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Abstract
Medical question answering systems must balance usefulness with safety, particularly in low-resource linguistic
settings where robustness is limited and hallucinations can cause harm. We present TRUMEDIQA, a reproducible
multilingual medical QA pipeline for Moroccan Darija, Arabic, French, and English, deployed on WhatsApp with text
and voice interactions. TRUMEDIQA uses layered decision-making: (i) language identification, (ii) a pre-retrieval
intent router that maps queries to one of 38 clinical FAQ categories to constrain retrieval, and (iii) post-retrieval
LLM-based re-ranking that selects the best candidate answer or returns a null decision to trigger a safe fallback
(abstention). Answers are retrieved from a curated FAQ knowledge base validated by medical professionals. We
evaluate TRUMEDIQA with 21 participants submitting 290 questions across four languages. An expert annotator
labels each interaction as relevant, acceptable, or irrelevant, and we also measure correct abstentions when no
suitable answer exists in the knowledge base. An ablation study shows that routing and re-ranking improve the
weighted relevance score from 0.25 to 0.94 and precision from 0.53 to 0.98 versus a naïve retrieval baseline, while
increasing correct abstention on unanswerable queries from 4.38% to 69.77%.
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1. Introduction

Large Language Models (LLMs) have recently im-
proved the fluency and apparent competence of
medical conversational systems, creating oppor-
tunities to expand access to health information at
scale. However, medical QA remains high-risk:
models can produce plausible but incorrect state-
ments, and this risk is amplified in low-resource lin-
guistic settings where robustness is limited. In the
Arabic context, recent benchmarks show that even
Arabic-centric LLMs perform poorly on dialectal in-
put compared to Modern Standard Arabic (MSA)
(Mousi et al., 2025). Work targeting Moroccan Ara-
bic (Darija) similarly reports that substantial adapta-
tion is required to handle dialectal variation reliably
(Qarah and Alsanoosy, 2025). These gaps can
translate into unequal access to safe medical infor-
mation and motivate clinical NLP systems that are
both multilingual and cautious under uncertainty.

In this work, we study patient-facing medical
question answering for adolescent reproductive
health in a multilingual setting (Moroccan Dar-
ija, Arabic, French, and English). We introduce
TRUMEDIQA, a reproducible WhatsApp-based
QA system that combines retrieval with layered
decision-making to reduce unsafe mismatches and
to abstain when the knowledge base lacks a suit-
able answer. TRUMEDIQA retrieves answers from
a curated FAQ knowledge base validated by med-
ical professionals, and applies (i) language iden-

tification, (ii) a pre-retrieval intent router over 38
clinical FAQ categories to constrain retrieval, and
(iii) post-retrieval LLM-based re-ranking that selects
the best candidate answer or returns a null deci-
sion to trigger a safe fallback. This design aims to
improve reliability without overclaiming coverage,
which is critical in medical settings. TRUMEDIQA
is intended for informational support rather than
diagnosis or treatment advice. While individual
components such as intent routing, constrained
retrieval, and abstention are established patterns
in RAG systems, their integration in a real-world
multilingual deployment targeting a low-resource
dialect (like Moroccan Darija) for a socio-culturally
sensitive health domain represents a novel and un-
derexplored setting that existing systems do not
address.

This paper makes the following contributions:

• We present TRUMEDIQA, a layered multilin-
gual medical QA system supporting Moroccan
Darija, Arabic, French, and English, with both
text and voice interactions on WhatsApp.

• We propose a modular decision pipeline com-
bining intent-based query routing and post-
retrieval LLM re-ranking with explicit abstention
to reduce unsafe mismatches.

• We report a real-world evaluation (21 partici-
pants, 290 questions) with expert annotation,
and an ablation study quantifying the impact of
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routing and re-ranking on relevance, precision,
and correct abstentions.

• We provide system details and a repro-
ducible evaluation protocol (taxonomy,
prompts, configuration), and describe our
privacy/anonymization handling to facilitate
replication in other low-resource health
settings.

• We demonstrate that a safety-oriented layered
RAG architecture can be effectively deployed
in a low-resource dialectal setting, addressing
a gap in multilingual clinical NLP where Moroc-
can Darija and similar dialects remain severely
underserved.

The remainder of this paper is structured as follows:
Section 2 reviews related work on medical QA and
clinical NLP. Section 3 describes the trustworthi-
ness dimensions that guide our design. Section 4
presents the TRUMEDIQA pipeline and knowledge
base construction. Section ?? reports the exper-
imental setup, and Sections 6 and 7 define the
evaluation framework and metrics. Results are
reported in Section 8, followed by discussion in
Section 9 and conclusion in Section 10. Finally,
we provide an ethics statement and limitations in
Sections 11 and 12

2. Background and Related Work

2.1. Patient-facing medical QA and
multilingual gaps

Medical question answering (MQA) aims to return
reliable health information in response to natural-
language queries. Prior to LLMs, many MQA
systems relied on modular pipelines that com-
bined question classification, retrieval over curated
resources, and answer selection, often leverag-
ing controlled terminologies such as UMLS and
SNOMED CT for normalization and interpretability
(Mutabazi et al., 2021; Zhu et al., 2018). While
modern LLMs have improved fluency and cover-
age, reliability and safety remain central concerns
in patient-facing settings.

A major limitation is linguistic imbalance: most
benchmarks and resources are English-centric,
which yields systematic performance gaps for other
languages (Hamad et al., 2024; Baethge, 2008;
Valkimadi et al., 2009). Multilingual medical QA
benchmarks such as MedQA (Jin et al., 2020),
MedMCQA (Pal et al., 2022), PubMedQA (Jin et al.,
2019), and MultiMedQA (Singhal et al., 2025) show
strong results on structured exam-style questions,
yet performance degrades on open-ended queries
and in linguistically diverse settings. Recent evalu-
ations (e.g., MedExpQA) further report persistent

disparities between English and non-English an-
swers, even under translation (Alonso et al., 2024).
These findings motivate multilingual systems that
explicitly account for low-resource languages and
dialectal variation.

2.2. Grounded LLM-based medical QA
and retrieval pipelines

To mitigate hallucinations and improve factuality,
a common strategy is to ground generation in
external knowledge via retrieval-augmented gen-
eration (RAG) (Lewis et al., 2020). In medical
QA, RAG typically retrieves from trusted sources
(e.g., guidelines, curated FAQs, biomedical litera-
ture) and then generates or selects answers con-
ditioned on retrieved evidence. Recent work ex-
plores retrieval and ranking improvements, includ-
ing domain-specific retrievers and medically ori-
ented RAG systems (Zhao et al., 2025; Gao et al.,
2025). TRUMEDIQA follows this line but empha-
sizes a layered decision pipeline that combines
intent-based routing and post-retrieval re-ranking
to reduce mismatches in multilingual user queries.

2.3. Safety under uncertainty:
calibration, answerability, and
abstention

Even when grounded, LLMs can be overconfident
and may produce misleading outputs (Tian et al.,
2023; Nazi and Peng, 2024). Calibration and uncer-
tainty estimation methods (e.g., temperature scal-
ing, ensembles, and self-assessment prompts) aim
to better align model confidence with correctness
(Desai and Durrett, 2020; Balabanov and Linander,
2025; Xiong et al., 2024). In high-stakes medi-
cal contexts, this motivates selective answering:
abstaining when evidence is insufficient or when
a query is outside the supported scope. Our de-
sign operationalizes this principle through explicit
abstention triggered by routing and re-ranking deci-
sions, enabling the system to defer when the FAQ
knowledge base does not contain an appropriate
answer.

3. Trustworthiness by design

We define trustworthiness for multilingual medi-
cal QA as a set of system properties that can be
operationalized and audited in the pipeline. In
TRUMEDIQA, trustworthiness relies on four dimen-
sions: (1) accuracy and safety, (2) explainability,
(3) compliance with local socio-cultural and legal
constraints, and (4) privacy. Table 1 summarizes
how each dimension is instantiated in the system
and how it is assessed in our evaluation.
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The remainder of this paper focuses on the sys-
tem components that instantiate these dimensions
and on a real-world evaluation quantifying the trade-
off between answer quality and responsible absten-
tion.

4. Medical Knowledge Base
Construction

TRUMEDIQA retrieves answers from a curated
FAQ knowledge base covering adolescent repro-
ductive health. The knowledge base is designed
for patient-facing informational support and is in-
tentionally scoped to avoid diagnosis, treatment
recommendations, or urgent-care guidance; out-of-
scope or emergency-like queries trigger abstention
and a redirect message (Section 3).

FAQ authoring and clinical validation. We first
compile a set of recurring user questions for the
target domain, initially authored in Moroccan Darija.
For each question, a medical professional authored
and/or validated the corresponding answer to en-
sure local appropriateness and consistency with
the intended scope. Answers may include optional
media pointers (e.g., links or simple visual aids)
when useful for comprehension.

Multilingual collections. To support multilingual
access, we build separate FAQ collections for Mo-
roccan Darija, Arabic, French, and English. Each
collection contains language-specific question for-
mulations paired with clinician-validated answers
written for that language. This design avoids relying
on cross-lingual retrieval as a default and enables

Figure 1: TRUMEDIQA Knowledge Base Entry.

language-aware routing and evaluation within each
collection.

Intent taxonomy. Each FAQ is manually as-
signed an intent label from a fixed taxonomy of 38
clinical FAQ categories. These labels provide an in-
terpretable organization of the knowledge base and
enable intent-based query routing that constrains
retrieval to category-consistent candidates.

Vector indexing and stored schema. We store
each language collection in Weaviate as a dedi-
cated vector index. Each entry contains the ques-
tion text, a clinician-validated answer, a language
identifier, an intent category from our 38-category
taxonomy, and optional media fields (e.g., au-
dio_url, sticker_url; Figure 1). Within a
given language, we embed question texts into
dense vectors for similarity search and retrieve
top-k candidates at inference time, which are then

Dimension Operationalization in TRUMEDIQA Evidence / assessment
Accuracy & safety Clinician-validated FAQ knowledge base;

intent-based routing to restrict retrieval
space; post-retrieval re-ranking; explicit ab-
stention when no suitable answer is found;
safety-oriented fallback messages.

Expert annotation (rele-
vant/acceptable/irrelevant); Precision
and weighted Relevance Score;
abstention analysis (Fallback Rate and
correct abstentions).

Traceability
(grounding)

Responses are linked to a retrieved FAQ
entry; the system can surface the matched
FAQ identifier and/or a supporting snippet;
explicit abstention for uncovered queries.

Grounding coverage (% responses
linked to an FAQ ID/snippet) and qual-
itative inspection; abstention correct-
ness captured by correct-abstention
metrics.

Local compliance Domain scoping to adolescent reproduc-
tive health; standardized disclaimers and re-
sponse templates; constrained answer set to
avoid unavailable/inappropriate recommen-
dations.

Qualitative analysis of compliance-
related cases; failure modes reported
in limitations.

Privacy Anonymized logging; data minimization; re-
stricted access to interaction logs; raw voice
messages not retained beyond processing
in our deployment.

Description of consent/anonymization
and data handling; deployment con-
straints and limitations.

Table 1: Trustworthiness dimensions and their operationalization in TRUMEDIQA.
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passed to a post-retrieval re-ranking stage.

Re-ranking module. Retrieved top-k candidates
are passed to an LLM-based re-ranker for final se-
lection. The re-ranker uses GPT-4o and receives a
structured prompt containing the user question, the
detected intent category, and the list of candidate
question–answer pairs indexed from 0 to k−1. The
system prompt instructs the model to act as an an-
swer ranker rather than a generator: it must return
the integer index of the most semantically relevant
candidate, or null if no candidate adequately ad-
dresses the question. The model is constrained
to respond with a single token only — an integer
or the word null. A null response triggers the
safe fallback mechanism described in Section 3.
Temperature is set to 0 to ensure deterministic and
reproducible ranking decisions.

Voice responses. To reduce latency for voice
interactions, we pre-generate an audio rendition
for each validated answer using a text-to-speech
engine and store it as an audio_url field. When
an answer is selected, TRUMEDIQA can return
the text response and, when applicable, the corre-
sponding audio response.

Figure 2: Overview of the TRUMEDIQA chat-
bot pipeline, from user input to response deliv-
ery. The pipeline combines language detection,
intent-based classification, filtered retrieval, LLM
re-ranking, and safe fallback decision process.

5. Experimental Setup

We evaluated TRUMEDIQA with 21 volunteers,
who submitted 290 questions during a four-hour
testing window via WhatsApp. Participants could
ask questions in Arabic, Moroccan Darija, French,
or English, and could freely alternate between lan-
guages. The language distribution reflects the tar-
get population: 220 questions were submitted in
Arabic or Moroccan Darija — which participants
used interchangeably and represent the primary
language of our deployment context — 37 in En-
glish, 30 in French, and 3 involved code-switching
across languages. This predominance of Ara-
bic/Darija is consistent with our motivation: Moroc-
can users naturally favor Darija, a low-resource
dialect, making it both the most representative
and the most challenging language in our evalua-
tion. Inputs were provided either as text messages
or as voice messages (up to 60 seconds); voice
messages were transcribed using Google Cloud
Speech-to-Text before being passed to the pipeline.
All interactions were anonymized for analysis and
collected with participant consent; the system is
intended for informational support rather than diag-
nosis or treatment advice.

We conducted an ablation study to quantify the
contribution of two key components: intent rout-
ing (38-category taxonomy) and post-retrieval re-
ranking. We compared three configurations (Ta-
ble 3) on the same set of user questions. C1
is a naive retrieval baseline without routing or re-
ranking. C2 adds intent routing but removes re-
ranking, isolating the effect of routing. C3 corre-
sponds to the complete system.

6. Evaluation Framework

All interactions were logged and anonymized to pro-
tect participant privacy. After the four-hour testing
window, an expert evaluator manually annotated
each question-answer (QA) pair. The evaluation
focuses on whether the system took the correct
action given the knowledge base coverage: an-
swering when an entry exists and abstaining when
it does not. Each interaction was assigned to one
of three outcome classes:

• Relevant: The system took the correct action.
This includes:

– Correct answer (answerable): a direct,

Config. System variant What it tests
C1 Direct vector retrieval (no routing, no re-ranking). Baseline retrieval quality without filtering.
C2 Intent routing (38 categories) + retrieval; no re-ranking. Contribution of routing to candidate quality.
C3 Full system: routing + retrieval + LLM re-ranking (+ abstention). End-to-end performance of TRUMEDIQA.

Table 2: Ablation configurations for evaluating routing and re-ranking.
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correct, and contextually appropriate an-
swer when a suitable FAQ entry exists.

– Correct abstention (unanswerable): ab-
stention via a fallback message when no
suitable answer exists in the knowledge
base.

• Acceptable: The response was topically rele-
vant and potentially useful but partially correct,
incomplete, or insufficiently specific.

• Irrelevant: The response exhibited a clear mis-
match between the question and the returned
answer, or the system abstained despite the
existence of a suitable knowledge base entry
(i.e., incorrect abstention).

7. Evaluation Metrics

To assess TRUMEDIQA, we report four comple-
mentary metrics: (i) a weighted Relevance Score
summarizing expert quality labels, (ii) precision
over answered queries to quantify the rate of mis-
leading answers, (iii) fallback rate to characterize
abstention frequency, and (iv) abstention correct-
ness to distinguish appropriate abstention from un-
necessary fallback. Together, these metrics cap-
ture both answer quality and the system’s ability to
manage uncertainty.

Relevance Score. We compute a weighted rel-
evance score (RS) from expert labels by assign-
ing weights 2/1/0 to Relevant/Acceptable/Irrelevant
and normalizing to [0, 1]:

RS =
1 ·Nacceptable + 2 ·Nrelevant

2 ·Ntotal
. (1)

Precision (answered queries). We define an
answered query as one where the system returns
an explicit answer rather than a fallback message.
A false positive (FP) is an answered query labeled
Irrelevant by the expert. A true positive (TP) is an
answered query labeled Relevant or Acceptable.
Precision is:

Precision =
TP

TP + FP . (2)

Fallback Rate. Fallback Rate (FR) measures how
often the system abstains:

FR =
Nfallback
Ntotal

. (3)

Abstention correctness. To evaluate whether
abstentions are appropriate given knowledge base
coverage, the expert additionally labels each query
as Answerable or Unanswerable with respect to the

Configuration RS Prec. TN (%) FR (%)
C1: no routing, no
re-ranking

0.25 0.53 4.38 55

C2: routing only
(no re-ranking)

0.68 0.74 26.47 12

C3: full system 0.94 0.98 69.77 15

Table 3: Ablation results. TN and FR are reported
as percentages. TN(%) denotes correct absten-
tions among unanswerable queries, computed as
TN/Nunanswerable. FR(%) denotes the overall fall-
back rate, computed as (TN + FP )/N .

FAQ knowledge base. Correct abstentions (true
negatives, TN) are fallback cases labeled Unan-
swerable:

TN =

N∑
i=1

1(âi = Fallback)·1(ai = Unanswerable),

(4)
where âi is the system action (answer vs fallback)
and ai is the expert answerability label. Conversely,
incorrect abstentions (false negatives, FN) are fall-
back cases labeled Answerable:

FN =

N∑
i=1

1(âi = Fallback) · 1(ai = Answerable).

(5)
We report TN as a rate by normalizing by
Nunanswerable and FN as a rate by normalizing
Nanswerable (FNR)..

8. Results

Table 3 reports the ablation results for routing and
re-ranking. The naive baseline (C1) yields low over-
all quality (RS=0.25) and moderate precision (0.53),
with a high fallback rate (55%), indicating frequent
abstention and limited utility in this setting. Adding
intent routing (C2) substantially improves RS (0.68)
and precision (0.74) while reducing fallback to 12%,
suggesting that constraining retrieval to category-
consistent candidates reduces mismatches. The
full system (C3) achieves the best performance
(RS=0.94, precision=0.98) and markedly increases
correct abstention (TN; Section 7), indicating im-
proved alignment with knowledge base coverage
limits. Figure 3 shows the distribution of expert
labels across configurations, where the number of
irrelevant responses drops sharply from C1 to C3.

8.1. Error Analysis

To better understand the residual failures of the
full system (C3), we manually analyzed all cases
labeled Irrelevant or Acceptable by the expert an-
notator. We identify three failure types.
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Figure 3: Expert evaluation of all configurations (
C1,C2 and C3)

False abstention (14 cases, 52%). The most
frequent failure occurs when the ranker returns a
null decision despite the existence of a suitable
FAQ entry in the knowledge base. This typically
arises when the retrieved candidates are seman-
tically close but not close enough for the ranker
to commit to a match, leading to an overly conser-
vative abstention. This pattern was most preva-
lent in Darija queries, where the embedding model
produces less reliable similarity scores due to the
low-resource nature of the dialect.

Wrong answer selected (8 cases, 30%). In
these cases the ranker returns an answer but se-
lects the wrong FAQ entry even though the correct
one exists in the knowledge base. This reflects re-
trieval ambiguity within a correctly identified intent
category, where multiple candidates share surface
similarity with the query.

Incorrect answer when abstention was appro-
priate (5 cases, 19%). In these cases the ranker
returned an answer for a query that has no suitable
match in the knowledge base, when a NO MATCH
decision would have been correct. These cases
involve questions that fall outside the scope of the
knowledge base, where the ranker should have
abstained but instead returned a partially related
answer.

Overall, false abstentions account for the majority
of C3 failures, suggesting that the ranker’s conser-
vatism — while beneficial for safety — occasionally
withholds valid answers.

9. Discussion

The ablation results (Table 3) show a consistent
improvement as routing and re-ranking are added
(Figure 3). The weighted relevance score increases
from 0.25 in the naive baseline (C1) to 0.94 in the full
system (C3), and precision improves from 0.53 to
0.98. Together, these trends indicate that constrain-
ing retrieval to category-consistent candidates and

re-ranking retrieved entries substantially reduces
mismatches and misleading answers.

Beyond answer quality, the results also highlight
the role of explicit abstention for safe behavior un-
der limited knowledge base coverage. While the
full system exhibits a modest fallback rate (15%), it
achieves a substantially higher correct-abstention
rate (TN; Section 7) than the baseline. This sug-
gests that TRUMEDIQA more often withholds an-
swers in cases where the knowledge base does
not contain a suitable entry, rather than returning
low-quality matches.

Overall, the comparison across configurations
underscores the complementary value of intent
routing and post-retrieval re-ranking in multilingual,
low-resource medical QA. Routing improves can-
didate selection by narrowing the retrieval space,
while re-ranking further improves contextual align-
ment and supports more reliable abstention deci-
sions. These components jointly contribute to a
better balance between usefulness and caution,
which is critical in patient-facing medical settings.

10. Conclusion

We presented TRUMEDIQA, a reproducible mul-
tilingual medical QA pipeline for Moroccan Darija,
Arabic, French, and English, deployed on What-
sApp with text and voice interactions. In a real-
world evaluation (21 participants, 290 questions),
an ablation study showed that combining intent
routing with post-retrieval re-ranking substantially
improves response quality compared to a naive re-
trieval baseline (RS: 0.25 to 0.94; precision: 0.53
to 0.98), while supporting responsible abstention
when no suitable knowledge base entry exists.

Future work will focus on expanding coverage
while preserving safety guarantees. One direction
is to extend the curated FAQ knowledge base with
additional clinician-reviewed content derived from
medical documents, using human-in-the-loop val-
idation for extracted passages. Another direction
is to improve uncertainty handling by modeling an-
swerability more explicitly and reducing unneces-
sary abstentions, as well as enabling controlled
knowledge base updates with versioning and peri-
odic clinical review.

11. Ethics Statement

TRUMEDIQA is a patient-facing informational QA
system designed to provide general health educa-
tion within a constrained scope (adolescent repro-
ductive health). It is not intended for diagnosis,
treatment recommendation, or emergency triage.
To reduce the risk of harm, the system is designed
to abstain when knowledge base coverage is insuf-
ficient and to present standardized fallback mes-
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sages that encourage consulting qualified health
professionals when appropriate.

The evaluation involved 21 volunteers interacting
with the system via WhatsApp. All interactions were
logged for research purposes and anonymized prior
to analysis. We followed data minimization princi-
ples by restricting access to logs and avoiding the
persistent storage of raw voice messages beyond
processing. Because reproductive health topics
can be sensitive, we emphasize that any deploy-
ment of similar systems should include clear user-
facing disclosures, consent procedures, and appro-
priate safeguards for vulnerable users.

Finally, our work highlights equity considerations
in clinical NLP: low-resource languages and di-
alects (e.g., Moroccan Darija) are under-served
by current medical NLP systems, which can exac-
erbate unequal access to safe health information.
Our goal is to contribute methods and evaluation
practices that improve reliability for such settings.

12. Limitations

Our study has limitations. First, TRUMEDIQA re-
lies on a curated FAQ knowledge base; therefore,
system coverage is bounded by the scope and com-
pleteness of this resource. While abstention re-
duces unsafe outputs, unanswered questions may
limit usefulness, and the system does not guaran-
tee completeness even for in-scope topics.

Second, our evaluation is based on a single real-
world testing session (21 participants, 290 ques-
tions) and a single expert annotator. Larger-scale
studies, multiple annotators, and additional clini-
cal expert review would strengthen reliability esti-
mates and enable inter-annotator agreement analy-
sis. Performance may also vary across languages
and modalities (text vs. voice), and further stratified
analysis is needed.

Third, the system uses LLM components for rout-
ing and re-ranking, which may exhibit instability
across model versions and can introduce biases.
In addition, parts of the stack may depend on propri-
etary services (e.g., messaging platform APIs, LLM
endpoints, or TTS), which can affect reproducibility
and long-term maintainability.

Finally, we evaluate informational QA rather than
EHR-based clinical decision support. The system
should not be used to replace professional medical
care, and any real deployment would require care-
ful governance, monitoring, and periodic clinical
review of content and behavior.
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