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I Introduction

Nutrition is vital for preventing and managing chronic diseases, yet accurately

Key Takeaways

tracking dietary intake in real-world settings remains challenging. . v NUtriRAG effectively classifies unstructured, real-world dietary text using
retrieval-augmented LLMs.

Key Challenges:

1. Unstructured Text: Food entries from apps are ambiguous and unstandardized, v Retrieval augmentation substantially boosts accuracy across all models, with
making them difficult for traditional ML models that rely on structured data. GPT-4 reaching 82.2% micro-F1.

2. Limited Databases. Existing resources focus on packaged foods, lacking v Open-source models like Mixtral 8x7B also benefit, narrowing the gap with
coverage of homemade or culturally diverse meals. proprietary LLMs.

3. Research Gap: Prior studies emphasize packaged food and social media data, v'Structured, context-aware retrieval improves robustness without requiring
with little work on personalized, free-text dietary analysis using NLP. mModel fine-tuning.

We propose NUtriRAG, a retrieval-augmented LLM framework designed to identify v Eating pattern analysis confirms NutriRAG's utility in detecting changes in

and categorize diverse food descriptions for personalized nutritional analysis. dietary behaviors across interventions. recommendation systems.

v analyzing real-world dietary logs from nutrition tracking apps

v leveraging retrieval-based few-shot learning to overcome limited labeled data. I Results

Table 1. Performance comparison of transformer-based and retrieval-augmented models
iINn food classification (metrics in %).
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Figure 1. Overview of the study design. A Data Collection: Free-text food entries from Mixtral 8*7b 60.87 73.38 67.43
the myCircadianClock app are processed, with de-identified user inputs serving as the GPT3.5 G4 54 G6.43 65.47
orimary data source. B NutriRAG Development: The pipeline integrates a retrieval-
augmented LLM to classity foods. C Application: Analyzed baseline vs. intervention GP14 715.97 71.53 73.84
dietary patterns using the RCT dataset (NCTO4259632). (UMN) Retrieval-Augmented
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| Input: Gf English Muffin Tomato , Anchovies Mozzarella Oregano

Output: Gf is Breads rolls biscuits and other related products ie nonsweet breads, Tomato is Vegetables, Anchovies is Fish,
Mozzarella is Cheese, Oregano is Spices flavorings and miscellaneous recipe ingredients
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% NUtriRAG:
- LLMs outperform baselines: GPT-4 achieved 73.8% micro-F1 without retrieval,
. | , | L , surpassing transformer baselines (BERT 59.4%, PubMedBERT 58.2%).
goal. Automatically identify food categories in large, mostly unlabeled dietary . Retrieval improves accuracy: With RAG GPT-4 reached 822%, and Mixtral 8x7B
atasets. improved from 46.1% -» 77.9%, showing large gains across all models.
« Retrieval robustness: Ordered retrieval (k = 4-5) yielded stable, strong results;

Data Source: Free-text food entries collected from the myCircadianClock mobile open-source models were more sensitive to example ordering.

application (parent RCT dataset).

Comparison of Eating Occasions by Group and Time of TRE Group Comparison of Eating Occasions by Group and Time of CR Group
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* p < 0.05 (significant)

4- A p = 0.05 (not significant)
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== Average Follow-up EO

Four-Phase Workflow

1. Query Formulation: Construct nutritional inquiries from participant text (e.g., "Gf
Pasta Tuna Parsley Garlic Anchovy Oil Tomato Parmesan’).

2. Retrieval and Prompt Context: Retrieve top-k most similar l[abeled examples
using cosine similarity of LLM embeddings to provide in-context demonstrations.

3. LLM Processing and Classification: The LLM uses retrieved examples and task- Categories

o . . . . . . Figure 6. Paired T-test analysis of baseline vs. end-intervention eating occasion (EO).
specific instructions to classity food items into 51 predefined categories. d | Y 2 EQ)
Eating Pattern Results:

4. Structured Output Generation: Convert model outputs into structured nutritional » The CR group reduced intake of savory snacks and high—-added-sugar foods,

categories for downstream dietary pattern analysis. while meal timing remained stable.
» The TRE group showed fewer beverages and significantly fewer pbreakfast and

late-night eating occasions, reflecting a shortened eating window. s
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and Representation
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