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Abstract. The importance of nutrition during pregnancy cannot be
overstated, as it profoundly impacts maternal and fetal health outcomes.
Optimal fetal growth and development are contingent upon adequate
nutrition throughout gestation, which in turn requires that expectant
mothers possess a high level of nutritional literacy. This latter factor
may serve as a valuable predictor of pregnancy outcomes. This paper
seeks to leverage the capabilities of a retrieval-augmented large language
model to provide personalized prenatal nutrition guidance. We employed
Meta’s LLAMA 2 model and integrated an expert-curated dataset of
nutrition information. Our evaluation, conducted using ChatGPT-based
metrics, revealed that while the augmented model did not yield signif-
icant improvements in overall response quality, it could generate more
thoughtful and specific responses easily comprehensible to users. We con-
clude by discussing the challenges encountered and lessons learned from
our investigation.
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1 Introduction

Nutrition is paramount during pregnancy due to its profound impact on ma-
ternal health and fetal development. The dietary choices made by expectant
mothers significantly influence the growth and well-being of the fetus, as well as
the overall health status of the mother [19]. Ensuring sufficient intake of essential
nutrients like proteins, carbohydrates, fats, vitamins, and minerals is crucial for
promoting fetal organ development, skeletal growth, and normal physiological
function. Insufficient consumption of these vital nutrients can lead to develop-
mental delays, restricted perinatal outcomes, and reduced newborn weight [15].
Of note, some women may consume more calories than recommended but ex-
perience malnutrition from a nutrient deplete diet of ultraprocessed foods [3].
Furthermore, maternal nutritional deficiencies may continue to affect the child’s
growth and health even after birth. Studies have linked maternal malnutrition
during pregnancy to various chronic illnesses such as obesity, diabetes, cardio-
vascular disease, and impaired cognitive development in offspring [15]. Adequate
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nutrition not only mitigates the risk of adverse pregnancy outcomes but also con-
tributes to long-term health trajectories for both mother and child. Thus, opti-
mizing dietary intake during pregnancy is imperative to ensure optimal health
outcomes and lay a foundation for lifelong well-being [15]. Despite the critical
role of nutrition during pregnancy, expectant mothers face significant challenges
in accessing reliable advice. The vast amount of conflicting and non-evidence-
based information available, particularly online, often leaves them overwhelmed
and uncertain about which sources to trust [14]. Additionally, the structure of
prenatal care—with its infrequent appointments that need to cover a range of
health concerns—may not allow for in-depth discussions on nutrition, thus im-
peding the absorption of necessary dietary information. Implementing supple-
mentary support systems specifically designed to address pregnancy nutrition
queries is therefore crucial. Such systems would provide a consistent and reliable
framework for guidance, helping to alleviate the burden of navigating complex di-
etary recommendations on one’s own. Moreover, enhancing health literacy, which
involves understanding and interacting effectively with the healthcare system,
is essential for empowering individuals to make informed decisions about their
health [18, 5]. This highlights the necessity for enhanced accessibility to accurate
and comprehensible health information, which is crucial for effective healthcare
engagement.

The potential of Large Language Models (LLMs) as a tool for providing per-
sonalized nutrition advice to pregnant patients has been explored, with models
such as ChatGPT demonstrating promising results [20]. However, concerns have
been raised regarding the accuracy and reliability of LLM-generated responses,
which can be random, mistaken, or misleading [2]. To address this limitation,
we propose combining LLMs with retrieval-augmented generation (RAG) tech-
niques, which has shown promise in optimizing language model performance
[10]. Integrating LLMs with RAG makes it possible to deliver users contextu-
ally relevant health information. Furthermore, by leveraging these advanced Al
capabilities and expert-approved data embedding, we argue that high-quality,
personalized health content can be generated, tailored to individual needs and
preferences. The success of this design has the potential to bridge the gap in
health literacy, empowering individuals to make informed decisions about their
health and well-being [7].

This paper investigates whether LLMs enhanced with RAG can improve
the quality of responses provided in pregnancy nutrition advice. To address
this research question, we leveraged Meta’s LLAMA 2 models and integrated
an expert-approved, self-collected dataset on pregnancy nutrition. We employed
the state-of-the-art ChatGPT 4 model to evaluate the performance of our aug-
mented model, which has been demonstrated to surpass human worker label
quality [6]. Our evaluation revealed that the RAG-enhanced LLM may not sig-
nificantly enhance the general information quality in the responses; however, the
responses generated by this model were found to be more concise and easier to
comprehend, potentially benefiting individuals with limited health literacy. This
finding provides valuable insights into the efficacy of utilizing LLMs in nutrition
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advising and the impact of incorporating self-collected data into this specific use
case in health care. We subsequently discuss the implications, lessons learned,
and conclusions drawn from our findings.

2 Related Works

2.1 Nutrition Literacy and Advice in Pregnancy

Research highlights the crucial role of nutrition during pregnancy, yet many
women in the US struggle to meet recommended standards due to challenges
like obesity and inadequate dietary intake [19]. Adolescent pregnant women, in
particular, exhibit less healthy dietary patterns, emphasizing the need for en-
hanced support to optimize health outcomes for this vulnerable population [12].
Adequate intake of essential nutrients such as proteins, carbohydrates, fats, vi-
tamins, and minerals is crucial for promoting fetal organ development, skeletal
growth, and normal physiological functioning [15]. Moreover, maternal nutrition
has long-term implications, influencing the risk of chronic diseases in offspring
[9]. Additionally, a mother’s diet during pregnancy is linked to her mental well-
being, with certain nutrients playing a role in promoting positive mental health
[21]. Despite its importance, access to nutrition counseling remains limited, with
systemic barriers, socioeconomic disparities, and high rates of unplanned preg-
nancies contributing to variations in access [8].

The importance of nutrition literacy, or the ability to understand available
nutrition information, is highlighted by [16]. The study emphasizes that preg-
nant women are more likely to seek and follow nutrition advice as their nutri-
tion literacy increases. Nutrition literacy among pregnant women is a critical
aspect of maternal and fetal health during pregnancy, as it enables informed
decisions about dietary choices impacting both mother and fetus. [16] further
analyzes that despite evidence-based recommendations, limited health literacy
poses challenges, leading to inadequate nutrient intake and delayed prenatal care,
potentially risking neural tube defects and compromised maternal-fetal health.

In response to the challenges faced by pregnant women in receiving accu-
rate and easy-to-understand nutrition advice, various tools and interventions
have been developed to provide support and information. [14] discuss the role of
platforms like Nutripedia in providing evidence-based nutritional information,
aiming to combat misinformation and promote positive health behaviors. Simi-
larly, [1] introduce chatbots of Dr. Joy, which offer continuous digital support to
perinatal women and their partners. [14] suggest that ongoing research is neces-
sary to address limitations and enhance the effectiveness of these interventions,
particularly in leveraging advanced technologies such as LLMs in conversation.

2.2 Retrieval-Augmented Large Language Models

Several studies have delved into the exploration of RAG techniques and its im-
plications across different domains. The study [4] explores the incorporation of
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background explanation to enhance the accessibility of complex medical texts
to a broader audience. By employing RAG techniques, the study investigates
how external knowledge sources, such as definitions and explanations from re-
sources like Wikipedia, can be utilized to augment the understanding of expert-
authored content. The findings reveal the effectiveness of RAG in improving
summary quality and simplicity while maintaining factual correctness. One of
the challenges results indicated was that while these LLMs can generate simpli-
fied content, the quality of the summaries falls short of ideal standards.

Similarly, [11] explores the efficacy of RAG in incorporating external knowl-
edge to enhance response generation within knowledge-intensive Natural Lan-
guage Processing (NLP) tasks. It highlights the growing importance of integrat-
ing external knowledge sources into NLP systems for generating contextually rel-
evant and informative responses. The effectiveness of RAG is evaluated through
a comprehensive assessment that compares its design with current techniques
and evaluates the retriever’s ability to select relevant passages. Through these
evaluations, the study demonstrates RAG’s capability to utilize external infor-
mation effectively, leading to state-of-the-art performance in knowledge-intensive
NLP tasks. Another similar study [13] explores the application of RAG strate-
gies to enhance the accuracy and relevance of LLMs in healthcare, particularly
in nephrology. The research delves into the challenges posed by the imperfect
accuracy and tendency to produce inaccuracies or irrelevant outputs inherent in
LLMs, which are critical in medical applications requiring precision for decision-
making processes. The study suggest the potential of RAG in enhancing the
accuracy of specialized ChatGPT models tailored to align with specific medi-
cal guidelines. One such example includes the KDIGO 2023 guidelines, which
provide guidance for chronic kidney disease.

The Work in Progress research [20] explored the potential of LLMs as a
tool for providing personalized nutrition advice to pregnant patients with mod-
els such as ChatGPT demonstrating promising results. An illustrative example
of this research is creation of NutritionBot, eliciting input and offering person-
alized nutrition recommendations based on demographic and personal history.
Google Dialogflow is utilized to implement and host the chatbot, which inte-
grates domain-specific nutrition questions and employs ChatGPT to generate
contextually appropriate responses. Building upon the insights gained from [20],
this research aims to further explore the efficacy of RAG in enhancing chatbot
response quality, particularly in the context of nutrition advising for pregnant
women, while also addressing limitations identified by previous research employ-
ing LLMs for response generation.

3 Method

3.1 Retrieval-Augmented Large Language Models

In order to develop a robust RAG system capable of providing personalized
nutrition advice in a production-ready environment, meticulous design and im-
plementation are essential. The proposed architecture is illustrated in Figure 1.
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Fig. 1. RAG architecture

The initial crucial step involves the indexing process, wherein a vast amount
of relevant nutritional data is systematically organized, processed, and stored
in a structured format to facilitate efficient querying. This indexing phase lays
the foundation for the subsequent retrieval or search process, enabling the RAG
system to identify and retrieve pertinent information from the indexed database
rapidly.

The retrieval or search process generates accurate and personalized nutrition
advice within the RAG system. Upon receiving a user’s query or input, the RAG
system swiftly searches the indexed database to retrieve relevant information,
including nutritional facts, dietary recommendations, and health guidelines. The
retrieved data is subsequently utilized by the generation component of the RAG
system to produce coherent, informative, and tailored nutrition advice that ad-
dresses the user’s specific needs and concerns.

The indexing process commences with the segmentation of text into smaller,
manageable chunks, which may be as granular as a sentence, paragraph, or
specific sequence of 500 characters. Each chunk is then transformed into a vector
of predetermined length using an embedding algorithm. The resultant vectors
are subsequently stored in a vector database optimized for efficient retrieval.

The development of a RAG system critically depends on the ability to locate
relevant contextual information. Retrieving pertinent documents or knowledge
significantly aids the generation process. While traditional vector-based search
methods can capture semantic relevance, they sometimes struggle with precise
term matches and brief queries. To address these challenges, we investigate the
implementation of hybrid search and rerank methods to improve retrieval effec-
tiveness.

Hybrid search: In our RAG framework, hybrid search involves the concurrent
use of vector and keyword searches. By establishing both vector and keyword
indices in the database beforehand, the system capitalizes on the strengths of
each method when processing a user query. This dual approach ensures a more
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comprehensive and precise retrieval capability, thereby enhancing the quality of
information supplied to the generative model.

Rerank method: The rerank method plays a pivotal role in refining the search
process, thus increasing the relevance and accuracy of the generated responses.
Empirical evidence suggests that employing a reranker can significantly improve
the results of initial retrieval efforts. In this method, a hybrid search is conducted
to retrieve a broad set of candidate documents. Each document is then assessed
for its relevance to the query using a scoring mechanism that evaluates seman-
tic alignment. Subsequently, documents are reordered based on their relevance
scores, with the top K documents selected for final output. This procedure pri-
oritizes the retrieval of semantically pertinent documents. For this process, we
employ Cohere’s multilingual rerank model.

This study leverages the Dify framework, which incorporates Nomic’s ad-
vanced indexing techniques to embed textual chunks [17]. This framework offers
a multifaceted approach, enabling not only the visualization of embedded vectors
but also providing flexibility to experiment with diverse indexing configurations.
Users can modify indexing methods, explore metadata details, and adjust re-
trieval counts, among other settings, thereby rendering it an indispensable tool
in optimizing the indexing and retrieval processes.

The development of production-ready applications utilizing LLMs poses sev-
eral challenges, including computational difficulties, data privacy concerns, in-
tegration complexities, latency issues, and others. However, the Dify framework
facilitates the orchestration of LLMs in production environments by supporting
various RAG features, ETL capabilities, Vector Databases, and other function-
alities. In our experiments, we employed different sizes of the Llama 2 model,
specifically 7B, 13B, and 70B, all quantized to a 4-bit length. We utilized Dify’s
model for indexing and Cohere’s multilingual model for reranking. Our experi-
mental setup consisted of a server equipped with two NVIDIA RTX4090 GPUs,
128 MB DDR5 RAM, and an Intel 14th Gen Core 19 CPU.

3.2 Dataset and Evaluations

The datasets used to construct the RAG model in this study were rigorously
curated from diverse sources, including federal agencies and scientific publica-
tions, to establish a comprehensive knowledge base for nutrition-related factors
during pregnancy. An initial review of 20 information sources commonly used
to inform patients during office visits was conducted independently by three co-
authors with expertise in healthcare and nutrition. This search was subsequently
expanded to incorporate 20 online nutrition e-books, augmenting our dataset’s
size. The primary datasets were further supplemented by collecting data from
reputable sources, including the Food and Drug Administration (FDA), the Cen-
ters for Disease Control and Prevention (CDC), and academic papers indexed
in the PubMed database. Ultimately, 12,000 words (comprising 40 documents)
were indexed in the vector database.

To assess the effectiveness of the proposed model, we generated a dataset
comprising 117 unique sample questions from ChatGPT-4. The prompt used
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was “Provide 100 common questions that pregnant women frequently ask about
nutrition.” This prompt was repeated twice, resulting in 117 distinct questions
that were utilized as the evaluation dataset. These questions were subsequently
submitted to various candidate models to elicit responses. The sample questions
included “How much water should I drink while pregnant?”, “Are there specific
nutrients that support the immune system during pregnancy?”, and “What nu-
tritional considerations are there for women experiencing multiple pregnancies
(twins, triplets, etc.)?” among others.

The evaluation of the responses from the candidate models focused on two
key aspects: general quality and specificity to the posed questions. To facilitate
this assessment, the following prompt template was used to rate the quality
of the responses. This approach aimed to measure both the accuracy and the
applicability of the responses provided by the models. We modified the definition
of quality to assess scores from these two aspects. The definition of general
quality is presented below.

Prompt: On a scale from 1 to 100, where 1 represents the lowest qual-
ity and 100 signifies the highest quality, please evaluate the quality
of the response provided to a user. The user’s description is enclosed
within < user >< /user > tags, the question posed by the user within
< question >< /question > tags, and the corresponding answer within
< answer >< [answer > tags. Quality is defined by the answer’s relia-
bility, conciseness, and clarity, ensuring it conveys the mecessary infor-
mation without superfluous details or misleading the user. Please provide
only the scale, no explanation or other text.

< user >The user is a pregnant woman seeking nutrition advice. <
Juser >

<question>How much water should I drink while pregnant?< /question >
< answer > During pregnancy, it’s important to stay properly hy-
drated to support your health and your baby’s growth. The recom-
mended daily intake of water for pregnant women is eight to twelve
8-ounce glasses, which can increase depending on factors such as phys-
ical activity, hot weather, or fever. Proper hydration can help reduce
swelling, constipation, and fatigue, and improve digestion, elimination,
and overall well-being. It’s best to drink water regularly throughout the
day, aiming for at least 50 ounces of fluid intake from water, milk, juice,
and other beverages. You can also monitor your urine output to ensure
you’re drinking enough - if it’s light yellow or clear, you're on the right
track!< /answer >

We revised the definition of specificity to state: “Quality is defined by the
answer’s specificity. The shorter and easier-to-read answers should receive higher
scores. Answers should be summarized from the context, rather than presented
as bullet points.”

In this study, we submitted a comprehensive set of prompts to the OpenAl
API and retrieved the corresponding quality scores. Our experimental design
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involved evaluating the performance of different LLaMA2 model sizes (7B, 13B,
and 7B) with and without embedding context, resulting in a total of 702 prompts
being sent for evaluation. To ensure the accuracy and reliability of our results,
we employed both ChatGPT 3.5 and 4 models in our assessment 2. A paired
t-test was conducted to compare the mean values of the returned quality scores
between models of the same size.

4 Findings

The results of our experiment are presented in Tables 1 and 2. Our analysis indi-
cates that the RAG models consistently produced significantly shorter responses
than the baseline models, a trend observed across all three model sizes. Further-
more, incorporating context into the prompt via the extrinsic result tended to
yield more concise responses. Specifically, the context embedding approach gen-
erated responses that were approximately 50% shorter in length. Below is a
sample response to the prompt "How much water should I drink while pregnant?

LLAMA-2 70b with an embedded RAG context During pregnancy, it’s
important to stay properly hydrated to support your health and your
baby’s growth. The recommended daily intake of water for pregnant
women is eight to twelve 8-ounce glasses, which can increase depending
on factors such as physical activity, hot weather, or fever. Proper hy-
dration can help reduce swelling, constipation, and fatigue, and improve
digestion, elimination, and overall well-being. It’s best to drink water
regularly throughout the day, aiming for at least 50 ounces of fluid in-
take from water, milk, juice, and other beverages. You can also monitor
your urine output to ensure you're drinking enough - if it’s light yellow
or clear, you're on the right track!

LLAMA-2 70b without an embedded RAG context It’s important to stay
well-hydrated during pregnancy, as your body will be working hard to
support the growth of your baby. The amount of water you should drink
while pregnant will depend on several factors, including your age, weight,
activity level, and the climate you live in.

The Institute of Medicine (IOM) recommends that pregnant women
drink at least 8-10 cups (64-80 ounces) of water per day. However, some
healthcare providers may recommend more or less water depending on
individual needs.

In addition to plain water, you can also consume water-rich foods such as
fruits, vegetables, and broth-based soups to help meet your fluid needs.
It’s also important to note that you can overhydrate, so it’s important to
listen to your body and drink when you feel thirsty rather than forcing
yourself to drink a certain amount of water each day.

3 All experiments were completed in April 2024. We used the latest version of the
ChatGPT subscription and the APIs.
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It’s also important to note that some women may experience swelling or
edema during pregnancy, which can be a sign of excess fluid retention in
the body. In this case, your healthcare provider may recommend limiting
your fluid intake to help manage the swelling.

Overall, it’s important to work with your healthcare provider to deter-
mine the right amount of water for you during pregnancy. They can help
you assess your individual needs and make recommendations based on
your specific situation.

Table 1. Length of Response (Number of Characters)

Baseline
M(SD)
2548.75 (496.83)

Context
M(SD)
1227.27 (518.39)
Llama2-13b|1373.79 (582.46)| 2367 (476.10)
Llama2-70b|1202.55 (571.24)|2289.92 (615.57)
Mean (M), Standard Deviation (SD), *p < 0.05, **p < 0.01

Model

Llama2-7b

Table 2. The results of general quality & specificity test

ChatGPT 3.5
RAG Baseline
M(SD) M(SD)

ChatGPT 4
RAG Baseline
M(SD) M(SD)

Model

7b

Quality

78.93(12.55

82.26(11.01)] *

95.12(8.81)

13b

76.28(13.94

83.27(9.80)

95.25(9.80)

97.90(2.87) [*F
)

98.29(4.41

70b

79.35(12.79

83.37(8.85)

96.02()5.23)

98.84(2.21)

Specificity

7b

37.54(16.06)

81.66(14.18)

13b

51.06(21.44

41.36(18.14)

80.72(13.93)

67.26(13.99)

70b

56.40(23.29

85.51

)
( ) (
(12.79) (
52.86(22.28) 64.10(14.39)
(21.44) (
(23.29) (

—~ ===

41.15(19.35) 9.59) |66.79(15.95)

In our exhaustive assessment of model performance, we observed a consistent
pattern of superior performance by the 70b model compared to smaller models,
including the 7b and 13b models. Notably, the 13b model exhibited enhanced
performance relative to the 7b model when evaluated using ChatGPT 3.5, al-
though this advantage was not replicated with ChatGPT 4. Across all candidate
models, our results demonstrate that baseline models consistently outperformed
RAG models in terms of overall quality, a finding supported by statistical test-
ing confirming these differences’ significance. Furthermore, our analysis suggests
that longer and more informative responses tend to receive higher rating scores
for general quality, likely due to their increased content density, as exemplified
by the sample response provided above.
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In our evaluation of specificity quality, we observed that the 70b model
with RAG embedding outperformed the 7b and 13b models. Conversely, the
13b model emerged as the top performer in the baseline model, surpassing the
larger 70b model. This finding suggests that smaller models can also generate
high-quality responses that rival those of larger models when equipped with con-
textualized embeddings. Moreover, our results reveal a significant effect of RAG
embedding, with the enhanced model outperforming the baseline model in gen-
erating shorter responses to questions. These findings imply that incorporating
contextual information through embeddings can lead to more concise, accurate,
and informative responses.

5 Conclusions

This study investigates whether Large Language Models (LLMs) augmented
with Retrieval-Augmented Generation (RAG) can enhance the quality of re-
sponses provided in pregnancy nutrition advice. Our experimental results reveal
that RAG models consistently generated shorter responses compared to base-
line models across all model sizes, with context embedding yielding even more
concise responses (approximately 50% shorter). Notably, the 70b model out-
performed smaller models in terms of overall response quality, whereas the 13b
model demonstrated superior performance when evaluated using ChatGPT 3.5.
Furthermore, our analysis shows that the 70b model with RAG embedding ex-
celled in specificity quality, while the 13b baseline model surprisingly surpassed
the larger 70b model. These findings suggest that incorporating contextual infor-
mation through embeddings could lead to more concise, accurate, and informa-
tive responses and that smaller models can still produce high-quality responses
when equipped with contextualized embeddings.

Reading and comprehending health information is a fundamental skill for
patients to make informed decisions about their care [18]. In healthcare set-
tings, healthcare providers, educators, and patients often prefer receiving concise
and easily digestible information. Our experimental results suggest that RAG-
enhanced LLMs can generate concise information that may be more accessible
to users. This finding sheds light on the potential for adopting this technol-
ogy in healthcare to improve patient health literacy. In our context, a pregnant
woman could utilize this tool to access and understand information about nu-
trition during pregnancy. Based on doctor-approved data as context, the model
could provide useful responses to her queries at any time and from any location.
This highlights a novel interaction and use case for pregnant women to improve
nutritional advice during pregnancy.

Our experimental results suggest that, in constrained contexts, smaller mod-
els can provide similar or even superior responses to users when the context
is properly embedded. This finding has significant implications, as larger mod-
els require substantial computing power (i.e., powerful GPUs), which can be a
major accessibility issue for users in rural areas or those with limited access to
high-performance machines or the financial means to afford such equipment. In
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contrast, smaller models like 7B could be executed on regular personal computers
or mobile devices, thereby increasing accessibility to more users and leveraging
the power of large language models. Further studies could continue to explore
the area of edge computing and its deployment to end-users.

We plan to address several limitations of this study in future research endeav-
ors. One key aspect crucial to ensuring the success of RAG embedding is data
quality, which was compromised in this experiment due to the limited dataset of
only 40 documents collected as proof-of-concept. A more comprehensive dataset
would be necessary to test the effectiveness of RAG embedding further. Another
essential consideration is indexing performance, a critical factor in RAG that
requires proper contextualization to avoid reproducing results from the original
model. Unfortunately, we did not monitor the performance of indexing in this
study, which constitutes a limitation. Furthermore, our evaluation relied on a
GPT-powered assessment to test information quality, which may not guarantee
quality for healthcare providers and patients. These issues necessitate further
exploration and research to realize the full potential of RAG embedding.
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