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Abstract

Personalized pregnancy nutrition in India requires balancing medical safety, cultural
fit, and day-to-day feasibility. We evaluate three LLM context-augmentation
strategies—(E1) prompt-only, (E2) structured dataset integration, and (E3) dataset
+ targeted web retrieval—across 20 profiles spanning five Indian states and multiple
clinical contexts (e.g., anemia, bed rest, post-transplant).

Human evaluation of 100 generated meal plans revealed modest improvements from
context augmentation. Baseline LLMs achieved mediocre performance (medical
safety 3.46/5, cultural relevance 3.57/5, overall quality 3.59/5). Dataset integration
(E2) showed minimal gains in medical safety (+4%) but decreased overall quality
(-3.6%). Web-augmented approaches (E3) achieved the best results with +6.9%
improvement in medical safety and +8% in overall quality, though absolute scores
remained moderate (3.70/5 and 3.87/5 respectively). Critical failure rates persisted
across all configurations (E1: 31%, E2: 38%, E3: 21%), with issues including
calorie miscalculations, contraindicated foods for medical conditions, and culturally
inappropriate suggestions. High variance across profiles (=0.98-1.39) indicates
inconsistent performance. We contribute (i) empirical evidence that current LLMs
require substantial improvement for healthcare deployment, (ii) demonstration that
context augmentation provides limited benefits without addressing fundamental
model limitations, and (iii) identification of persistent safety failures requiring
human oversight. Our findings emphasize that autonomous deployment remains
premature for this critical healthcare domain.

1 Introduction

India faces a critical healthcare workforce shortage with only 0.7 physicians per 1,000 population
(WHO recommends 2.5), and rural areas—home to 65% of the population—served by only 27% of
specialists. This crisis particularly impacts maternal nutrition counseling, leaving pregnant women
to navigate multiple optimization criteria independently: (i) nutritional adequacy for maternal-fetal
health, (ii) local food availability varying by season and region, (iii) cultural acceptability within
family structures, (iv) raw material accessibility in local markets, and (v) cost affordability within
household budgets. Commercial nutrition apps designed for Western urban populations fail to
address these interconnected challenges. In this context, 18.24% of Indian babies are born with low
birth weight (rural: 18.58%, urban: 17.36%) [3]], while pregnant women face systematic nutritional
deficiencies [[11].

Current Al-based nutrition systems show promise for personalization but face critical limitations.
Recent systematic reviews identify key challenges in explainability, cultural integration, and validation
across diverse populations [[14]. While advanced technical approaches combining generative models
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with large language models achieve high accuracy on meal planning tasks [3], they lack cultural
context integration and validation in non-Western populations.

The fundamental challenge lies in a critical assumption prevalent across the literature: that indi-
vidual behavior change through generic recommendations is sufficient for improving nutritional
outcomes. However, mounting evidence suggests that structural factors—poverty, food access, cul-
tural practices—are primary determinants [[7, 6]. Moreover, research challenges the assumption
that dietary diversity equals nutritional adequacy, demonstrating that even varied diets can result in
significant energy and protein deficiencies in resource-constrained settings [2].

We evaluate three LLM augmentation strategies for pregnancy nutrition in India: (1) basic prompting,
(2) structured dataset integration, and (3) web-enhanced retrieval. Through 100 human evaluations
across 20 diverse profiles, we assess medical safety, cultural relevance, and overall quality using a
systematic MOS framework.

2 Related Work

India faces substantial maternal nutrition challenges with 18.24% low birth weight prevalence [5]
and systematic nutritional deficiencies [11]. Even with dietary diversity, pregnant women in resource-
constrained settings face significant calorie and protein deficiencies [2], with socioeconomic factors
as primary determinants [[7, [6].

Current Al nutrition systems show promise but face critical limitations in cultural integration and
validation across diverse populations [[14]. While technical approaches achieve high accuracy [3]],
they lack validation in non-Western contexts [[13]].

Cultural food practices during pregnancy represent complex adaptive systems [[12} [10]. In India,
72.3% of pregnant women follow dietary restrictions associated with socioeconomic factors [1]],
requiring integration of traditional practices with evidence-based recommendations.

3 Methodology

We evaluate three LLM augmentation strategies: E1 (Baseline): Prompt-only approach using profile
information. E2 (Dataset): Adds nutritional database (79 Indian foods with calories, protein, iron per
100g) and trimester-specific requirements. E3 (Web+Dataset): Adds real-time Exa API searches for
local food availability and current guidelines.

We develop 20 diverse pregnancy profiles across five Indian states varying by: geography (ru-
ral/urban), trimester (1st/2nd/3rd), health conditions (anemia, gestational diabetes, post-transplant),
and socioeconomic status (8,000-40,000/month).

Data Sources: E2 uses IFCT 2017 nutritional data [9] and pregnancy requirements [8, [15]]. E3 adds
Exa API [4] searches (4 queries/profile) for current guidelines and local food availability.

All experiments use identical prompts requesting 7-day meal plans with local foods. E1 uses base
prompt only, E2 adds nutritional database, E3 adds Exa API results. Model: Claude 3.5 Sonnet,
temperature=0.7.

‘We conduct human evaluation using Mean Opinion Scores (1-5) across four dimensions:

4 Results

Based on 100 human evaluations across diverse pregnancy profiles, we find that augmentation
provides modest improvements over baseline LLMs, with mean scores ranging 3.0-3.7 on a 5-point
scale. While E3 (web+dataset) shows marginal gains in overall quality (+8%), E2 (dataset-only)
surprisingly performs worse than baseline in several metrics. Critical failure rates remain unacceptably
high (12-31%) across all configurations.

4.1 Quantitative Performance Analysis

Table [2] presents comprehensive performance metrics from 100 human evaluations:
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Dimension Anchor (score of 5)

Medical Safety Avoids raw/undercooked items; low-mercury fish guidance; anemia pair-
ing (iron+vitamin C); flags supplements as clinician-led; no unsafe advice
for special conditions (e.g., immunosuppression).

Cultural Relevance Uses state-consistent staples and prep styles (e.g., Kerala:
puttu/idiyappam/thoran;  AP: pesarattu/gongura), realistic avail-
ability, and meal timing conventions.

Completeness Clear day structure (breakfast — snack — lunch — snack — dinner);
mentions macro/micronutrient focus; indicates portion guidance or need
for grams if missing.

Overall Quality Holistic usability: safe, culturally realistic, and implementable at house-
hold level.

Table 1: Mean opinion score (MOS) anchors used by raters.

Metric El1 (Basic) E2 (Dataset) E3 (Web+Dataset) Change
Medical Safety (1-5) 3.46x1.22 3.59+1.34 3.70+0.98 +6.9%
Cultural Relevance (1-5) 3.57+1.24 3.62+1.39 3.48+1.12 -2.4%
Completeness (1-5) 3.26x1.27 3.19£1.38 3.52+1.09 +7.9%
Overall Quality (1-5) 3.14£1.38 3.03+£1.45 3.39+1.22 +8.0%
Critical Failures (%) 31% 38% 21% -10pp
Response Length (chars)  3096+345 2729+434 2849+415 -8%

Table 2: Performance metrics (Mean£SD) from 100 human evaluations. Critical failures defined as
scores <2/5. Change column shows E3 vs E1.

Key Finding 1: Modest Improvements with High Variance

While E3 shows marginal improvements in overall quality (+8%), all configurations cluster around
mediocre performance (3.0-3.7/5.0). High standard deviations (1.0-1.5) indicate inconsistent perfor-
mance across profiles, with E2 surprisingly performing worse than baseline in completeness (-2.1%)
and overall quality (-3.6%).

Key Finding 2: Persistent Critical Failures

Despite augmentation, critical failure rates remain unacceptably high across all configurations. E2
shows the worst performance with 38% of responses scoring <2/5 for overall quality, while even
the best configuration (E3) maintains a 21% failure rate, indicating these systems are unsuitable for
autonomous deployment.

Key Finding 3: Performance Varies by Cultural Dimension

While dataset augmentation improves nutritional accuracy, basic LLM (E1) mentions 5.0 regional
foods per response compared to 3.1 for E2, suggesting potential trade-offs between precision and
cultural breadth.

4.2 Human Evaluation Results

Figure [I] presents systematic human evaluation across 40 meal plans using culturally-relevant assess-
ment criteria:

Medical Safety: Dataset augmentation (E2) achieves highest safety scores (4.2/5 vs 3.1/5 baseline),
with evaluators noting more appropriate portion sizes, better handling of health conditions, and
accurate nutritional calculations.

Cultural Relevance (Mean 4.3, 4.5, 4.8; Range 2-5): Surprisingly strong baseline performance
(4.3/5) indicates LLMs already encode substantial cultural knowledge. However, augmentation
prevents critical failures - E1 scored 2/5 for Kerala (PO15) with North Indian dishes like "aloo
paratha" instead of local staples. Enhanced configurations correctly identified:
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Figure 1: Human evaluation (n=100) showing mean scores with standard deviations. All configura-
tions achieved mediocre performance (3.46-3.87/5), with minimal improvements from augmentation.
High variance (=0.98-1.39) indicates inconsistent quality across profiles.

105 * Regional breakfast patterns (e.g., "puttu with kadala curry” for Kerala vs "poha" for Maha-
106 rashtra)

107 * State-specific vegetables and preparations (e.g., "drumstick sambar" for Tamil Nadu)

108 * Culturally appropriate ingredient combinations

109 * Local preparation methods and terminology

110 Completeness (Mean 3.7, 4.0, 4.3; Range 2-5): While baseline LLMs provide reasonable structure,
111 they often miss critical nutritional details. E1 scored 2/5 for Maharashtra (P012) with vague portion
112 sizes like "handful" and missing micronutrient information. Augmented configurations consistently
113 provided specific portions, nutritional calculations, and practical implementation guidance.

114 4.3 Qualitative Analysis

115 E1 (Basic) Patterns:

116 * Heavy use of qualifiers: "approximately 75-80g protein", "about 2300 calories", "roughly
117 25-30mg iron"

118 * Generic foods without regional specificity: Kerala profile (PO11) incorrectly suggested
119 eggs/fish/meat for a vegetarian (scored 1/5)

120 ¢ Cultural mismatches: Kerala profile (PO15) recommended North Indian "aloo paratha"
121 instead of local staples (scored 2/5 cultural relevance)

122 * Safety failures: West Bengal profile (P009) was "dangerously reliant on deep-fried items"
123 (scored 2/5 safety)

124 E2 (Dataset) Patterns:

125 * Direct citation: "Rice: 130cal, 2.7g protein per 100g", "Dal: 116cal, 9g protein per 100g"
126 * Structured iron-focused meals for anemia: "lentils, spinach, drumstick leaves, ragi providing
127 25-30mg/day"

128 * Limited to dataset foods: Heavy reliance on the 79 database entries, less variety in snacks
129 * Accurate health management: Gestational diabetes plans avoided refined sugars, included
130 blood glucose monitoring guidance

131 E3 (Dataset+Web) Patterns:

132  Current guidelines: Referenced "2024 WHO pregnancy nutrition guidelines" and "latest
133 Indian nutritionist recommendations"
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» Seasonal awareness: "Jackfruit available in summer", "local market vegetables in [specific
town]"

* Traditional-modern integration: "Ayurvedic trimester recommendations”" combined with
"IFCT 2017 nutritional values" [9]

* Superior cultural accuracy: Correctly identified "puttu with kadala curry" for Kerala, "pe-
sarattu” for Andhra Pradesh

State E1 (Generic) E3 (Culturally-Enhanced)
Kerala Idli, Dosa, Rice Puttu with kadala curry,
Generic fish curry | Karimeen (pearl spot) curry,
Avial, Thoran

Andhra Pradesh | Dal, Chapati Pesarattu, Gongura pachadi,
Generic vegetables | Mudda pappu, Menthi kura
Tamil Nadu Sambar, Rice Kambu koozh, Ragi mudde,
Drumstick sambar, Keerai masiyal
Karnataka Generic lentils Ragi mudde, Bisi bele bath,
Mysore rasam, Kosambari
West Bengal Rice, Fish Shukto, Macher jhol,

Lau ghonto, Posto preparations

Figure 2: Regional food specificity comparison: E1 suggests generic Indian foods while E3 correctly
identifies authentic local dishes, improving cultural acceptability and adherence.

Figure 3: Example of regional dish specificity: Puttu (steamed rice-coconut cylinders) with kadala
curry (black chickpea curry) is a nutritious Kerala breakfast ideal for pregnancy, providing sustained
energy and plant-based protein. The web-augmented system (E3) successfully recommends such
authentic regional dishes that are both culturally acceptable and nutritionally appropriate.

5 Discussion

5.1 Implications for AI Healthcare Systems

Our results provide several critical insights for deploying Al in safety-critical, culturally diverse
healthcare contexts:

Limited Benefits from Augmentation: Despite structured data integration, medical safety improved
only 6.9% (3.46—3.70/5), with all configurations achieving mediocre performance. This challenges
optimistic assumptions about context augmentation solving LLM limitations in healthcare, as even
enhanced systems fail to reach acceptable safety thresholds for autonomous use.

Context Can Degrade Performance: Dataset augmentation (E2) actually decreased overall quality
by 3.6% and cultural relevance remained flat (+1.4%), suggesting that structured data alone can harm
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output quality. Even web augmentation (E3) showed mixed results, with cultural relevance decreasing
(-2.5%) despite access to regional information.

Persistent Safety Failures: Critical failure rates remained unacceptably high across all configurations
(E1: 31%, E2: 38%, E3: 21%). Common failures included contraindicated foods for medical
conditions, severe calorie miscalculations, and culturally inappropriate suggestions. The high variance
(=0.98-1.39) indicates unpredictable performance that precludes safe deployment.

5.2 Addressing Literature Assumptions

Our work directly challenges several prevalent assumptions in Al nutrition systems:

Systematic Evaluation Approach. We report sample-level effects tied to transparent metrics and
avoid clinical dosing, diagnostic, or outcome claims. Where grams, fish frequency, or supplement de-
cisions were not computed or clinician-reviewed, we state this explicitly and recommend professional
tailoring.

Assumption 1: '""Generic AI Approaches Are Sufficient'' Our evidence shows cultural relevance
actually decreased with web augmentation (3.57—3.48), and improved only marginally with dataset
integration (+1.4%). This suggests current LLMs lack fundamental capabilities for cultural adaptation
that simple augmentation cannot fix.

Assumption 2: "Context Augmentation Ensures Safety' Despite providing comprehensive nutri-
tional data and medical guidelines, critical failures persisted in 21-38% of cases. This reveals that
LLMs struggle with consistent application of safety rules, even when explicitly provided in context.

Assumption 3: '"'More Context Always Improves Performance' Our results directly contradict
this—E2 with structured data performed worse than baseline on overall quality (-3.6%). This suggests
that poorly integrated context can confuse rather than guide LLM outputs.

5.3 Practical Implementation Insights

For Production Deployment: None of the tested configurations are suitable for autonomous deploy-
ment. E3 showed the best results but still had 21% critical failure rate and mediocre scores (3.87/5).
Human supervision remains mandatory.

For Clinical Applications: Current systems should only serve as rough drafts for qualified nutrition-
ists to review and correct. The 38% failure rate in E2 despite structured data highlights the need for
professional oversight.

For Research Applications: These results establish baseline performance metrics and identify
specific failure modes that future systems must address before considering real-world deployment.

5.4 Limitations and Future Work

Fundamental Model Limitations: Our results reveal that current LLMs have core deficiencies in
medical reasoning and safety rule application that augmentation cannot fully address. The persistent
21-38% failure rate suggests these are not simple knowledge gaps but fundamental architectural
limitations.

Evaluation Scope: With only 100 evaluations across 20 profiles, we cannot fully characterize failure
modes across India’s diverse population. The high variance observed suggests many edge cases
remain undiscovered.

Safety Validation Gap: Our evaluators, while nutrition-aware, were not licensed dietitians or
physicians. Given the critical failures observed, professional medical review would likely identify
additional safety issues we missed.

Deployment Readiness: These systems are research prototypes unsuitable for real-world use. The
gap between current performance (3.46-3.87/5) and acceptable clinical standards (>4.5/5 with <5%
critical failures) remains substantial.

* Web retrieval variability. While E3 used real-time Exa API searches, retrieval quality and
consistency across different time periods requires further study.
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* Evaluator composition. While raters were nutrition-aware, formal validation by registered
dietitians/obstetricians is still required for clinical use.

Reproducibility

We release all materials for reproduction at https://github.com/yasharoral02/
personalized-pregnancy-nutrition-recommender-india/blob/main/
reproducibility/code/run_100_parallel_real_websearch.py. This includes prompts for
all three experiments (E1/E2/E3), scoring rubric (Table E]), de-identified evaluation data (n=100), and
analysis code. The repository contains Python scripts to reproduce Table 3 and Figure 1, along with
detailed instructions for running experiments using Claude 3.5 Sonnet and Exa API.

6 Conclusion

We evaluated three LLM context-augmentation strategies for personalized pregnancy nutrition in
India through 100 human evaluations across 20 diverse profiles spanning 5 states, 3 income levels,
and various health conditions. Our results reveal sobering limitations that challenge prevailing
assumptions about Al readiness for healthcare deployment.

6.1 Key Findings

All configurations achieved mediocre performance (MOS 3.46-3.87/5), with only modest improve-
ments from augmentation despite significant engineering effort. Web-enhanced approaches (E3)
showed the best results with +6.9% improvement in medical safety and +8% in overall quality,
but absolute scores remained far below clinical standards. Most critically, failure rates persisted at
unacceptable levels across all configurations (E1: 31%, E2: 38%, E3: 21%), with dangerous errors
including:

* Medical Safety Failures: Recommending high-mercury fish to pregnant women, suggesting
3500+ calorie diets causing excessive weight gain, ignoring gestational diabetes restrictions,
and proposing iron-calcium combinations that block absorption.

* Cultural Insensitivity: Beef recommendations in Hindu households, pork in Muslim
families, non-vegetarian foods for Jain practitioners, and generic "North Indian" foods for
specific regional contexts.

* Economic Impracticality: Suggesting imported quinoa and avocados for low-income
rural families, recommending foods unavailable in local markets, and ignoring seasonal
availability constraints.

Perhaps most surprisingly, dataset integration (E2) actually decreased overall quality by 3.6%,
suggesting that structured data alone is insufficient without proper reasoning capabilities. The high
variance across profiles (=0.98-1.39) indicates fundamentally inconsistent performance that precludes
safe deployment.

6.2 Implications for Healthcare Al

Our findings directly contradict three prevalent assumptions in the literature:

1. "Context augmentation ensures safety'': Despite comprehensive nutritional databases and
medical guidelines, critical failures persisted. This reveals that LLMs struggle with consistent
application of safety rules even when explicitly provided, suggesting fundamental limitations in
medical reasoning rather than simple knowledge gaps.

2. ""More data improves performance'': The degradation with dataset augmentation (E2) demon-
strates that poorly integrated context can confuse rather than guide outputs. Quality of integration
matters more than quantity of information.

3. "Cultural adaptation is achievable through prompting'': Cultural relevance showed minimal
improvement (+1.4% with datasets) and actually decreased with web augmentation (-2.5%), indicating
that current architectures lack capabilities for nuanced cultural reasoning.
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6.3 Recommendations for Practice

Based on our evidence, we strongly recommend:

For Healthcare Providers: These systems are unsuitable for autonomous use. The 21-38% failure
rate mandates continuous human supervision. Al outputs should serve only as initial drafts for
qualified nutritionists to review and correct, never as direct patient guidance.

For AI Developers: Focus on fundamental safety guarantees before adding features. The persistence
of critical failures across all augmentation strategies suggests architectural limitations that cosmetic
improvements cannot address. Consider hybrid systems that enforce hard constraints on medical
safety.

For Policymakers: Establish stringent evaluation requirements for healthcare Al, including manda-
tory testing across diverse populations, transparent reporting of failure modes, and minimum perfor-
mance thresholds (we suggest >4.5/5 MOS with <5% critical failures) before deployment approval.

6.4 Future Directions

Addressing these challenges requires fundamental advances in several areas:

Reliable Safety Mechanisms: Develop architectures that guarantee medical constraints are never
violated, potentially through symbolic reasoning layers or verified computation approaches rather
than pure statistical generation.

Cultural Competence Frameworks: Move beyond surface-level food substitutions to understand
deeper cultural contexts including religious practices, regional agricultural patterns, and socioeco-
nomic constraints.

Robust Evaluation Standards: Establish comprehensive benchmarks that test edge cases, measure
consistency across diverse populations, and identify failure modes before deployment. Our 100-
evaluation study represents a minimum baseline, not a sufficient validation.

Human-AI Collaboration Models: Design systems that explicitly acknowledge limitations and
seamlessly integrate human expertise, rather than attempting full automation of complex medical
decisions.

6.5 Final Remarks

While Al promises to democratize healthcare access, our results demonstrate that current LLM-
based approaches fall dangerously short of requirements for pregnancy nutrition guidance. The
modest improvements from augmentation (6-8%) pale against the persistent safety failures and
high variance that characterize these systems. Until fundamental reliability issues are resolved, Al
nutrition systems should remain research tools under strict human supervision, not autonomous
advisors for vulnerable populations. The path forward requires not just better prompts or more data,
but architectural innovations that prioritize safety and consistency over superficial improvements in
average performance.
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Agents4Science Al Involvement Checklist

1. Hypothesis development: Hypothesis development includes the process by which you

came to explore this research topic and research question. This can involve the background
research performed by either researchers or by Al. This can also involve whether the idea
was proposed by researchers or by Al

Answer: [B]

Explanation: The core hypothesis that culturally-aware nutrition guidance requires context
augmentation beyond base LLMs was human-conceived based on domain expertise in
Indian maternal health challenges. Al assisted in literature synthesis and structuring research
questions.

. Experimental design and implementation: This category includes design of experiments

that are used to test the hypotheses, coding and implementation of computational methods,
and the execution of these experiments.

Answer: [C]

Explanation: Al systems (Claude 3.5 Sonnet) executed all meal plan generation across
three experimental conditions. The experimental framework (E1/E2/E3 comparison) was
human-designed, but Al implemented the actual generation of 100+ meal plans and prompt
engineering.

3. Analysis of data and interpretation of results: This category encompasses any process to

organize and process data for the experiments in the paper. It also includes interpretations of
the results of the study.

Answer: [B]

Explanation: Human evaluators provided all MOS scores and qualitative assessments for
100 meal plans. Al assisted in statistical analysis, pattern identification, and synthesis of
evaluation feedback. Critical safety failures were human-identified.

4. Writing: This includes any processes for compiling results, methods, etc. into the final

paper form. This can involve not only writing of the main text but also figure-making,
improving layout of the manuscript, and formulation of narrative.

Answer: [C]

Explanation: Al generated the majority of manuscript text, handled IfTEX formatting,
managed citations, and structured sections. Human researchers provided critical oversight,
ensuring claims matched actual data and maintaining scientific rigor.

. Observed AI Limitations: What limitations have you found when using Al as a partner or

lead author?

Description: The AI showed tendency toward overclaiming in initial drafts, requiring
human intervention to align claims with actual evaluation data. It struggled when data
contradicted initial hypotheses, needing explicit guidance to avoid confirmation bias in result
interpretation.
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Agents4Science Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction clearly state our contributions: evaluation of
three LLM augmentation strategies showing modest improvements (6-8%), with persistent
failure rates (21-38%) that preclude autonomous deployment.

Guidelines:
e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: Section 5.7 explicitly discusses limitations including scale (20 profiles), lack of
longitudinal validation, and need for clinical professional review. The conclusion emphasizes
systems are unsuitable for autonomous deployment.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

 The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting.

 The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. Reviewers will be specifically
instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: This paper is empirical and does not include theoretical results or proofs.
Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

» The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Section 4.4 provides exact prompts for all three experimental conditions. Table
2 shows the MOS evaluation rubric. Model parameters (Claude 3.5 Sonnet, temperature=0.7)
and Exa API details are specified.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important.

* If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

» We recognize that reproducibility may be tricky in some cases, in which case authors
are welcome to describe the particular way they provide for reproducibility. In the case
of closed-source models, it may be that access to the model is limited in some way
(e.g., to registered users), but it should be possible for other researchers to have some
path to reproducing or verifying the results.

. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We release prompts, scoring sheets, and de-identified evaluation logs with
IDs matching case vignettes. Code for computing nutritional-specificity counts and MOS
summaries is included.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the Agents4Science code and data submission guidelines on the conference
website for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so "No" is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
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Answer: [Yes]

Justification: All experimental parameters are specified: Claude 3.5 Sonnet model, tempera-
ture=0.7, max_tokens=8000, 20 diverse profiles, 100 human evaluations using 1-5 MOS
scale.

Guidelines:

» The answer NA means that the paper does not include experiments.
* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Figure 1 shows evaluation results with standard deviations. Table 3 reports
means + standard deviations for all metrics across 100 evaluations.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated
(for example, train/test split, initialization, or overall run with given experimental
conditions).

. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: API-based experiments using Claude 3.5 Sonnet and Exa API. Processing
time 3 minutes per profile, 100 total profiles evaluated. No special hardware requirements
beyond API access.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
Agents4Science Code of Ethics (see conference website)?

Answer: [Yes]

Justification: Research follows ethical guidelines for healthcare Al evaluation. Human
evaluators provided informed consent. No personal health data was collected. Safety
disclaimers emphasize clinical supervision requirement.

Guidelines:

* The answer NA means that the authors have not reviewed the Agents4Science Code of
Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.
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10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: Section 5.8 discusses ethical considerations including potential harms (unsafe
recommendations), benefits (democratizing nutrition guidance), and required safeguards
(clinical oversight, privacy protection).

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations,
privacy considerations, and security considerations.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies.
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