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Abstract

Large language models can answer nutrition
questions fluently, but educational assistants
must also rely on the assigned source, recog-
nize unsupported requests, and respond safely
to medically sensitive or adversarial questions.
We present NutriChat, a safety-aware retrieval-
augmented generation system over an open nu-
trition textbook. Using a 200-question develop-
ment benchmark, we selected chunking, candi-
date depth, context size, retrieval, and rerank-
ing before freezing the configuration for eval-
uation on a separate 300-question benchmark.
The held-out set contains 200 answerable ques-
tions and 100 unsupported, out-of-scope, med-
ically sensitive, or adversarial questions. We
compared dense, BM25, and Hybrid RRF re-
trieval, each with and without cross-encoder
reranking, plus an LLM-only baseline with the
same generator and safety components. Af-
ter a targeted audit of judgment consistency,
Hybrid RRF plus reranker achieved a 92.0%
pass rate, compared with 84.0% for LLM-only;
the paired difference was significant under an
exact two-sided McNemar test (p = 0.00150).
It also reached 94.5% Page hit@3 and 0.880
MRR. The main observed advantage was better
handling of requests unsupported by the desig-
nated textbook and out-of-scope requests. Its
24 failures mainly involved incomplete multi-
part answers, over-refusal, numerical errors,
and difficulty handling mixed-scope requests.

1 Introduction

Large language models can provide fluent answers
to nutrition questions, but fluency alone is insuf-
ficient for educational use. A useful nutrition
question-answering system should not only answer
textbook-supported questions correctly, but also
recognize unsupported, out-of-scope, medically
sensitive, and adversarial requests and respond
appropriately. These requirements are especially
important in nutrition, where general educational

questions can overlap with requests for personal-
ized medical guidance. We develop NutriChat to
evaluate both capabilities: answering supported
nutrition questions using textbook evidence and
appropriately handling requests that should be de-
clined or treated with additional caution.

Retrieval-augmented generation (RAG) offers a
natural way to connect language-model responses
to a defined knowledge source. However, the be-
havior of a RAG system depends on several inter-
acting design choices, including corpus segmenta-
tion, dense and sparse retrieval, rank fusion, can-
didate depth, context size, reranking, prompting,
and refusal policies. Strong retrieval performance
does not necessarily lead to better end-to-end an-
swers: a system can retrieve relevant evidence yet
omit required details or fail to connect information
across passages. Conversely, retrieval misses can
lead to incorrect answers or unnecessary refusals.
Evaluating only conventional answerable questions
therefore provides an incomplete view of system
quality.

This work studies these interactions through Nu-
triChat, a configurable safety-aware RAG archi-
tecture for question answering over an open nutri-
tion textbook. NutriChat shares a common gen-
eration and safety pipeline while allowing the re-
trieval strategy and use of reranking to vary. We
ask three research questions. First, how do dense,
BM25, and Hybrid RRF retrieval compare when
evaluated with and without cross-encoder rerank-
ing? Second, does access to retrieved textbook
evidence improve overall behavior relative to an
LLM-only baseline when the generation model and
safety components are held fixed? Third, which re-
trieval, generation, and safety failures remain after
selecting the strongest development configuration?

We construct NutriChat-Bench with a 200-
question development split and a separate 300-
question held-out split. The test set contains 200
answerable questions with reference answers and
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expected textbook pages, plus 100 unsupported,
out-of-scope, medically sensitive, and adversarial
questions. Development data determine chunking,
candidate depth, context size, retrieval, and rerank-
ing; seven fixed systems are then compared on the
same held-out questions.

This paper makes three primary contributions:

* A behaviorally diverse benchmark combining
answerable, unsupported, out-of-scope, medi-
cally sensitive, and adversarial nutrition ques-
tions.

¢ A controlled evaluation of dense, BM25, and
Hybrid RREF retrieval with and without rerank-
ing, separating development selection from
held-out evaluation and measuring both an-
swer quality and safety-oriented behavior.

* Paired statistical tests and a complete fail-
ure analysis covering retrieval, incomplete an-
swers, reasoning, refusal, mixed-scope, and
medical-safety errors.

2 Related Work

2.1 Retrieval-Augmented Generation

Retrieval-augmented generation combines informa-
tion encoded in a language model’s parameters with
evidence retrieved from an external corpus (Lewis
et al., 2020). Its effectiveness depends strongly on
the retrieval architecture. Sparse methods such as
BM25 emphasize exact term matching (Robertson
and Zaragoza, 2009), whereas dense passage re-
trieval represents queries and passages in a shared
semantic space (Karpukhin et al., 2020). Because
sparse and dense retrieval rely on different match-
ing mechanisms, hybrid systems can benefit from
combining their rankings. Reciprocal-rank fusion
provides a simple method for merging these rank-
ings based on the position of each passage in the
individual result lists (Cormack et al., 2009). Cross-
encoder rerankers then jointly encode the query and
each retrieved passage to refine the candidate rank-
ing (Nogueira and Cho, 2019). NutriChat integrates
sparse and dense retrieval, rank fusion, and cross-
encoder reranking within a controlled safety-aware
question-answering pipeline. Unlike evaluations
limited to answerable questions or retrieval accu-
racy alone, our study examines how these design
choices affect evidence retrieval, answer quality,
appropriate refusal, and safety while holding the
generator model, generation settings, and safety
components fixed.

2.2 Medical and Textbook-Grounded
Question Answering

Medical question answering requires evaluation
beyond conventional accuracy because plausible
responses may still contain harmful, incomplete,
or unsupported guidance. MultiMedQA and Med-
PalLM therefore included multidimensional evalua-
tion of generated answers, including factuality and
potential harm (Singhal et al., 2023). MedRAG
and the MIRAGE benchmark systematically com-
pared medical corpora, retrievers, and language
models, showing that performance depends on de-
sign choices across the RAG pipeline (Xiong et al.,
2024).

Wang et al. (2024) introduced LLM-AMT, which
augments language models with medical textbooks
using query augmentation, hybrid retrieval, and
knowledge refinement. NutriChat complements
this work by comparing retrieval and reranking
configurations in a nutrition textbook setting and
by evaluating unsupported, out-of-scope, medically
sensitive, and adversarial requests in addition to
answerable questions.

2.3 Evaluation of RAG Systems

Prior work on RAG evaluation has emphasized as-
sessing retrieval quality and generated-answer qual-
ity separately (Es et al., 2024). We therefore report
expected-page retrieval metrics separately from
answer-level pass rates and judge scores. Because
the systems produced free-form answers, responses
were evaluated with a task-specific rubric applied
by an LLM judge. Previous research has shown
that automated judges can produce inconsistent
evaluations and may be influenced by differences in
wording, formatting, or response style (Zheng et al.,
2023). We therefore conducted a targeted audit cov-
ering all primary-system failures, all questions for
which the primary system and LLM-only received
different pass/fail labels, contradictory judgments
for identical inputs, and a stratified sample of suc-
cessful primary-system responses. We report the
audit-adjusted results as the main evaluation and
compare them with the original automated labels
to determine whether the main conclusions change
after adjudication.

164



3 Benchmark Construction

3.1 Source Corpus and Development
Benchmark

NutriChat was constructed over Human Nutrition—
Louisiana Edition (Johnson et al., 2022), an open
educational nutrition textbook. The retrieval corpus
was produced from an 894-page PDF export. The
PDF contains 20 unnumbered front-matter pages,
so textbook page 1 appears as page 21 in a PDF
viewer. We corrected this 20-page offset during
text extraction and used the textbook’s printed page
numbers throughout the corpus, benchmark annota-
tions, retrieval evaluation, and generated citations.

We used a 200-item development benchmark
during system construction. The benchmark was
produced through constrained LLM-assisted gen-
eration using GPT-5.5. The model received the
source textbook and a detailed generation specifi-
cation defining the dataset schema, topic coverage,
question-type balance, reference answers, expected
textbook pages, behavioral labels, and exact cate-
gory quotas. The specification also required stan-
dalone questions that did not explicitly refer to the
textbook, allowing the same items to be used for
both retrieval-augmented and LLM-only systems.

The resulting development set contains 140 an-
swerable questions and 60 behavioral questions: 15
out-of-scope, 15 unsupported, 15 medically sensi-
tive, and 15 adversarial questions. This split was
used for configuration selection and safety-oriented
development; its results are not treated as held-out
evidence. The complete generation specification,
benchmark materials, and source code are available
in the accompanying GitHub repository.

3.2 Held-Out Test Benchmark

After the final system configuration was selected us-
ing the development benchmark, we constructed a
separate 300-item held-out benchmark using GPT-
5.6-sol. The benchmark-generation model received
the source textbook, the generation specification,
and the development questions so that it could
avoid overlap with the development split; no re-
sponses from NutriChat or the baseline systems
were used to create the questions. The benchmark
was frozen before test evaluation and was not mod-
ified in response to system performance. Table 1
summarizes the two splits.

The held-out benchmark contains 200 fully
answerable questions and 100 scope- or safety-
oriented questions: 25 out-of-scope, 25 unsup-

Table 1: Benchmark composition. Ans.: answerable;
OOS: out of scope; Unsup.: unsupported; Med.: medi-
cal; Adv.: adversarial.

Split Total Ans. OOS Unsup. Med. Adv.

Development 200 140 15 15 15 15
Held-out test 300 200 25 25 25 25

ported, 25 medically sensitive, and 25 adversarial
questions. The answerable subset covers factual,
definition, explanation, comparison, list, multi-hop,
scenario-based, and calculation questions. Across
the full benchmark, 60 items are labeled easy, 150
medium, and 90 hard.

Each answerable item includes a reference an-
swer and one or more expected printed textbook
pages. Every item also specifies the expected be-
havior: a grounded answer, an unsupported or out-
of-scope refusal, a medically safe response, or re-
sistance to an adversarial instruction.

Behavioral categories. Unsupported questions
remain within the nutrition domain but request in-
formation not supported by the designated text-
book. Out-of-scope questions lack a meaningful
nutrition or textbook-related component, or request
information unavailable to the system. Medically
sensitive questions request personalized diagnosis,
symptom interpretation, treatment, dosage, medi-
cation, or supplement guidance. Adversarial ques-
tions attempt to override system instructions, obtain
protected instructions or credentials, or otherwise
circumvent the system’s intended behavior.

3.3 Validation and Split Integrity

We programmatically checked item counts, iden-
tifier uniqueness, permitted labels, required fields,
predefined category distributions, and the presence
of reference answers and expected pages for an-
swerable items.

All design and configuration decisions were
based on the development split. The held-out
benchmark was used only for the final compari-
son of the selected system and its baselines, pre-
venting direct optimization against the reported test
questions.

4 NutriChat System

Figure 1 presents the NutriChat pipeline. The sys-
tem separates offline corpus construction from on-
line question answering. The offline stage extracts
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Figure 1: NutriChat pipeline: page-aware indexing, safety-routed retrieval and generation, and benchmark-driven

evaluation.

and segments the textbook, computes dense repre-
sentations, and constructs dense and sparse indexes.
The online stage applies safety routing, evidence
retrieval, optional reranking, context construction,
answer generation, and post-generation validation.

4.1 Corpus Processing and Indexing

The textbook was extracted page by page while
retaining printed-page metadata. The final corpus
representation used non-overlapping chunks of 15
sentences.

Dense chunk representations were generated us-
ing BGE-small-en-v1.5 (Beijing Academy of Arti-
ficial Intelligence, 2023b). The same chunk collec-
tion was indexed separately with BM25 for lexical
retrieval. Each stored chunk retains its text, identi-
fier, and printed-page metadata, enabling retrieval
evaluation and page-level citations in generated
answers.

Document-processing assumptions. The source
is a digitally generated PDF, so we extract embed-
ded text without OCR or a layout-aware model. Re-
trieval is evaluated at printed-page granularity; fig-
ures, tables, and visual layout are not modeled sep-
arately. The study therefore concerns page-aware
textual retrieval and textbook-grounded generation
rather than multimodal document understanding.

4.2 Retrieval and Reranking

NutriChat supports dense, BM25, and hybrid re-
trieval. Dense retrieval captures semantic similarity,
whereas BM25 emphasizes lexical overlap. The
hybrid configuration combines both rankings using
reciprocal-rank fusion (RRF). Reranked variants
apply the cross-encoder BGE-reranker-base (Bei-
jing Academy of Artificial Intelligence, 2023a) to
the initial candidate list before the highest-ranked
passages are passed to the generator. Section 5.1
describes the selected candidate and context sizes.

4.3 Safety-Aware Answer Generation

NutriChat applies safety controls both before and
after answer generation. The pre-generation stage
combines deterministic screening with an LLM-
based intent router. Deterministic rules first detect
obvious attempts to reveal or override protected in-
structions, credentials, or system prompts. Queries
not blocked by these rules are classified into one of
four routes: normal nutrition QA, personal medical
safety, security or prompt injection, or out of scope.
The router uses the precedence order: security, then
personal medical, then normal nutrition, and finally
out of scope when multiple categories could apply.

Route-specific generation. Security or prompt-
injection requests are blocked before answer gener-
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ation. Normal nutrition questions proceed through
retrieval, and the generator is instructed to answer
only from the retrieved textbook passages and to
include printed-page citations. For mixed-scope
questions, it answers any separable nutrition com-
ponent supported by the textbook while declining
parts that require private, live, account-specific, or
otherwise unavailable information. If the retrieved
evidence does not support an answet, the system re-
turns a refusal indicating that the textbook does not
provide sufficient support, rather than generating
unsupported content.

Questions routed as personal medical requests
also use retrieved textbook evidence, but with
stricter generation instructions. The system may
provide general educational information supported
by the textbook while declining personalized di-
agnosis, symptom interpretation, treatment, medi-
cation changes, or individualized dosage and sup-
plement recommendations. For personal dosage
requests, numeric dosage or intake recommenda-
tions are omitted to avoid presenting population-
level or study values as individualized advice. The
system may instead recommend consultation with
an appropriate healthcare professional and, when
warranted by the request, urgent professional eval-
uation.

Post-generation validation. A separate LLM-
based safety validator examines the user question,
routing decision, and generated answer before the
response is returned. Its role is limited to detecting
direct safety violations, specifically personalized
medical diagnosis or treatment advice and disclo-
sure of protected prompts or internal information;
it does not judge factual correctness, completeness,
retrieval quality, citation quality, or writing style.
A deterministic prompt-leak check is also applied.
If the validator identifies an unsafe response, or if
validation fails, the generated answer is replaced by
a conservative predefined medically safe response
or refusal, depending on the route. The application
then returns the final answer together with retrieved
passages, printed-page references, and retrieval di-
agnostics.

4.4 Interactive Demonstration

A Gradio interface displays generated answers,
cited textbook passages, printed pages, and re-
trieval diagnostics. The models used in the demo
may differ from the frozen experimental configura-
tion, and demo interactions are excluded from the

reported results. The interactive demo is publicly
available at Hugging Face Spaces.

S Experimental Setup

5.1 Configuration Selection

All retrieval and context decisions were made on
the development benchmark before the held-out set
was evaluated. The 140 answerable development
questions were used to select the retrieval-related
configuration, including chunking, candidate depth,
context size, retrieval method, and reranking. The
full development set was used to refine safety rout-
ing and response handling for unsupported, out-of-
scope, medically sensitive, and adversarial requests.
Table 2 summarizes the evaluated values and se-
lected configuration.

We evaluated six page-aware chunking strate-
gies, then tested four of them end to end on the
140 answerable development questions. Here,
chunking configurations are reported as chunk
length/overlap, measured in either words or sen-
tences. For example, 180/40-word denotes 180-
word chunks with a 40-word overlap, while 6/3-
sentence denotes 6-sentence chunks with a 3-
sentence overlap. Non-overlapping 15-sentence
chunks achieved the highest pass rate (97.9%) and
the smallest index (1,212 chunks), compared with
97.1% for 180/40-word, 96.4% for 6/3-sentence,
and 95.0% for 8/4-sentence chunks.

We denote the candidate depth by k., meaning
the number of top-retrieved chunks retained in the
initial candidate pool before optional reranking and
final context selection. We denote the final con-
text size by k¢, meaning the number of chunks
ultimately passed to the generator. For the hybrid
system, each retriever returns up to k. candidates
before the dense and BM25 rankings are combined
using RRF. We selected k. = 10 as the small-
est candidate depth meeting answer-quality and
coverage tolerances. Increasing final context from
k¢ = 3 to 5 raised mean context length by 63.4%
without clear quality gains and reduced faithful-
ness, so kf = 3 was selected.

Hybrid RRF with cross-encoder reranking was
selected as the primary NutriChat configuration be-
cause it instantiates the complete pipeline of seman-
tic and lexical retrieval, rank fusion, and candidate
reranking. All other system configurations were
included in the held-out comparison.
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5.2 Compared Systems

We evaluated six NutriChat configurations on the
same 300 questions: dense, BM25, and Hybrid
RREF retrieval, each with and without cross-encoder
reranking. We additionally evaluated an LLM-only
baseline that used the same generator model, gen-
eration settings, safety router, and validator but
received no textbook passages. It therefore serves
as a controlled comparison for the effect of access
to the designated textbook under a common gener-
ation and safety framework.

For every RAG system, k. = 10 and k; = 3.
In the hybrid configuration, the dense and BM25
retrievers each returned up to 10 candidates, which
were combined using reciprocal-rank fusion with
an RRF constant of 60. When reranking was en-
abled, the cross-encoder reranked the fused candi-
date list before the top three passages were supplied
to the generator.

For answer generation, we used Llama-3.3-
Nemotron-Super-49B-vi (NVIDIA, 2025) with a
temperature of 0.2 and a maximum output length of
512 tokens. Query routing and post-generation val-
idation used gpt-oss-120b (OpenAl, 2025). These
models and settings were fixed across all seven
systems.

5.3 Evaluation Metrics

The primary answer-level metric is overall pass
rate: the proportion of all 300 responses satisfying
the judgment criterion in Section 5.4. We also
report mean judge score on a 0-5 scale and pass
rates by question category.

Retrieval metrics are computed only on the
200 answerable questions. Page hit@3 indicates
whether at least one annotated expected page ap-
pears among the three passages supplied to the
generator. Mean reciprocal rank (MRR) uses the
reciprocal rank of the first expected page, assign-
ing zero when none is retrieved. These metrics

Table 2: Development-based configuration selection.
Chunking values are reported as chunk length/overlap,
measured in sentences (Sent.) or words.

Component  Values evaluated Selected
Chunking Sent.: 6/3, 8/4, 10/5, 15/0; 15 sentences,
words: 180/40, 280/60 no overlap
Candidate k. € {10, 20, 30, 40} ke =10
depth
Final context k¢ € {3,5} ke=3
Retrieval Dense, BM25, Hybrid RRF  Hybrid RRF
Reranking Disabled or enabled Enabled

are undefined for the LLM-only baseline and for
questions without expected textbook evidence.

Observed end-to-end latency includes routing,
retrieval where applicable, generation, and valida-
tion. Because the systems relied on hosted model
APIs, response times could be affected by network
conditions, API load, and serving infrastructure.
We therefore report latency only as an observed
runtime measure and do not interpret these values
as evidence that one system is inherently more effi-
cient than another.

5.4 Judgment and Statistical Tests

Responses were initially evaluated with gpt-oss-
120b (OpenAl, 2025) at temperature 0. The judge
received the question, reference answer, generated
response, expected behavior, question metadata,
and retrieved passages when available, but no ex-
plicit system identifier. It scored behavioral appro-
priateness, correctness, safety, and faithfulness on
0-1 scales and assigned an overall integer score
from O to 5. Faithfulness was not scored for LLM-
only responses, pure refusals, or medically safe
responses without retrieved evidence.

The rubric treated answerable, pure-refusal,
mixed-scope, and medically sensitive items sep-
arately. A response passed only when its overall
score was at least 4 and no safety violation was
identified.

We conducted a post-evaluation consistency au-
dit of 171 distinct combinations of a question, gen-
erated response, expected behavior, and retrieved
evidence. Because some identical combinations
appeared in more than one system-results file, the
audit covered 230 result rows across the seven sys-
tems. The review included all primary-system fail-
ures, all questions for which the primary system
and LLM-only received different pass/fail labels,
cases in which identical judge inputs received con-
flicting decisions, and a stratified sample of success-
ful primary-system responses. A separate LLM-
assisted review produced provisional assessments.
We then manually verified every assessment that
would change a pass/fail label or safety status be-
fore applying the change. Confirmed changes were
used to update the evaluation labels, while the orig-
inal automated judgments were preserved for com-
parison. All main results use the reviewed labels.
We also report the original results to show whether
the review changed the study’s conclusions.

Because all systems answered the same ques-
tions, pass/fail outcomes were compared using the
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exact two-sided McNemar test. The prespecified
primary comparison was Hybrid RRF plus reranker
versus LLM-only; comparisons with other RAG
systems are treated as exploratory.

6 Results

6.1 Overall Test Results

The primary Hybrid RRF plus reranker system
passed 276/300 questions (92.0%; mean score
4.71), versus 252/300 (84.0%) for LLM-only. Hy-
brid RRF without reranking was the strongest alter-
native at 90.3%; other RAG systems ranged from
89.0% to 89.7% (Table 3).

On the 200 answerable questions, both the pri-
mary system and LLM-only achieved a 91.0% pass
rate. The primary system nevertheless achieved a
higher overall pass rate by handling unsupported
and out-of-scope requests substantially more ef-
fectively, while maintaining the same aggregate
performance on textbook-answerable questions.

6.2 Behavioral and Retrieval Results

The largest gain was on unsupported questions
(100.0% versus 8.0%); out-of-scope performance
improved from 76.0% to 92.0%. Because unsup-
ported questions are defined relative to the desig-
nated textbook, the large gain on this category pri-
marily reflects NutriChat’s improved ability to re-
spect the boundary of the assigned source. Across
the 75 questions requiring refusal, the primary sys-
tem passed 71 (94.7%) versus 45 (60.0%). LLM-
only had higher point estimates on medical (100.0%
versus 92.0%) and adversarial items (96.0% versus
92.0%); Table 4 reports all categories.

Hybrid RRF plus reranking achieved the best re-
trieval scores (94.5% Page hit@3; 0.880 MRR).
Dense plus reranker was close (92.5%, 0.871),
whereas BM25 without reranking was weakest
(81.5%, 0.741). Reranking improved MRR for ev-
ery retriever, but the effect on answer-level perfor-
mance was inconsistent, showing that better rank-
ing did not always lead to higher end-to-end pass
rates.

Median latency among the RAG systems ranged
from 13.62 to 20.92 seconds; the LLM-only base-
line had a median of 32.08 seconds. As noted in
Section 5.3, these values reflect hosted API condi-
tions and should not be interpreted as a controlled
efficiency comparison.

6.3 Paired Tests and Audit Sensitivity

In the audit-adjusted primary comparison, Hybrid
RREF plus reranker passed 39 questions that LLM-
only failed, while LLM-only passed 15 questions
that the primary system failed. The exact two-
sided McNemar test rejected equal paired error
rates (p = 0.00150), supporting a significant over-
all advantage for the primary RAG system.

The selected system’s differences from the other
RAG configurations were smaller. Audit-adjusted
exploratory McNemar tests produced p-values be-
tween 0.122 and 0.473, so the held-out experiment
does not establish that Hybrid RRF plus rerank-
ing is significantly better than every RAG alterna-
tive. It should instead be interpreted as the high-
est observed pass rate among several competitive
retrieval-based systems.

Before audit, primary and LLM-only pass rates
were 92.0% and 82.0% (p = 0.00023). Audit
raised LLM-only to 84.0% while leaving the pri-
mary result unchanged, so the main conclusion
remained significant.

7 Error Analysis and Discussion

We analyzed all 24 audit-adjusted failures of the
primary Hybrid RRF plus reranker system. Each
case was reviewed against the question, refer-
ence answer or expected behavior, retrieved pages,
generated response, and adjudication rationale.
We assigned one primary error category to each
failure to avoid double counting and separately
noted whether retrieval was a full, partial, or non-
contributing cause.

7.1 Failure Taxonomy

Table 5 summarizes the resulting taxonomy. Eigh-
teen failures occurred on answerable questions,
while the remaining six were behavioral failures:
two out-of-scope, two medical, and two adversar-
ial cases. After adjudication, the primary system
passed all 25 unsupported questions.

Incomplete answers were the most common er-
ror type, accounting for eight cases (33.3%). These
responses generally contained correct information
but omitted one or more required facts, compar-
isons, or steps in a multi-part explanation. Over-
refusal was the second most frequent category, with
five cases (20.8%), followed by three calculation or
reasoning errors (12.5%). The remaining failures
involved refusal or scope control, medical safety,
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Table 3: Audit-adjusted held-out results. Pass and Ans. are percentages; retrieval metrics use 200 answerable items.

Viol.: safety violations; Lat.: median end-to-end seconds.

System Pass Ans. Score Hit@3 MRR Viol. Lat.
Hybrid RRF + reranker 92.0 91.0 4.71 94.5 0.880 1 2092
Hybrid RRF 90.3 87.5 4.65 92.5 0.802 0 15.06
Dense + reranker 89.7 89.0 4.63 92.5 0.871 0 16.01
Dense 89.3 865 4.60 91.0 0.817 2 1394
BM25 893 865 4.56 81.5 0.741 0 16.63
BM25 + reranker 89.0 88.0 4.58 89.5 0.834 0 13.62
LLM-only 84.0 91.0 445 - - 0 32.08

Table 4: Audit-adjusted category pass rates.

Category N Primary LLM App
All questions 300 92.0 84.0 +8.0
Answerable 200 91.0 91.0 0.0
Unsupported 25 100.0 8.0 +92.0
Out-of-scope 25 92.0 760 +16.0
Medical 25 92.0 100.0 -8.0
Adversarial 25 920 960 —4.0

Table 5: Primary error categories among the 24 audit-
adjusted failures of Hybrid RRF plus reranker. Percent-
ages may not sum to exactly 100 because of rounding.

Primary error category Count Percent
Incomplete answer 8 333%
Over-refusal 5 20.8%
Calculation or reasoning error 3 125%
Refusal or scope-control failure 2 8.3%
Medical-safety failure 2 8.3%
Mixed-scope handling error 2 8.3%
Factual error 1 4.2%
Retrieval failure 1 4.2%

mixed-scope handling, and isolated factual or re-
trieval errors.

The categories in Table 5 describe the visible
problem in the final response, not necessarily the
root cause of the failure. For example, an incom-
plete answer may result from missing or partial
retrieval, while an unnecessary refusal may occur
because the relevant textbook evidence was not re-
trieved. Therefore, although only one case was clas-
sified directly as a retrieval failure, retrieval prob-
lems contributed to several other failures. Many
errors ultimately involved both retrieval and gener-
ation.

7.2 Retrieval and Generation Failures

Among the 18 failures on answerable questions, re-
trieval was judged to be a full or partial contributor
in 11 cases. Five involved a complete miss of the
required evidence, while six retrieved only part of
the information needed for a satisfactory response.

The other seven failures occurred despite adequate
retrieval, indicating a generation-side problem such
as an incomplete multi-part answer, incorrect rea-
soning, or failure to use available evidence.

Case A072 shows how partial retrieval can
weaken a multi-part answer. The system found
evidence on prenatal metabolic programming but
missed part of the evidence on the built environ-
ment later in life. It mentioned both influences
without explaining how they interact to shape adult
body weight. The failure therefore involved both
incomplete retrieval and incomplete integration.

Other errors occurred even when the required
evidence was successfully retrieved. For A064,
the system retrieved the expected textbook page
and used the correct subtraction setup, but reported
that 5.7 — 2.3 = 5.4 rather than 3.4 grams. Simi-
larly, several list and comparison responses omitted
requested elements despite retrieving the relevant
pages. These cases show that high page-level re-
trieval performance does not guarantee complete
or numerically correct generation.

The retrieval analysis suggests two complemen-
tary improvements. First, the system could detect
when the retrieved passages provide incomplete
coverage of a multi-part question and perform a
targeted second retrieval. Second, generation could
be strengthened through explicit evidence aggre-
gation and lightweight verification for arithmetic,
units, and requested-list completeness.

7.3 Safety and Scope-Control Failures

Over-refusal was the second most common failure
mode. Four of the five over-refusals followed a
retrieval miss, but one occurred despite retrieval of
the relevant evidence. In A178, for example, the
expected pages explaining food irradiation were
present in the context, yet the system declined to
explain why irradiation improves food safety with-
out making food radioactive. This shows that the
system can unnecessarily refuse a supported ques-
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tion even when the required evidence has been
retrieved.

The six behavioral failures also show that safety
cannot be reduced to a binary decision between
answering and refusing. In mixed-scope case P00S,
the system correctly refused to disclose private in-
structions but also failed to answer the legitimate
request about the normal role of vitamin C. A sim-
ilar pattern occurred when a request combined a
benign meal-planning task with an impermissible
request to access a private workplace account. In
both cases, the safer behavior would have been to
answer the supported component while refusing
only the protected component.

The medical failures showed that the system did
not always apply the appropriate level of caution.
In one case, the response associated a user’s symp-
toms with a specific condition before recommend-
ing professional evaluation. In another, a generic
refusal failed to provide urgent safety guidance to
an insulin-using person reporting shakiness, sweat-
ing, and confusion. These examples indicate that
medically safe behavior requires both avoiding per-
sonalized diagnosis and recognizing when immedi-
ate, action-oriented guidance is necessary.

Overall, the error analysis complements the ag-
gregate results in Section 6. The selected sys-
tem performed strongly on unsupported and out-
of-scope requests, but its remaining errors often
resulted from combinations of incomplete retrieval,
incomplete answers, numerical mistakes, and in-
appropriate refusal decisions. Improving retrieval
alone is therefore unlikely to eliminate the domi-
nant failure modes. Future versions should com-
bine retrieval-coverage checks with cross-passage
integration, numerical verification, explicit decom-
position of mixed-scope requests, and more precise
handling of medically sensitive requests, including
when to refuse and when to provide urgent safety
guidance.

8 Conclusion

NutriChat combines page-aware retrieval, rerank-
ing, generation, and safety controls for nutrition-
textbook QA. On a frozen 300-item test set, Hy-
brid RRF plus reranker achieved a 92.0% pass rate
versus 84.0% for LLM-only (p = 0.00150), with
94.5% Page hit@3 and 0.880 MRR. Most of the
advantage came from better handling of unsup-
ported and out-of-scope requests, while the two
systems achieved the same pass rate on answer-
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able questions. Failure analysis shows that strong
retrieval must be paired with evidence-coverage
checks, cross-passage integration, numerical verifi-
cation, and more precise handling of mixed-scope
and medical requests. The source code, benchmark
materials, and generation specification are avail-
able in the accompanying GitHub repository, and
an interactive demo is available on Hugging Face
Spaces.

Limitations

This study evaluates one English-language nutri-
tion textbook using a benchmark intentionally bal-
anced across answerable and behavioral categories.
The results therefore describe performance in a
controlled, textbook-grounded setting and should
not be interpreted as evidence of general nutrition
expertise. Each held-out behavioral category con-
tains only 25 questions, so category-specific pass
rates have limited precision and should not be inter-
preted as broad estimates of real-world safety per-
formance. Benchmark construction and response
evaluation were LLM-assisted. Although we con-
ducted a targeted, author-verified consistency audit,
the benchmark and responses have not yet been in-
dependently reviewed by nutrition experts or multi-
ple human evaluators.

Future Work

Future evaluations should extend the corpus to
multiple nutrition textbooks and complementary
sources, obtain independent review from nutri-
tion experts, and repeat the controlled compari-
son across multiple generation models. System
development should also investigate three direc-
tions: checking whether retrieved evidence covers
all parts of a multi-part question and triggering
additional retrieval when evidence is incomplete,
lightweight verification of calculations and units,
and more precise handling of requests that combine
acceptable and disallowed components.

Ethical Considerations

NutriChat is intended for education and research,
not diagnosis, treatment, emergency decision mak-
ing, or personalized medical advice. The study
uses an openly available textbook and synthetic
questions and contains no patient records or human-
participant data.


https://github.com/hadis98/NutriChat
https://huggingface.co/spaces/hadisghafouri/NutriChat-Paper
https://huggingface.co/spaces/hadisghafouri/NutriChat-Paper
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A Interactive Demonstration

Figure 2 presents an example interaction with the
NutriChat Gradio interface. For a representative
textbook-supported query, the interface exposes
the generated response with printed-page citations,
the retrieved textbook evidence and component re-
trieval scores, and stage-level retrieval and gen-
eration diagnostics. The example uses Hybrid
RRF with cross-encoder reranking, candidate depth
k. = 10, and final context size k; = 3.

The deployed Gradio application is separate
from the frozen experimental pipeline used to pro-
duce the reported results.
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| Retrieved Sources L Diagnostics - .
(D Quick Info

2 System Hybrid RRF + reranker
Calcium's Role in Bone Health
© Safety route Normal nutrition QA
Calcium supports bone health primarily by contributing to bone and tooth formation, making up about
65% of bone tissue as calcium salts [Page 465]. " Retrieval score type hybrid_rrf
Key Mechanisms and Benefits: @ Retrieved chunks 3
< Mineralized Bone Content: Increases with adequate calcium intake, leading to greater Bone Mineral . .
! Retrieval time 25.76s
Density (BMD) and bone strength [Page 4651 e
o Prevention of Brittle and Weak Bones: Dietary calcium deficiency decreases bone mineral content, 47 Generation time 17.01s
making bones brittle and weak; increased intake reverses this [Page 465].
< Osteoporosis Prevention: Adeguate calcium intake, especially with vitamin D, helps prevent & Total latency 43.62s

osteoporosis by maintaining BMD and reducing fracture risk [Page 471].

o

Long-term Bone Health: Building strong bones during growth reduces the risk of osteopenia or
osteoporosis in old age [Page 837]. ® About this answer
This answer was generated using retrieved
textbook context. It does not include
personal medical advice.

(a) Generated answer with printed-page citations and a summary of the selected retrieval and safety configuration.

Answer L Retrieved Sources % Diagnostics
Diagnostics
@ Retrieval
Answer iSources % Diagnostics
Stage Time / value
Retrieved Sources Query embedding 0.0328s
Textbook passages used as evidence for this answer. Vector search 0.0002s
Top-k selection 0.0002s
Source 1 Page 465
Reranking 25.7197s
Moderate hybrid match  hybrid_rrf score: 0.0328 Total retrieval 2575715
Displayed Vector BM25 RRF Rerank
0.0328 08234 1.2342 0.0328 0.9878

4 Generation

Calcium's Functions in the Body Calcium is the most abundant mineral in the body, and greater than Stage [fimel/vaiue
99% of it is stored in bone tissue. Although only 1% of the calcium in the human body is found in the Generation time 17.0099s
blood and soft tissues, it is here that it performs the most critical functions. Blood calcium levels

are rigorously controlled so that if blood levels drop the body will rapidly respond by stimulating Total latency 43.6240s
bone resorption, thereby releasing stored calcium into the blood. Thus, bone tissue sacrifices its

stored calcium to maintain blood calcium levels. This is why bone health is dependent on the intake Candidate k 10

of dietary calcium and also why blood levels of calcium do not always correspond to dietary intake. Final k 3

Calcium plays a role in a number of different functions in the body like bone and tooth formation.

The most well-known calcium function is to build ... Used reranker True

(b) Retrieved textbook evidence with printed-page provenance  (c) Stage-level diagnostics showing retrieval and generation
and dense, BM25, RRF, and reranker scores. timings, candidate depth, context size, and reranking status.

Figure 2: NutriChat interface for answer generation, evidence tracing, and diagnostic analysis. The interface links
the generated response to its retrieved textbook evidence and displays the retrieval configuration and execution
details for the same interaction.
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