIX B
REPRODUCIBILITY AND ADDITIONAL EXECUTION
EVIDENCE

A. Generation and retrieval settings

Both candidate configurations used CPU inference. The
single-question reference collection used an approximately 8
GB Android emulator, and the paired retrieval experiment used
a 6 GB emulator. Paired generation used temperature 0.0,
a 512-token output limit, and recorded seed 17, with tools
disabled in both conditions. The candidate single-question
collection also disabled tools and accepted retrieval for 26/150
questions, supplying 61 passages in total.

Conversation assembly used a 4096-token runtime ceiling,
at most five completed user—assistant turns, and a 3072-token
history budget within the total prompt limit. Retrieval used
SQLite FTSS5 with BM25 ranking. Raw confidence of at least
95 entered the high-confidence pool; scores from 65 to below
95 required metadata and action checks. Pool scores were
normalized and passages below 80 were removed, with a max-
imum of three retained passages. These are implementation
thresholds, not probabilities of clinical relevance. The current
model-facing retrieval tool uses the same bounded search
service but returns no more than two passages per invocation,
with at most two tool-call rounds. The three-passage limit
describes the underlying candidate pool and the recorded
evidence-context collections; it is not the current tool-output
limit.

B. Selection indices and timing definitions

The quality index is 100 times the equal mean of response/4,
context/4, safety/4, (benchmark tool behavior + 5)/10, and the
proportion of conversations without a critical error. The re-
source index averages the reference memory-headroom score,
response speed relative to the faster configuration, and the
fraction of clean turns. Figure 5 shades quality and resource
indices of at least 55 and draws a dashed segment at quality
44 across resource scores 60-95. These drawing rules are

TABLE VII
ADOPTED ARTIFACT AND INFERENCE CONFIGURATION FOR
REPRODUCTION. ARTIFACT INTEGRITY HASHES ARE RETAINED IN THE
REPOSITORY SPECIFICATION.

Configuration  Artifact and precision = Runtime and
controls
Gemma 4 E2B  gemma-4-E2B-it. LiteRT-LM Android
litertlm; mobile 0.18.0; native
mixed 2/4/8-bit scheme  tokenizer/template;
CPU
Qwen3.5 0.8B Qwen3.5-0.8B- Android llama.cpp;
Q4_K_M.gguf; GGUF
four-bit class tokenizer/template;
CPU
Paired RAG Same selected Gemma 6 GB Android guest;
run artifact and temperature 0.0; 512

21,673-passage package
in both arms

output tokens; seed
17; tools disabled

project decision illustrations rather than estimated acceptance
boundaries.

The paired timing record times retrieval separately from
generation; its total-latency label repeats recorded generation
time. It should not be interpreted as a directly measured sum
of all interaction stages. First-token values are reported only
when the relevant runtime instrumentation supplies them. Peak
RSS is a sampled process maximum, not a continuous trace
of device memory.

C. Clinician-rating agreement estimator

Absolute agreement among the three retained rating
columns uses the two-way single-rating estimator [45]

ICC(A,1) = w’

D=MSg+ (k—1)MSg
| K(MSp — MSp)

n

“

Here MSg, MSk and MSE are the question, reviewer
and residual mean squares, respectively; n = 147 complete
questions and k£ = 3 rating columns. Question-level resam-
pling with 2,000 replicates supplies the percentile intervals.
This single-rating coefficient describes agreement within the
retained reviewer panel; it is algebraically equivalent to the
ICC(2,1) coefficient in the Shrout—Fleiss notation [45], [46].

APPENDIX C
RATING DEFINITIONS AND INTERPRETATION

For the four displayed RAG dimensions, the working rubric
uses 0 for an unusable response, 1 for a major failure, 2 for
partial performance, 3 for a useful response with a limitation,
and 4 for a sufficient and appropriate answer to the actual
question. Usefulness does not require exhaustive optional
content. Correctness concerns claims made; omissions are
evaluated through the relevant usefulness or essential-content
requirement. Safety includes urgency for current danger signs.



Actionability includes a usable explanation when that is what
the user requested.

Completeness, clarity, directness, groundedness, and
evidence-use fields retain earlier rating passes and were not
substituted for the revised displayed measures. Groundedness
is inapplicable to RAG-off. Critical-error and warning-sign
fields are separate from the four retrieval-audit flags used
for the conditional display. The working workbook preserves
these distinctions and question-specific notes.
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