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ABSTRACT 
Large Language Models (LLMs) have the potential to contribute 
to the felds of nutrition and dietetics in generating food product 
explanations that facilitate informed food selections. However, the 
extent to which these models ofer efective and accurate informa-
tion remains unverifed. In collaboration with registered dietitians 
(RDs), we evaluate the strengths and weaknesses of LLMs in pro-
viding accurate and personalized nutrition information. Through 
a mixed-methods approach, RDs validated GPT-4 outputs at vari-
ous levels of prompt specifcity, which led to the development of 
design guidelines used to prompt LLMs for nutrition information. 
We tested these guidelines by creating a GPT prototype, The Food 
Product Nutrition Assistant, tailored for food product explanations. 
This prototype was refned and evaluated in focus groups with RDs. 
We fnd that the implementation of these dietitian-reviewed tem-
plate instructions enhance the generation of detailed food product 
descriptions and tailored nutrition information. 

CCS CONCEPTS 
• Human-centered computing → Empirical studies in HCI. 

KEYWORDS 
Large Language Models, Artifcial Intelligence, Food Recommenda-
tions 
ACM Reference Format: 
Annalisa Szymanski, Brianna L. Wimer, Oghenemaro Anuyah, Heather 
A. Eicher-Miller, and Ronald A. Metoyer. 2024. Integrating Expertise in 
LLMs: Crafting a Customized Nutrition Assistant with Refned Template 
Instructions. In Proceedings of the CHI Conference on Human Factors in 
Computing Systems (CHI ’24), May 11–16, 2024, Honolulu, HI, USA. ACM, 
New York, NY, USA, 22 pages. https://doi.org/10.1145/3613904.3641924 

Permission to make digital or hard copies of all or part of this work for personal or 
classroom use is granted without fee provided that copies are not made or distributed 
for proft or commercial advantage and that copies bear this notice and the full citation 
on the frst page. Copyrights for components of this work owned by others than the 
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or 
republish, to post on servers or to redistribute to lists, requires prior specifc permission 
and/or a fee. Request permissions from permissions@acm.org. 
CHI ’24, May 11–16, 2024, Honolulu, HI, USA 
© 2024 Copyright held by the owner/author(s). Publication rights licensed to ACM. 
ACM ISBN 979-8-4007-0330-0/24/05 
https://doi.org/10.1145/3613904.3641924 

1 INTRODUCTION 
Consumers have access to a wide range of food information to 
aid them in making food decisions. This includes nutrition labels 
[18, 44, 57], macro-nutrient profles [15, 35, 63], ingredient lists 
[13, 36, 54], allergen information [8], and specifc health claims 
[6, 60]. Applying these details to guide food selection is essential 
as it empowers individuals to make informed choices that promote 
health and well-being [40, 43, 54, 55]. Registered dietitians (RDs) 
specialize in customizing diets to meet individual nutrient needs 
that align with the unique goals of consumers [39]. This person-
alized dietary advice not only promotes more informed decision-
making, but also enhances overall nutrition education and under-
standing among those receiving their services [39, 69]. However, 
in economically disadvantaged areas, access to dietitians may be 
limited, leaving communities with less access to information on 
healthful dietary choices [67]. Large Language Models (LLMs) of-
fer a potential solution by generating comprehensive explanations 
of food products and providing a context for the healthful or less 
healthful aspects of food. This could be particularly helpful in re-
gions where the translation of nutrition information may be scarce 
or unavailable [31]. 

Similarly, food recommendation systems aim to assist consumers 
in making better choices by ofering tailored suggestions based on 
an individual’s goals [64]. However, these systems commonly lack 
transparency and fail to provide users with the underlying rationale 
for the recommended products [50]. We propose utilizing LLMs 
to craft detailed explanations for the translation of nutrition infor-
mation of food products, taking into consideration personalized 
data that dietitians typically factor into their services. LLMs can be 
built to consider both the product and the dietary goals of the user 
to generate food explanations that assess whether a product is a 
suitable or unsuitable choice for the user, accompanied by detailed 
reasoning. In this study, we defne “food explanations” as detailed 
descriptions of the nutritional and health qualities of a food product 
that are tailored to an individual’s dietary and health needs. 

LLMs hold promise for providing dietary information, yet it is 
imperative to address the inherent risks and potential inaccura-
cies these models might present. Although LLMs have the capacity 
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to handle extensive datasets and generate explanations, their re-
liability is ultimately contingent on the quality of the data from 
which they were trained. There is a concern that the models might 
perpetuate existing biases, misunderstandings, and information 
that is not evidence-based, particularly when inaccurate dietary 
information may be present [12, 21, 22, 46, 56]. Furthermore, using 
LLM-generated advice can have limitations. For instance, without 
considering individual dietary behaviors or habits, LLMs might 
provide information that lacks context within the overall diet. Ne-
glecting cultural or regional food preferences may also require fur-
ther investigation. In socioeconomically challenged regions, where 
access to tailored dietary information may be limited, inaccurate 
information could exacerbate existing nutritional challenges and re-
inforce the perception that healthful food is not economical, making 
it even more difcult for individuals to make informed decisions 
[7, 11, 19]. Thus, while LLMs hold promise as tools to increase 
access to dietary information, rigorous validations and the trans-
parency of limitations are essential to ensure the safety and efcacy 
of the food explanations they provide. 

Our primary objective is to engineer LLMs in collaboration with 
RDs to produce explanations on food products that meet dietitian 
standards and mitigate reliability and accuracy concerns. We use 
GPT-4 due to its widespread adoption as a primary information 
source and advanced natural language processing capabilities [33]. 

To achieve our goal, a mixed-methods study is frst conducted 
with RDs to investigate the strengths and weaknesses of GPT-4 
in providing food product explanations. The RDs validated the 
outputs generated at three levels of prompt specifcity and ofered 
insights on the efectiveness of the model in conveying nutritional 
and health information about the food items. Their feedback was 
reviewed to determine design guidelines to be followed when using 
LLMs for generating nutrition information. 

Using our design guidelines, we developed a customized GPT 
prototype that integrates crafted template instructions. This cus-
tomized GPT prototype was evaluated and refned in two collabo-
rative focus groups with dietitians to determine whether our vali-
dation fndings could be mitigated. The focus groups involved an 
iterative process of updating the prototype instructions to tailor 
the output. The customized and refned prototype is named The 
Food Product Nutrition Assistant. We detail the development and 
potential of the prototype, highlighting its specifc design and func-
tionality. By integrating RD expertise into GPT-4’s framework, we 
aim to enhance the model’s utility in providing nutritionally sound 
and personalized food product explanations. Our paper makes the 
following contributions: 

• We develop an empirical understanding of the capability of 
LLMs in generating food product explanations, particularly 
focusing on the perspectives and evaluations of dietitians. 

• We formulate a set of design guidelines based on feedback 
from registered dietitians that may inform future researchers 
on how to enhance the performance and face validity of GPT-
4 in providing food explanations. 

• We develop a customized GPT prototype using template 
instructions based on our design guidelines and assess its 
efectiveness in a collaborative focus group comprised of 
registered dietitians. 

Our work takes a step toward improving the design and outputs 
of LLMs through the use of template instructions and the devel-
opment of a customized GPT prototype. This focus is important, 
considering the increasing reliance on digital tools for health and 
nutritional guidance. We aim to make a meaningful impact on im-
proving consumer education on dietary choices. This customized 
GPT prototype has the potential to become a valuable asset in guid-
ing consumers, especially in areas and among groups where access 
to professional dietary advice is limited. 

2 RELATED WORK 
Our examination of existing literature focuses on the need for food 
explanations to improve food literacy, the role of dietitians in health 
coaching, and the status of current capabilities and limitations of 
Artifcial Intelligence (AI), particularly LLMs, in the domain of 
nutrition and dietetics. This review will aid in framing our study 
within the broader context of ongoing research and identifying 
gaps that our investigation seeks to address. 

2.1 Food Literacy 
To promote food literacy, defned broadly as profciency in food 
related skills and knowledge [14], there have been recent technolog-
ical advances that focus on a holistic approach to diet, encouraging 
informed food choices and promoting healthier eating habits [10, 
51]. Perry et al. consolidates various aspects of food-related knowl-
edge, skills, confdence, ecological factors, and decision-making 
processes as food literacy attributes [52]. Their study emphasizes 
the importance of not only knowing about healthy foods but also 
possessing the practical skills and confdence to make informed 
food choices, considering both personal and broader environmental 
contexts [52]. It was suggested that efective communication of food 
and nutrition information using commonly understood language 
empowers consumers to make choices that align with their health 
goals [52], which emphasizes the need for quality food product 
explanations. 

Similarly, Dillahunt et al. discuss the importance of designing 
technology to support nutrition and health knowledge in relation 
to consumer agency [16]. Understanding of food labels, facilitating 
budget optimization, and promoting self-efcacy for healthy food 
choices were noted as important components to building higher-
agency behaviors for overall health and well-being, especially in 
food desert areas [16]. Other fndings have discussed that there 
are challenges in achieving nutrition knowledge because of the 
amount of information to consider, such as interpreting nutrition 
labels, managing portion sizes, aligning food to health needs, and 
cost, all of which could be addressed in a well designed explanation 
of the nutrition composition and relevance of a specifc food or 
food product [24]. In addition, Bomfm et al. also highlights the 
need for awareness, knowledge, and skills among consumers when 
designing food-related technology [9]. Features that promote inter-
pretation of nutrition content, understanding of ingredient listings, 
knowledge of food guidelines, and awareness of healthy food al-
ternatives are important to incorporate in technological design to 
support food literacy [9]. These features of Bomfm’s comprehen-
sive review are very relevant to food explanations and must be 
incorporated when exploring the use of LLMs [9]. 
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2.2 RDs in Health Coaching 
Personalized nutrition advice from registered dietitians has been 
shown to have positive efects on nutritional intake, nutritional 
status, and clinical outcomes, especially when a holistic approach 
is utilized in providing nutritional care [2]. It has been found that 
dietitian customized regimens that take into consideration an in-
dividual’s tendency for behavioral change, motivation for food 
selection, and lifestyle infuences, will ultimately empower indi-
viduals and place them in command of their dietary needs [1]. In 
addition, care by RDs encompasses the linkages in food insecurity, 
food systems, dietary consumption, health promotion, and chronic 
disease prevention and treatment which has been shown to in-
crease agency to make better health decisions [3, 27, 61]. Similarly, 
Mitchell et al. found that text-based virtual health coaching via 
chatbots was advantageous in promoting options to foster client au-
tonomy [42], bringing evidence that using LLMs for health related 
purposes could be benefcial. Using generative explanations from 
LLMs can assist with health coaching by providing a comprehensive 
understanding of a food product and giving the user the agency 
to make informed decisions that can be tailored to individualized 
dietary needs. 

2.3 Leveraging Explainable Suggestions to 
Enhance Nutrition Understanding 

The abundance of information in healthcare and nutrition at the 
point of purchase is vast, leading to the development of food recom-
mendation systems. These systems guide users towards healthier 
eating choices, yet they often lack transparency in their decision-
making processes [64]. The need for Explainable AI (XAI) is em-
phasized to improve trust in these systems by providing clearer 
explanations for food recommendations [50]. Current platforms, 
while suggesting foods based on criteria such as eating habits or 
dietary preferences, typically do not ofer detailed justifcations for 
their choices [20, 43, 62, 66]. LLMs can bridge this gap by generating 
user-focused evaluations, enhancing user trust and understanding 
of AI-driven recommendations [50]. 

Moreover, integrating comprehensive explanations makes AI 
systems more accessible and understandable to users. Dragoni et 
al. demonstrate the efectiveness of using natural language genera-
tion for this purpose, aiding users in adhering to dietary guidelines 
through clear explanations [17]. Future collaborations with dieti-
tians could lead to the creation of AI systems that are not only 
transparent but also ensure trustworthy and benefcial recommen-
dations for users. 

2.4 Challenges and Prospects of AI Integration 
in Nutrition and Dietary Guidance 

While there is mounting evidence that AI can ofer medical infor-
mation, aid in patient support, and provide dietary information 
with varying degrees of accuracy and consistency, no substantial 
validation has been documented for AI-generated nutritional in-
formation pertaining to individual food products [5, 12, 21, 25, 26, 
30, 34, 46, 56, 58]. Furthermore, although AI is gaining popularity 
among the general public, its incorporation into clinical practice or 

public health promotion remains limited because of a range of chal-
lenges, primarily the absence of trustworthy and well-documented 
information to strengthen AI’s knowledge base [37]. Before uti-
lizing AI for efective food translation to promote better health, 
it is essential to ensure that the system accurately represents the 
nutritional content of the numerous individual food items included 
in an overall purchasing context. While it is challenging to control 
public use, it remains crucial to confrm the face validity and ap-
propriateness of AI models before considering their practicality for 
dependable healthcare or prevention applications. A compelling 
need exists for AI and HCI communities to foster meaningful part-
nerships within the broader healthcare sector, particularly with 
healthcare and nutrition experts [45, 59]. 

2.5 Large Language Models in Nutrition and 
Dietary Guidance 

Chatelan et al. investigated ChatGPT’s ability to provide nutritional 
guidance, such as diet plans and recipes, for individuals with vari-
ous health conditions such as Type 2 Diabetes. The study found that 
while ChatGPT’s advice was generally understandable and aligned 
with the American Diabetes Association information, it often lacked 
accuracy, included inappropriate food choices, and had inconsistent 
and poorly referenced responses which pose challenges in clinical 
reasoning [12]. Further studies have revealed ChatGPT’s limitations 
in identifying misleading responses, particularly in crafting diets 
for people with food allergies and in generating meal plans aimed 
at weight loss [21]. Other AI-created meal plans often displayed po-
tential risks due to imbalanced nutritional content and monotonous 
diets that lack variety [46]. Such inadequacies have raised concerns 
about the model’s nutritional adequacy and safety. Garcia et al. also 
noted the limitations in using ChatGPT for nutrition knowledge, 
particularly in personalized meal planning and dietary advice [23]. 
Despite acknowledging its potential, the studies collectively sug-
gest a critical need for in-depth validation by experts to address 
the weaknesses and to ensure the model’s reliability and safety in 
nutritional guidance. 

2.6 Prompt Engineering and AI Fine-Tuning 
Through a prompt [38] or a series of instructions, LLMs can have a 
noticeable infuence on subsequent interactions and the resulting 
output it generates. By ofering precise directives and guidelines 
for an LLM’s engagement, a prompt establishes the conversational 
context, stipulates the signifcance of specifc information, and 
defnes the preferred format and content of the desired output 
[68]. It has been further shown that the caliber of the outputs 
produced by a conversational LLM is directly related to the quality 
of the prompts furnished by the user [68]. A signifcant method 
for refning the quality of the prompt instruction process involves 
the application of supervised fne-tuning (SFT) with the aim of 
optimizing the performance of prominent commercial LLMs, such 
as ChatGPT. Fine-tuned prompts serve as instrumental tools for 
confguring interactions between the user and the LLM to enhance 
the profciency of LLMs in addressing a diverse range of information 
[28, 49]. Therefore, it is imperative that a meticulously crafted 
prompt be employed to guide the excellence of the task performance 
of LLMs. 
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3 STUDY 1: VALIDATION OF LLM OUTPUTS 
To better understand the strengths and weaknesses of LLMs in 
generating food explanations, we conducted a validation study 
with registered dietitians. In this section, we present details on 
prompt engineering and evaluation criteria for generating food 
explanations using GPT-4. Additionally, we ofer insights into our 
study protocols, a review of participant details, and an outline of our 
data analysis methods. The results are then discussed in the context 
of key fndings. Based on these fndings, we have formulated a 
series of design guidelines for future reference. 

3.1 Study Overview 
We conducted a comprehensive mixed-methods analysis involving 
twelve registered dietitians to assess the capabilities and limitations 
of LLMs in generating food product explanations. We utilized GPT-
4 to generate the outputs that analyzed food products based on a 
specifed set of criteria. 

We designed prompts encompassing three distinct levels of input 
specifcity, with the goal of enabling the registered dietitians to 
ofer feedback on the responses generated with varying degrees of 
prompt input details. Figure 1A shows the three diferent levels of 
prompt specifcity. In Level 1, the prompt was limited to basic details 
of only the product name. Level 2 was expanded to incorporate 
more comprehensive data that included the Nutrition Facts label 
and ingredients list provided by the product manufacturer. At Level 
3, in addition to the nutrition label and ingredients, we integrated 
individual dietary needs and goals of a potential user that may 
diferentiate any resultant variations in the model’s output. Figure 
1B shows an example of the prompt with Level 3 specifcity. This 
approach helped us understand how varying amounts of detail 
infuenced the LLM’s generation of the product explanations. 

Each dietitian independently was tasked with reviewing and 
providing feedback on fve diferent products (see Appendix A 
Table 2) across three levels of specifcity in a single virtual interview 
session. Following each evaluation, the participant used a Likert 
scale ranging from 1 (strongly disagree) to 5 (strongly agree) to rate 
the output based on four diferent measures: coherence, conciseness, 
quality, and accuracy. These measures have been similarity used 
in other studies when assessing generative language models [53]. 
Additionally, participants were asked to give verbal feedback after 
examining each level of specifcity related to a product. Their expert 
feedback served as a critical component in understanding the face 
validity and practical applicability of LLMs in the realm of nutrition 
and dietetics. Our research questions for this study are as follows: 

(1) RQ1: What are the advantages and limitations associated 
with the use of LLMs for producing explanations for various 
food products? 

(2) RQ2: In the context of utilizing LLMs, how does the speci-
fcity of information given in the input prompt infuence the 
efectiveness of the generated explanations, as evaluated by 
registered dietitians? 

(3) RQ3: What design guidelines should be prioritized when 
applying LLMs for translation of dietary information for 
consumers? 

3.2 Generating Food Product Explanations 
through LLMs 

3.2.1 Model Selection and Rationalization. For our study, we se-
lected GPT-4 due to its vast knowledge base and problem-solving 
abilities [33]. ChatGPT, a platform built upon the GPT-4 model, was 
one of the largest publicly known language models at the time of 
our study. The substantial size of this model is often associated with 
its enhanced capability to understand and generate contextually 
relevant text, making it particularly suitable for our study within 
the domain of nutrition and dietetics. We utilized single-prompt 
conversations with ChatGPT performed in English using a new 
chat for each prompt, and making each observation independent. 

3.2.2 Evaluation Criteria and Prompt Engineering. Prompts were 
crafted in collaboration with a nutrition scientist who is a co-author 
on this paper. We limited the criteria of the explanation to analyze 
the product based on fve diferent predetermined factors as shown 
in Figure 1B: Health Benefts, Allergens, Dietary Restrictions, Shelf 
Life v. Cost, and Healthier Product Substitutes. These factors were 
added to provide a structure to the output when assessing the 
healthful or less healthful aspects of the food product. 

To ascertain the adaptability and precision of the generated prod-
uct explanations, we examined the output crafted by GPT-4 based 
on three diferent variation levels of detail given to the input as 
shown in Figure 1A. The frst level of specifcity (Level 1) used only 
the product name and size. Recognizing that consumers often rely 
on nutrition labels when evaluating food products, the second level 
of specifcity (Level 2) was aimed to understand the model’s ability 
to accurately analyze and convey the detailed nutritional and in-
gredient details of a product within its responses. Because dietary 
goals play a pivotal role in product selection for many individuals, 
we hypothesized that the model might factor in diferent aspects 
of the provided information when customizing explanations for 
distinct dietary requirements that could be provided by an individ-
ual. Thus, the Level 3 specifcity introduced a hypothetical user’s 
dietary needs and goals as shown in Figure 1B. 

We chose manufactured food products to generate explanations 
from GPT-4 due to their diverse nutrient compositions. A key factor 
in selecting these items was the consistent availability of the Nutri-
tion Facts labels and ingredients list, which are often lacking for 
fresh fruits and vegetables. Unlike raw produce, which generally 
have a consistent nutrient profle, the manufactured products of 
a certain food item display a wide range of nutritional variations. 
This diversity, such as the varying sodium content in diferent ce-
real brands, adds complexity to consumer decision-making. These 
products represent each of the fve MyPlate food groups [47] and 
were selected from Walmart’s website for their varied nutrient 
compositions (see Appendix A Table 2). 

3.3 Interview Procedures 
We conducted semi-structured interviews that centered on the LLM 
generated product evaluations. Each registered dietitian was ex-
posed to ffteen total product evaluations across the fve diferent 
food products, progressing through each of the three levels of speci-
fcity for each product. Initially, they were introduced to the basic 
prompt output, then to the 2nd Level of specifcity, and next the 
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Figure 1: GPT Prompt Input details. A) Levels of prompt specifcity. B) GPT Prompt Input Example: Level 3 Specifcity. 

3rd Level of specifcity detailed with hypothetical dietary needs 
and goals. Each dietitian was informed about each of the levels 
of specifcity to provide clarity on the considerations taken into 
account when generating the LLM explanations. 

To ensure an unbiased evaluation and control for any order 
efects in the study, we employed a counterbalancing method across 
participants. While the specifcity levels were fxed for each product, 
the sequence in which these products were presented varied for 
each individual. This systematic rotation of the products not only 
minimized potential biases but also provided a more comprehensive 
understanding of the explanations irrespective of the sequence in 
which they were assessed. 

Upon being presented with each output, dietitians were accorded 
2-3 minutes to analyze each explanation using the fve primary 
criteria provided. Subsequently, they rated these evaluations on 
a 5-point Likert scale, gauging coherence, conciseness, accuracy, 
and content quality. Each dietitian received the standard Nutrition 
Facts label and ingredients list for the products to validate the 
output, which was the same as utilized in the prompt Level 2 and 3 
specifcity. 

After independently reviewing and rating each product, partici-
pants were again presented with all three explanations correspond-
ing to that product. They were then prompted with open-ended 
questions, probing their overall impressions of the model outputs, 
any potential concerns, discernible risks or challenges, perceived 
strengths, and suggested areas for improvement. Each virtual ses-
sion lasted approximately 90 minutes with participants sharing 
their screens throughout the entirety of the study. 

3.4 Registered Dietitian Recruitment 
We recruited twelve RDs to do the evaluations. Participants were 
recruited through a network of university campuses and community 
dietitian groups, reached via email recruitment. All participants 
were compensated with a $100 gift card at the end of the study. 

Upon agreeing to participate, the dietitians were frst presented 
with a pre-study questionnaire and a consent form. We gathered 
insights into their educational background, specialty, workplace 
setting, tenure in the profession, and familiarity with AI. The par-
ticipating RDs represented a spectrum of fve specialties, namely 
clinical, community & public health, food service, research and 
education, and sports and wellness nutrition. Their professional 
engagements spanned diverse environments, such as hospitals, aca-
demic institutions, schools, and the broader food industry. Their 
experience in the feld was varied, with durations ranging from 
1-30 years. Only two of the twelve professionals had previously in-
tegrated AI into their nutrition-centric work or research endeavors. 
Furthermore, when questioned about their acquaintance with AI 
and its applications in food and nutrition analysis, the consensus 
was a marked lack of familiarity. 

3.5 Data Analysis Methods 
3.5.1 Likert Scale Analysis. The central aim of our analysis was to 
explore the variance in mean scores for four measures (coherence, 
conciseness, quality, and accuracy) at diferent levels of specifcity 
to address our second research question (RQ2). Specifcally, we 
investigated whether RDs assigned higher ratings to food product 
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evaluations when they were supplemented with additional con-
textual details such as Nutrition Facts labels, ingredients lists, or 
dietary goals, as opposed to evaluations based solely on the product 
name and size. This approach was intended to assess the impact of 
enhanced context in the generation of food product explanations. 

To achieve this, we frst aggregated the scores from all fve evalu-
ated products at each level of prompt specifcity. We then calculated 
the mean Likert score, standard deviation, and standard error for 
each respective measure. These statistical measures were obtained 
from the Likert scale assessments, which ranged from 1 (strongly 
disagree) to 5 (strongly agree). The scale provided insights into the 
RDs’ evaluation of coherence, conciseness, quality, and accuracy in 
the explanations generated by the model for each product. 

3.5.2 Qalitative Analysis. To analyze the qualitative data we fol-
lowed standard open-coding procedures. Two researchers engaged 
in the coding process. Each independently read three interviews to 
familiarize themselves with the data. They then created initial codes 
and coded the three interviews based on their fndings. They then 
reconvened in meetings to discuss and reconcile these initial codes. 
Subsequently, the rest of the interviews were coded using these 
codes. New codes were added as they emerged from the interviews. 
The codes were then organized and regrouped to develop themes. 
These themes were consolidated and evolved into key fndings, 
which are detailed in the results section. 

3.6 Findings 
3.6.1 Qantitative Results. In this section, we report the results 
for coherence, conciseness, accuracy, and quality across diferent 
levels of specifcity as detailed in Table 1. 

The fndings show that for coherence, quality, conciseness, and 
accuracy, there is a trend for the mean outcomes at Level 2 to 
be more favorable compared to Level 1, yet means overall had a 
somewhat similar range of 3.7-4.5. The trend may suggest that the 
inclusion of the Nutrition Facts label and ingredients list in the 
prompt (Level 2) has a tendency to show an overall slight positive 
efect on the explanations. However, the trend varied at Level 3. 
For coherence and quality, the mean slightly dropped from Level 2, 
indicating that the addition of individual dietary goals to the Nu-
trition Facts label and ingredients does not necessarily contribute 
positively to these aspects. This could indicate the complexity of 
the relationship between nutrition information and the GPT’s abil-
ity to relate nutrition to individual dietary needs. Conversely, for 
conciseness and accuracy, the mean scores for Level 3 were slightly 
higher than Level 2, again suggesting the need for a careful balance 
in information provision. 

3.6.2 Qalitative Results. Our fndings provide valuable insights 
relevant to our frst research question (RQ1), which examines the 
advantages and drawbacks of LLMs in generating food explana-
tions. We have organized these themes into fve key fndings (KF) 
and give examples of each theme with statements from registered 
dietitians, denoted as RD1, RD2, and so on (RD#) in Appendix B 
Table 3). This section presents qualitative insights derived from 
experts to guide the discussion on the utilization of LLMs in pro-
viding information about food products salient to individuals at the 
point of food purchasing. We report the following key fndings: 

Table 1: The mean, standard deviation (SD), and standard 
error (SE) for all four metrics: Coherence (a), Quality (b), 
Conciseness (c), and Accuracy (d). Data is aggregated by the 
level of specifcity. 

Coherence (a) Quality (b) 
Specifcity Mean SD SE Mean SD SE 
Level 1 3.95 1.03 0.13 3.73 1.16 0.15 
Level 2 4.45 0.75 0.10 4.27 0.94 0.12 
Level 3 4.35 0.82 0.11 4.22 0.96 0.12 

Conciseness (c) Accuracy (d) 
Specifcity Mean SD SE Mean SD SE 
Level 1 3.92 1.08 0.14 3.77 1.24 0.16 
Level 2 4.30 0.77 0.10 4.23 1.01 0.13 
Level 3 4.32 0.79 0.10 4.40 0.91 0.12 

KF1: The outputs generated by the more detailed specifcity prompts 
are preferred by dietitians. 

Specifcity Level of Input. The feedback from the registered 
dietitians suggests a trend of preference toward Level 2 and Level 
3 specifcity over Level 1 because the outputs provided more com-
prehensive nutrition information and individualized tailoring. Par-
ticipants noted that the outputs at these levels included detailed 
references to macro and micronutrient amounts and Daily Value 
percentages (%DV). Conversely, participants observed that with 
the less instructive prompt (Level 1), the explanations were more 
generalized, lacked reference to specifc nutrients within the food 
product, and had ambiguous text regarding whether certain nu-
trients and ingredients were actually present. For instance, the 
output initially indicated a product might not be gluten-free, but 
later confrmed it was gluten-free after the Nutrition Facts label 
and ingredients list was included in the input. Also, the dietitians 
noted that the addition of the dietary goals (Level 3) did lead to 
more individualized tailoring, which was preferred. However, this 
did not necessarily mean that there were no errors or misleading 
statements in the outputs. 

KF2: The outputs do not align with the standards upheld by registered 
dietitians. 

Reliability. During the interviews, the RDs found instances 
of irrelevant information within the output explanations. These 
discrepancies involved misinterpretation regarding suitability for 
specifc diets or about potential allergens present. In one instance 
involving the Bubba Burger at Specifcity Level 1, the output in-
cluded the possibility of dairy allergens. The dietitians noted that 
discussing issues about dairy allergens in relation to meat appeared 
out of context and lacked clear relevance. While not necessarily in-
correct—the Bubba Burger may contain dairy allergens when cheese 
is added—the model’s approach to discussing allergens seemed in-
discriminate, as if it aimed to cover all possible allergens without 
the targeted focus and reasoning a dietitian would typically apply. 
Moreover, the language used in these outputs often included specu-
lative terms, such as “may” or “can”, which introduced uncertainty 
when discussing potential allergens or compatibility with dietary 
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goals. This approach can be misleading, especially when precise 
information is crucial for dietary choices. 

Sources of Information. Dietitians observed that the short-
comings in output quality seem to originate from the reference 
materials utilized by the model during product evaluations. It was 
noted that the output did not consistently refer to authoritative 
sources, such as the Dietary Guidelines for Americans, the Amer-
ican Heart Association Diet and Lifestyle Recommendations, the 
American Diabetes Association guidelines, and MyPlate, which 
are standard references for professionals in ofering food product 
suggestions to their clients. Most dietitians prefer to confrm the 
information they share from good sources before informing clients, 
whereas the output often fails to provide a reference. 

KF3: There is a prevalence of falsehoods which undermines the clarity 
and coherence of the explanations and could lead consumers to form 
incorrect conclusions. 

Imprecise “Buzz Words”. The collective view among the 12 
interviewed registered dietitians reveals that outputs provide prod-
uct descriptions that fall short of the precision and comprehensive 
accuracy usually expected from professionals in the nutrition sector. 
The outputs often incorporate “buzz words” as highlighted by one 
of the interviewed dietitians. For example, for the Campbell’s Soup 
Level 2 specifcity, the output was said to be "a healthy dose" of 
fber and potassium without fully substantiating why. 

Prevalent Errors. With the inclusion of the Nutrition Facts 
label incorporated in the prompt, the model can not always give an 
adequate interpretation of its meaning. In some cases, the output 
would state that the product may not be suitable for a low-sodium 
diet, yet the dietitians noted that the sodium amount ft the federal 
guidelines to be a “low sodium” product. It was concluded by the 
dietitians that the reference of “low” or “high” when describing a 
product did not align with dietary guidelines. 

Misleading statements. The registered dietitians found that 
there was a tendency to provide misleading remarks and inappro-
priately use specifc terminologies when describing some products. 
A repeated concern was that the model was suggesting that gluten-
free, lactose-free, or organic products may be healthier alternatives. 
RDs clarifed that organic products are not inherently healthier and 
are likely to be less economical when purchasing manufactured 
products. It was emphasized by RDs that gluten-free products are 
only benefcial for individuals with celiac disease and it is incorrect 
to imply that they may be considered “healthier”. The RDs noted 
that a rudimentary food explanation could have an overall negative 
rather than a positive efect on the consumer through misinterpre-
tation. In addition, the model referred to the vitamin C and fber 
content of Dole Fruit Cups (Level 1) to be contributing to immune 
function and digestive health. However, a registered dietitian noted 
that the product had such a small amount of fber that she would 
not have mentioned it in counseling a client. 

Fictitious Substitutions. The explanations sometimes also sug-
gest food substitutes that are not marketed and have never existed. 
In their validations, the RDs found that the substitutes for some 
products, such as soy or almond based cottage cheese, were not 
available or sold in retail. 

KF4: The model fails to maximize the comprehensiveness and educa-
tional value of its output. 

Lack of Educational Context. A notable observation by the 
RDs was the lack of comprehensiveness in the explanations around 
the Daily Value percentage and nutrient amounts when presented 
in the outputs. Due to the concern of health literacy for the reader, 
dietitians suggest that there should be additional information pro-
vided on interpreting essential nutrients for meeting nutritional 
needs, supporting overall health, and adhering to dietary restric-
tions. The explanations do not clarify that the percent daily value 
is based on a specifc calorie intake regimen that is not universally 
applicable across all genders and age groups. This oversight can po-
tentially impede the model’s efectiveness in conveying nutritional 
information. 

Reading Level of Consumer and Health Literacy Support. 
The dietitians also observed that the vocabulary used may sur-
pass the comprehension levels of consumers with lower reading 
profciency, which could pose challenges in efective communica-
tion and user engagement. One dietitian described the language as 
sometimes too technical and that words such as “detrimental” or 
“detracting” may be confusing or misleading to the user without 
fully educating them. 

KF5: The outputs outline potential alignments with consumers’ im-
mediate dietary needs, yet it does not provide information on broader 
contextual factors or integrate insights into an individual’s compre-
hensive diet. 

Customization and Consumer Health Beneft. While in-
putting dietary goals in the prompt did result in personalized in-
formation in the output, the consensus among nutrition experts 
was that the output could have been further customized to address 
how the described food item aligns with specifc dietary require-
ments. RDs explained the lack of context as to how the food fts 
within the daily diet, how it might be paired with other foods (ie. 
cottage cheese with fruit), and how caloric value could infuence 
satiation. In addition, the output should consider how products that 
are commonly used together (ie. cereal with milk) may change the 
nutritional value and impact individual dietary needs (ie. such as 
lactose intolerance). 

Sometimes the explanation tries to educate the consumer on the 
product, but does so in a manner that undermines or exaggerates 
the health benefts. For example, an output suggested that eating 
Bubba Burgers could lead to muscle growth without explaining 
which nutrient helps to build muscle, how much of the nutrient is 
necessary for muscle growth, or whether the dietary intake of other 
foods was also necessary. Given that some consumers may rely 
on the explanations as a source of advice, the RDs agreed that the 
explanations did not ofer the necessary insights to help consumers 
gain a comprehensive understanding of which foods should be 
restricted, why avoidance might be essential, and how an increased 
intake of other foods could be more benefcial. Consequently, while 
the models may ofer some useful information to certain consumers, 
its lack of comprehensiveness may restrict its utility for others. 
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3.7 Design Guidelines for Prompt Instruction 
Our research points out key challenges in using GPT-4 for nutrition 
information. Building on the Key Findings, we see that there is a 
need to develop a structured set of prompt instructions to build 
customized GPT prototypes to try to mitigate the challenges. These 
instructions should consider the strengths and weaknesses of GPT 
to function as a blueprint for generating nuanced and personal-
ized dietary explanations. This approach has been shown in prior 
research to mitigate errors and potential biases [32, 41]. Utilizing 
the insights gained from the formative interviews, we discuss a 
set of design guidelines (DG) to consider when building prompt 
instructions for food related information. 

3.7.1 DG1 - Provide Product Label Information. Based on the em-
pirical evidence from both quantitative and qualitative analyses, it 
is apparent that the addition of the Nutrition Facts label and ingre-
dients list improved the model’s output in terms of its references 
to nutritional information. Therefore, as evidenced in KF1, we rec-
ommend including both the product’s nutrition label and the list of 
ingredients in the prompt instruction. This observation aligns with 
existing literature on prompt engineering techniques [68]. Notably, 
the LLM outputs at Levels 2 and 3 showed an improvement in de-
scribing the nutritional content as conveyed through the nutrition 
label and ingredient details, primarily through the utilization of 
quantifable metrics, such as the percent daily value and milligram 
or gram quantities. 

3.7.2 DG2 - Include Dietary Guidelines and MyPlate Sources. As 
seen in KF2, the dietitians noted that the LLM did not pull from 
validated sources such as the Dietary Guidelines for Americans 
when explaining food products. We recommend to instruct GPT to 
be fed with information from credible and authoritative sources, 
ensuring its advice is grounded in the most current and accurate 
dietary guidelines. Primary sources for integration should include 
the Dietary Guidelines for Americans and the MyPlate guidelines. 

3.7.3 DG3 - Include Example Sentences. Observations from KF2 
and KF3 indicate inconsistencies and misleading information in 
the outputs, along with a disparity in the quality and accuracy of 
sentence formation compared to professional dietitian standards. 
To address these issues, we propose the integration of example sen-
tences as a template for guiding the model’s output. This approach 
could involve structured sentences with placeholders for the GPT 
model to complete, or the provision of complete sentence templates 
for inclusion in the output. This method aims to enhance clarity, 
precision, and reliability in the information presented. Specifcally 
we focus on the following clarifcations: 

• Allergen Wording: While the model generally identifed al-
lergens accurately, it sometimes failed to elaborate on why 
a product might not align with certain dietary restrictions 
due to the presence of those allergens (KF3). The purpose 
of the proposed example sentences would be to clarify why 
a product, due to its specifc ingredient composition, is in-
compatible with specifc allergen-free dietary goals. RDs also 
noted the importance of ofering alternative options for those 
with dietary restrictions. We recommend that the prompt be 
crafted to not only identify unsuitable ingredients but also to 

suggest alternatives to assist individuals in fnding suitable 
products that align with their dietary needs. 

• Relate Product Alternatives to Nutritional Value and Cost: 
Dietitians have raised concerns regarding the cost implica-
tions of suggesting alternative products, particularly when 
these alternatives are more expensive without ofering addi-
tional suitability (KF3). To address this issue, we propose the 
inclusion of a template sentence that guides users in under-
standing the trade-ofs between cost and nutritional value. 
We can provide example sentences that suggest that to mod-
ify your intake of a nutrient you may want to consider a spe-
cifc alternative product with the cost of the product applied. 
This aspect is particularly crucial in facilitating informed 
decisions when consumers are evaluating the advantages 
and disadvantages of purchasing a food product, especially 
when faced with a dilemma between cost and health benefts. 

3.7.4 DG4 - Limit Words and Terminology. As seen in KF3, the 
use of buzzwords or misleading terms appeared in the outputs. 
Concerns from registered dietitians are that this could infuence 
consumers to make dietary choices that are unsuitable. To correct 
this, we recommend the instructions limit the use of generic terms. 
Also, the dietitians suggested that the prompt be instructed to focus 
on specifc nutrient amounts rather than Daily Value percentage 
numbers. This approach aims to make the model’s outputs not only 
informative but also tailored to the unique dietary requirements 
and preferences of individual users. 

3.7.5 DG5 - Instruct for Comprehensiveness and Balanced Diets. 
KF4 demonstrates that there were also shortcomings in output qual-
ity due to a lack of comprehensive contextual information relating 
to how the product fts within established dietary guidelines. Based 
on RD recommendations, the output should state the product suit-
ability for a user’s diet in relation to the product’s nutrients. We 
recommend a prompt design that incorporates a holistic view of 
each food product in relation to total daily dietary goals as outlined 
in the MyPlate guidelines and Dietary Guidelines for Americans. 
This would entail not just a focus on nutrients in relation to meeting 
daily requirements, but also how the product fts into the broader 
context of a balanced diet. 

3.7.6 DG6 - Specify Functionality and Scope. As mentioned in KF4, 
dietitians noted that the outputs often lack efective communica-
tions to provide explanations that were comprehensive enough 
to be understood by all audiences. From this, we recommend that 
the GPT be instructed to emulate a virtual dietitian through the 
in-depth analyses of food products that consider their nutritional 
content, and also ofering advice tailored to individual dietary needs 
and preferences. The GPT should be directed to abstain from giv-
ing medical advice or diagnostics, and instead encourage users to 
consult healthcare professionals. In addition, because dietitians 
were concerned about the reading profciency of users, we suggest 
instructing GPT to use a professional and informative tone and 
ensure the content is suitable for a 5th-grade reading level. 

3.7.7 DG7 - Specify Guidelines on Nutrient Content. We observed 
inaccuracies (KF3) and a notable gap in nutrition education and 
health literacy (KF4), especially regarding understanding the Daily 
Value percentage and the quantities of nutrients present in various 



Integrating Expertise in LLMs: Crafing a Customized Nutrition Assistant with Refined Template Instructions CHI ’24, May 11–16, 2024, Honolulu, HI, USA 

products as they may relate to a consumer’s energy and specifc 
health needs. To address this, we advise that the prompt establish 
clear parameters for labeling nutritional content with standardized 
terms. Dietitians recommended that outputs should categorize nu-
trient quantities into distinct groups of “low” and “"high” based on 
Daily Value percentages from Nutrition Facts label guidelines (KF3). 
The prompt instructions can facilitate this process by outlining 
the specifc ranges that defne each of the nutrient categories. For 
example, a sodium content of 4% daily value would be considered 
low by falling within the defned range in the template. This aims 
to improve consumer understanding and application of nutritional 
information. 

3.7.8 DG8 - Include Comprehensive Nutritional Guidance and Food 
Pairing Suggestions. Our observations indicate that the model cur-
rently lacks the ability to furnish information considering broader 
contextual elements, as observed in KF5. Incorporating this aspect 
could potentially facilitate more accurate education for the user and 
promote a holistic understanding of daily dietary patterns. As ad-
vised by the dietitians, the instructions can encourage food pairings 
to create a nutritionally rich meal or can guide users in balancing 
their daily nutritional intake with combinations of various products. 
To enhance this aspect, we recommend incorporating suggestions 
from dietitians into our instructions that emphasize the importance 
of food pairings and balanced daily nutrition. Our instruction would 
guide the explanations to include how the product fts into a daily 
balanced diet. 

4 STUDY 2: CREATING AND REFINING A GPT 
PROTOTYPE 

We next outline our collaborative approach to design and evaluate 
a customized GPT prototype that uses a structured set of template 
instructions based on our design recommendations. We frst de-
scribe our process of creating the prototype. Next, we detail the 
refnement and evaluation stages, involving follow-up focus groups 
with RDs. The RD focus groups assess the model’s outputs and con-
tribute to refning the template instructions. We present changes 
to the template agreed upon by dietitians in our focus groups. 

4.1 GPT Prototype Creation 
Based on the design guidelines outlined in Section 3.7, our research 
team developed a customized GPT prototype that integrates an 
initial set of template instructions and knowledge sources. This 
approach is intended to guide the GPT in generating responses that 
align more closely with dietitian standards. 

November 2023 marked a signifcant development in the GPT 
realm with OpenAI DevDay’s introduction of customizable GPTs 
[48]. These customized models enable users to integrate specifc 
instructions and additional knowledge to ofer a tailored AI experi-
ence. The confguration component of the GPT allows the developer 
to modify instructions and attach fles to store information for the 
ChatGPT to pull from for output creation (referred to as the knowl-
edge section). For the purpose of this study, we use the confguration 
component of the customized GPT to edit the instructions. Our tem-
plate instructions are applied in conjunction with the customized 
GPT interface to create a prototype. We show an example of the 

customized prototype in Figure 2. In addition, a full set of initial 
template instructions can be found in the Appendix C Figure 4. 

First, we provide the GPT with basic instruction information 
to include the role and tone to be used to drive the language of 
the output. As referenced in DG6, we instruct the GPT to function 
as a virtual registered dietitian and defne its role to provide ex-
planations about food products based on nutritional content and 
suitability for various dietary needs. This was done by frst access-
ing the customized GPT builder and then manually confguring the 
GPT to enter specifc instructions. 

As mentioned in DG4, we advise limiting the use of phrases such 
as “healthy-dose” or “muscle-growth” to avoid over-simplifcation 
and ensure a more nuanced and accurate portrayal of nutritional 
advice. We also instructed the GPT to focus on specifc nutrient 
amounts rather than percentages as a means to make the informa-
tion more easily understood. 

In addition, the custom GPT is designed to integrate fle contents 
that the model can access through the custom GPT knowledge 
section (Section C in Figure 2). This allows for more subject mat-
ter expertise and general knowledge about nutrition and dietetics 
so that the GPT may provide more customized information. As 
outlined in DG2, we have incorporated the Dietary Guidelines for 
Americans and the MyPlate PDF fles as foundational knowledge 
sources. We have also instructed the GPT to explain how the prod-
uct contributes to the daily goals in the Dietary Guidelines for 
Americans and fts within the MyPlate recommendations (DG5). As 
also suggested in DG1, the inclusion of the Nutrition Facts label and 
ingredients list for all products tested are added to the knowledge 
section to increase the accuracy of specifc nutrient amounts. 

As instructed in DG5, the frst sentence of the output should 
clearly state whether or not the product is suitable for the user 
depending on the dietary goals considered. We instructed the GPT 
to do this through the template instruction: “This product is [good 
choice/ok choice/bad choice] for your diet because of [provide one pri-
mary reason why related to the nutrients]”. In addition, we provided 
an example for the GPT to follow: “Product is an ok choice for your 
diet because of its high fber content, but it has a notable amount of 
added sugars.” 

In our instructions, we ask the GPT to consider fve factors 
(Nutritional Analysis, Dietary Restrictions, Allergens, Shelf Life v. 
Cost, and Healthier Product Substitutes). This allowed the dietitians 
to consider the same information as in the previous study. The 
instructions further guide the GPT in explaining the food product 
by providing example sentences using brackets where the GPT can 
fll in information. These sentences are used to mimic the language 
used by a dietitian and contain placeholders where the GPT can 
access the information, while also serving to connect the nutritional 
aspects of food items with individual dietary needs. For instance, 
an example sentence is: “This product’s [macro/micronutrient] is 
[amount] per serving which is considered [low (DV% <5%), high (DV% 
20%+)] and [suitable/unsuitable] for [individual’s dietary needs].” 
Additionally, the examples extend to explanations on food pairings 
(DG8), dietary restrictions (DG7), allergens (DG3), and shelf life v. 
cost (DG3) considerations (see Appendix C Figure 4). 
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Figure 2: The refned "Food Product Nutrition Assistant" Customized GPT Prototype with features highlighted. A) Instruction 
input area, edited with the assistance of dietitians. B) Potential conversation starters to ask the GPT. C) Knowledge integration 
section for fle uploads. D) User prompt for entering specifc food product name and dietary goals. E) GPT’s output with detailed 
food product explanations. 

4.2 Focus Group Study Overview 
In our focus groups, RDs played a key role in iteratively refning our 
initial template instructions within our prototype. This involved 
using the customized GPT prototype to provide real-time updates 
to the template instructions and generating corresponding outputs. 

At the beginning of each session, the focus group was informed 
about the objective, which was to evaluate and refne the instruc-
tions in the GPT prototype with the aim to produce improved 
responses for food explanations. A screen was shared with the 
dietitians that presented the GPT prototype with initial template 
instructions and the resulting GPT response for a selected product 
and set of hypothetical dietary goals. The RDs were then asked 
to review the output. A discussion was then facilitated with the 
dietitians on further instructions or knowledge to be incorporated 
into the template. After the dietitians consolidated opinions and 
reached a consensus on the feedback, the template instructions in 
the prototype were updated. The revised output was then reviewed 
again by the dietitians. This process was repeated iteratively until 
a fnal, agreed-upon version was established. 

Within the focus group, three diferent products were considered, 
two of which were used for the previous study in Section 3.2, and 
one new product. During the initial evaluation of the template, the 
same dietary goals were used as in Study 1. Towards the end of 
the focus group, the dietitians were asked to provide other dietary 
goals to see if the output could be tailored to accommodate. 

4.3 Participants 
A total of 6 RDs were recruited from our previous study. We or-
ganized a frst and a second 90-minute focus group comprised of 

four and two RDs, respectively. Each focus group was convened in 
a single session and each participant was compensated with $100. 

4.4 Prototype Evaluation and Refnement 
In this section we highlight the iterations made by dietitians in the 
prototype. This involved both updating the template instructions 
as well as the knowledge sources. The fnal version of the template 
instructions used in the creation of the refned prototype is shown 
in Appendix C Figure 5. 

4.4.1 Overall Format Structure and Organization. The consensus 
among dietitians is that there is an overall improvement in the 
format structure and organization of the output based on template 
instructions to act like a virtual dietitian. During the frst focus 
group, the dietitians preferred the overall structure to not be in 
paragraph form. The dietitians requested that the GPT change the 
output structure to bullet points to organize the nutrition informa-
tion. 

In addition, Focus Group 1 raised the concern that the positive 
and negative aspects of the food were not clearly separated in the 
response. There was the concern that the GPT created a nutritional 
analysis which they found confusing to understand in relation to a 
healthy diet. To accommodate this, instructions were updated to 
the template to separate out the “good” and “bad” aspects of the 
food product under diferent headings. During this change, it was 
confrmed by RDs that the model was able to correctly group these 
aspects. Focus Group 2 agreed with the separation and changed the 
language of “good” and “bad”, which they found to be subjective 
and vague to “Health Benefts” and “Considerations”. Also, RDs 
in both focus groups confrmed that they preferred the readability 
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of the output due to the 5th grade reading level limitation. A 2nd 
grade reading level had been tested but it was concluded that it was 
too minimal in information. 

4.4.2 Initial Product Rating. All dietitians agreed that there should 
be an overall suitability statement about the product and approved 
of the instructions in the example sentence as the frst sentence. 
Through the reiterations and testing of each product, the model 
is able to follow the instructions to produce an initial product 
rating by flling in the information requested to form the sentence. 
However, initially the dietitians noted that the reasoning for the 
product needed to be improved. Through the reiteration, we found 
that providing an example sentence was the best way to get their 
preferred output. The example sentence for the template was crafted 
in collaboration and agreed upon by both focus groups. The rating of 
“good”, “ok”, and “bad” was changed to a product rating of “suitable” 
or “unsuitable” with reasoning included. 

4.4.3 Nutrition Explanation and Guidelines. The dietitians were 
at consensus in both focus groups that presentation of DV% be 
eliminated. Rather, product explanations were to include only nu-
trient amounts with high or low designations because dietitians 
in their practices fnd it easier to understand as it eliminates the 
relationship to a 2000 calorie intake. To accomplish this, dietitians 
worked together to update the template sentences when describing 
the nutritional aspects of the product. After this was complete, we 
saw that the nutritional analysis was able to follow a uniform struc-
ture when describing each nutrient by listing the amount, stating 
whether it is high/low, and providing an explanation as to why it is 
suitable/unsuitable to the individual’s needs. 

4.4.4 Additional Template Sentence Instructions. Through evalua-
tion, it was confrmed that the example sentences did help to modify 
the output to make the language consistent. Dietitians agreed with 
the template sentences that we had developed but there were a few 
additional added or edited. Pertaining to explaining the nutrition 
content, the dietitians worked together to add in template sentence 
instructions related to how to describe sugar intake by doing a 
conversion to the sugar amount in teaspoons. Dietitians also added 
additional example sentences to include allergens only if they per-
tained to the user’s dietary goals. In addition, dietitians updated 
the template to also give brand name equivalents in the product 
alternatives to eliminate fctitious substitutions. An attempt was 
made to include a sentence in the template to identify whether 
products are covered by SNAP or WIC benefts, however it was 
determined that this remains a limitation of GPT to do correctly. 

4.4.5 Updates with Additional Knowledge. With regard to the knowl-
edge included in the GPT instructions, the dietitians suggested that 
the template should always include guidelines related to common 
diseases such as diabetes, liver disease, kidney disease, and heart 
disease, and how products may or may not be suitable relative to 
those conditions. 

4.5 The "Food Product Nutrition Assistant" 
Prototype 

Based on our focus groups, we have refned a customized GPT 
prototype with specifc prompt instructions and knowledge sources. 

This model, named "The Food Product Nutrition Assistant,"1 can 
be provided with a specifc food item and dietary objectives to 
generate a refned explanation about the product in alignment with 
the user’s goals. 

We show an example of our prototype output for the Campbell’s 
Soup Product in Figure 3 in relation to the original output in Study 
1. The output now provides specifc nutrient information listed 
in milligrams/grams as opposed to DV% as guided by the RDs. 
After iterations, the format now describes nutrients in high/low 
categories with a statement on how they relate to a user’s set of 
dietary goals. The new prototype incorporates a product rating, 
follows a bullet point structure, and organizes information under 
specifc headings, all as reiterated and directed by the dietitians. 
Moreover, it now references Dietary Guidelines for Americans and 
MyPlate guidelines, while highlighting store brand substitutes and 
excluding references to organic substitutes as healthier options. 

5 DISCUSSION 
In the feld of nutritional education and information, the use of Chat-
GPT, particularly in its GPT-4 version, presents both opportunities 
and challenges. Our study specifcally examines the efectiveness 
of GPT-4 in providing explanations of food products tailored to 
individual dietary goals. Our eforts have explored the validation 
of GPT outputs and the design of a customized GPT prototype 
in collaboration with dietitians to standardize food product expla-
nations for future use. We discuss the role of experts in output 
refnement and the use of customized GPTs for producing food 
product explanations. 

5.1 The Importance of Experts in GPT 
Development 

A key implication of our research is the importance of expert vali-
dation and collaboration in the design and implementation of LLMs, 
such as GPT-4. The involvement of nutrition experts was essen-
tial in validating outputs and refning the instructions used in the 
prototype. Their input ensured that the outputs were relevant and 
applicable, and contained minimal risks if put in front of users. 
This collaborative approach is important because it allows for the 
incorporation of specialized knowledge and content into the GPT 
model. 

5.1.1 Expert Validation and Insights. The standard GPT-4 model, 
as acknowledged in existing literature, exhibits shortcomings and 
errors that raise concerns about its reliability and accuracy [21, 29]. 
In Study 1, we aim to validate these fndings with RDs within the 
specifc context of nutrition and the generation of food product ex-
planations. The results of our research in Study 1 confrm previous 
fndings that the outputs often contain nutritional misinformation, 
lack regulatory health guidelines, omit holistic dietary information, 
and fail to provide relevant nutrition education. These fndings 
are particularly concerning when considering the potential con-
sequences of presenting such outputs to vulnerable populations, 
as it could lead to misinformation and nutritional risks. When we 
engaged dietitians in the validation process of the outputs, they 

1The instructions to replicate this custom GPT can be found at https://github.com/ND-
HCI/The-Food-Product-Nutrition-Assistant.git. 

https://github.com/ND-HCI/The-Food-Product-Nutrition-Assistant.git
https://github.com/ND-HCI/The-Food-Product-Nutrition-Assistant.git
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Product Rating: Suitable for your diet because it is low in added sugars and 
lactose- free, but consider its high sodium content.
 
Nutritional Analysis:

High in sodium with 770mg per serving, which exceeds the low sodium 
threshold.
Contains 3g of dietary fiber per serving, aligning with your goal to 
increase fiber intake.
Low in sugars, with less than 1g of added sugars per serving, suitable 
for managing blood sugar levels.
Offers 3g of protein per serving, which can contribute to your goal of 
incorporating lean proteins.

Health Benefits:
Good source of dietary fiber from vegetables, which is beneficial for 
digestive health and blood sugar control.
Contains vegetables like potatoes, carrots, and green beans, 
contributing to a varied intake of vitamins and minerals.
Low in saturated fat and cholesterol, supporting heart health and weight 
management goals.

Considerations:
High sodium content may not be ideal for heart health and weight 
management.
Contains wheat and soy, which may be relevant for those with allergies 
to these ingredients.

Dietary Guidelines and MyPlate:
Aligns with MyPlate guidelines by including a variety of vegetables.
However, its high sodium content does not fully support the Dietary 
Guidelines for Americans, which recommend choosing foods with less 
sodium.

Dietary Restrictions:
Lactose- free, fitting your need to avoid lactose- containing products.
Contains wheat and soy, to consider if you have allergies to these 
ingredients.

Healthier Product Substitutes:
For a lower sodium option, consider brands like Amy's Light in Sodium 
or Progresso's Reduced Sodium range.
A homemade vegetable soup using fresh or frozen vegetables can be a 
healthier alternative with controlled sodium levels.
Store brands (like Walmart or Target brand) may offer similar soups 
with reduced sodium content.

Campbell’s Chunky Savory Vegetable Soup, available in an 
18.8 oz can, provides a mix of vegetables that offer essential 
vitamins and minerals but can be high in sodium, making it 
less suitable for a low- sodium diet. The typical canned soup 
may contain allergens such as wheat and soy, posing risks to 
those with relevant allergies. It may not align with vegan or 
gluten- free diets due to potential animal products or gluten- 
containing ingredients. The shelf life is typically longer for 
canned products, which, coupled with its relatively low cost, 
makes it an appealing option for budget- conscious shoppers. 
However, those prioritizing health may find alternatives like 
Amy's Organic Low Sodium Vegetable Soup or Progresso's 
Reduced Sodium Garden Vegetable Soup to be more in line 
with specific dietary needs or preferences. Always check the 
specific product label for the most accurate information on 
ingredients and nutrition.

Original (Level 1 Specificity ) Output: Refined Prototype Output:

Figure 3: On left: The original GPT output from Study 1 (Level 1 Specifcity). On right: The refned GPT prototype output from 
Study 2. Both outputs are for the Campbell’s Soup food product. 

were instrumental in pinpointing these errors and enabling us to 
develop specifc design guidelines for prompt instructions aimed at 
mitigating these issues. 

5.1.2 Interactive Feedback and Joint Problem Solving. One of the 
most efective strategies we employed was real-time iterative devel-
opment with RDs. This iterative method has been shown previously 
to work when developing prompts as it provides users with an idea 
of how varied instructions can improve the model [41]. After each 
adjustment to the GPT prototype based on feedback, the changes 
to the output were immediately reviewed by the RDs and further 
refned. This more rapid prototyping allowed for the dietitians to 
understand how the changes to the instruction would afect the 
model’s output. In addition, it allowed for a dynamic development 
process, quickly incorporating their expert insights and then ob-
serving the results. 

RDs played a pivotal role in error identifcation and rectifca-
tion of the model’s language that otherwise may have remained 
undetected. They had direct involvement in providing example 

sentences and refning them to guide the model in presenting nu-
trition information in a manner that would meet dietary standards. 
This collaboration led to signifcant improvements in the model’s 
ability to provide reliable dietary guidelines, understand the nu-
ances of nutrient levels, as well as provide implications of various 
dietary choices. Also of importance, the RDs assisted in validating 
and curating sources to be used by GPT to ensure that the model 
drew upon the most credible and up-to-date nutritional informa-
tion, which was vital for maintaining the integrity and improving 
the accuracy of the model’s outputs. 

5.2 Customized GPTs for Food Product 
Explanations 

Our research has shown that customizing GPT models with instruc-
tions refned by dietitians signifcantly improves the alignment 
of the model’s outputs to be within dietitian standards. As seen 
in other work on prompt engineering, instructing prompts with 
more context produces more efcient and informative outputs that 
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avoid hallucinations [4, 41, 65]. In this section, we discuss some of 
the improvements with the refned prototype output compared to 
Study 1. 

5.2.1 Personalization of Nutrition and Dietary Information. As we 
found in KF1 in Study 1, the dietitians preferred outputs that in-
clude nutrition information provided in the prompt. Our study has 
shown that GPT may not have access to specifc up-to-date nutri-
tion information on the product, such as gram/milligram amounts 
or daily value percentages, without the input of the Nutrition Facts 
label. In the focus group study, we saw that the addition of nutrition 
information and ingredients list improves the output to meet dieti-
tian standards by providing the information either in the prompt 
or the knowledge section of the customized GPT. 

Our refned instructions have also been shown to infuence the 
behavior of GPT when the prompt lacks nutritional information. 
For instance, in response to a query such as “Is Kellogg’s Raisin 
Bran healthy for me?”, when the Nutrition Facts label was absent, 
the ChatGPT prototype requested additional nutritional informa-
tion and dietary goals to provide a more customized output. The 
response stems from the explicit directives given to the GPT model 
to evaluate both the product’s nutritional qualities and the user’s 
dietary objectives and has led to explanations with more relevant 
content, contextual awareness, and greater satisfaction among di-
etitians. These clarifcation requests are benefcial to include when 
building customized GPTs for nutritional information as it aims to 
have the most information necessary to provide an explanation to 
the user. 

In our focus groups, dietitians highlighted that the GPT was 
able to correctly align nutrition information to users’ goals through 
the headings of “Health Benefts” and “Considerations.” Dietitians 
noted that this was done more consistently than in the previous 
outputs due to the use of example sentences to guide the language. 

5.2.2 Knowledge Integration. We learned through our validation 
in KF2 in Study 1 that the reliability of the GPT outputs increases 
when available knowledge sources, such as MyPlate guidelines 
and dietary guidelines, are provided and instructed to be used in 
the prompt. The resulting outputs produced are not only better 
aligned with dietitian standards but are also contextualized within 
the framework of a daily diet. It also brought about an increased 
consistency among outputs that is practical and more evidence 
based, which raised trust among the dietitians in our study. As an 
example, when dietitians recommended the uploading of a doc-
ument of nutrient claims describing guidelines for the labeling 
of products as “fat-free”, “low-sugar”, etc. into the prompt, it was 
shown to be highly benefcial in the classifcation of food products. 
In addition, to test the knowledge section of the customized GPT, a 
renal dietitian in one focus group suggested that we upload guide-
lines on fuid intake to determine the model’s ability to incorporate 
this into the product explanation for a renal patient. We found that 
when we prompted the GPT prototype with specifc dietary goals 
of a renal patient, the model was able to reference that knowledge 
in the output when crafting the personalized response. This shows 
that the ability to store knowledge in a customized GPT has the po-
tential to make a diference in output quality and tailor the output 
to individual dietary needs. 

5.2.3 Mitigating Errors in Irrelevant Information, Buzzwords, and 
Falsehoods . The large number of errors initially observed in our 
study (KF3) is mitigated upon the incorporation of example sen-
tences into the prompt by bringing an enhanced specifcity of nu-
tritional analysis in GPT outputs. These example sentences appear 
successful in enabling the outputs to better quantify nutrients and 
explain their alignment with dietary goals. When template instruc-
tions provide a structured framework for the outputs in the prompt, 
there is a specifc clarity of intent to provide context and reduce 
the likelihood of misinterpretation. The less ambiguous the prompt, 
the less inaccurate or nonsensical the output, with the example 
sentences acting as training signals for correctness. The example 
sentences also guide the model on language and style by explic-
itly listing buzzwords to avoid and instructing the model to mimic 
a dietitian’s approach. Furthermore, by using example sentences 
to direct the model to suggest healthier product alternatives, we 
mitigate the risk of misleading food substitutions by limiting the 
suggestion of organic foods and ofering users a broader range 
of generic choices to facilitate informed dietary decisions. While 
this may not guarantee error-free outputs, dietitians observed an 
improved comprehensive and educational understanding by the 
model, which had been shown as problems in KF4 and KF5. The 
example sentences have shown to bring a reduced likelihood of 
generating implausible responses. Continuous testing is required 
to fully assess error mitigation. However, the use of example sen-
tences was noted to signifcantly enhance the comprehensibility of 
outputs and bring better responses with fewer errors. 

When exploring the personalization of the output to dietary 
goals, we observed that the customized model excelled in tailor-
ing information for individuals and achieved this due to clear in-
structions and example sentences provided. Dietitians particularly 
appreciated how the outputs distinctly highlighted allergens and in-
gredients pertinent to users’ dietary requirements. Moreover, when 
catering to specifc needs such as gluten-free or plant-based diets, 
the model adeptly suggested healthier product alternatives. This 
enhanced relevance in the outputs can be attributed to the incorpo-
ration of detailed instructions into the model, which successfully 
make it more adept at addressing diverse dietary preferences and 
needs. 

5.2.4 Consistency and Format. When testing diferent product out-
puts with dietitians, the prototype consistently follows the newly 
refned format and style instructions that have been implemented 
into the prompt. This has brought an improved consistency of 
outputs, such that only the content of the output will vary based 
on the product information and its relevance to a user’s specifc 
dietary goals, whereas the organization of the information will 
remain the same as instructed. The contrast is apparent when the 
prototype outputs are compared to those in Study 1; the Level 1 
– 3 outputs were in a narrative style which dietitians found to be 
unclear and difcult to interpret (as a concern raised in KF4) rel-
ative to the prototype outputs, which employ structured formats 
with clear headings and bullet points. The dietitians agree that the 
new prototype structure enhances the clarity of the information, 
and from their experience they believe it will aid in the overall 
comprehension of the food product explanation. 
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6 LIMITATIONS AND FUTURE WORK 
Our study, while instrumental in investigating the feasibility of 
employing LLMs in food product recommendation domains, ex-
hibits several limitations that warrant acknowledgment. The scope 
of our analysis was confned to a restricted set of food products, 
and the applicability of the fndings might be limited considering 
the diverse range of food products available in the market. More 
work is needed to validate our fndings with culturally diverse food 
products. Moreover, our analysis predominantly focused on the 
dietary needs and preferences of mock individuals, potentially not 
considering all the variable dietary requirements and goals that 
can infuence the output. The complex dynamics of various dietary 
plans and goals necessitate a more extensive analysis to under-
stand fully how LLMs can adapt and tailor information to cater to 
a broader and more diverse array of dietary needs and preferences. 

In addition, we recognize the limitation of replicability of our 
fndings due to potential changes in OpenAI’s models. Our study’s 
reliance on GPT-4, a dynamic and evolving model, introduces chal-
lenges in reproducing our specifc results over time. For the frst 
study, our results were generated in August 2023. For the second 
study, our results were generated in November 2023. Updates and 
modifcations to the model by OpenAI may result in variations in 
the outcomes if the study were to be replicated. 

Our investigation is a frst step in validating food product expla-
nations generated by LLMs and has unveiled numerous avenues for 
prospective research. Future work should consider updating evalu-
ated templates as new dietitian resources and knowledge become 
available. Additionally, the use of GPT in real user environments 
should be tested to assess its practical utility and user experience. 
As our work primarily explores food product explanations, fur-
ther research focusing on creating visualizations or infographics 
using GPTs could enhance the interpretability and engagement 
of the information provided. In addition, more work is needed to 
update LLMs to produce real-time food cost information regarding 
whether products are SNAP/WIC eligible. This will provide users 
with information to make food choices that are both nutritious and 
afordable. All of these approaches could signifcantly improve the 
way nutritional information is communicated by making it more 
accessible and impactful to a wider audience. 

7 CONCLUSION 
This study expanded upon the use of LLMs for creating food ex-
planations, aimed at enhancing consumer decision-making in food 
selection. Collaborating with twelve registered dietitians, we eval-
uated the face validity of LLM outputs, particularly focusing on 
GPT-4’s performance in providing nutritionally accurate and per-
sonalized information. Through assessing responses to varying lev-
els of input specifcity for fve common food products, we gained 
insights into how the quality and specifcity of information pro-
vided to the model infuences its response accuracy. 

Our research emphasizes the need for further advancements 
in LLM design, with the goal of making them dependable tools 
for consumers. We observed consistent patterns of strengths and 
weaknesses in the generated outputs, leading to the formulation 
of design guidelines for template instructions which were then 
implemented in a customized GPT prototype and evaluated in focus 

group discussions with dietitians. These guidelines are aimed at 
addressing the identifed challenges and enhancing the LLM’s utility 
in the nutrition and dietetics felds. 

The refnement of The Food Product Nutrition Assistant, a GPT 
prototype based on these guidelines, exemplifes a practical appli-
cation of our fndings. This study not only highlights the potential 
of expert-informed LLM customization but also marks a signif-
cant step toward more efective utilization of LLMs in providing 
accurate and reliable food-related information to ultimately guide 
consumers to make safer and more informed food choices. 
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8 APPENDICES 

A STUDY 1: FOOD PRODUCT DESCRIPTIONS 
& EXPLANATION OUTPUTS 

Table 2: The MyPlate Food Category and corresponding food 
products used in generating GPT outputs. 

Below are the outputs generated by ChatGPT in Study 1 for 
each of the 5 products across the three levels of specifcity. 

Product 1: Kellogg’s Raisin Bran Original 
Breakfast Cereal 

Level 1: 
Kellogg’s Raisin Bran Original in a 16.6 oz package is a well-known 
breakfast cereal. Health-wise, it’s rich in fber from whole-grain 
wheat and bran, aiding digestion, and it often includes added vita-
mins and minerals. However, it can contain relatively high amounts 
of added sugars, potentially detracting from its overall nutritional 
value. Common allergens in the product include wheat and pos-
sibly traces of nuts, which might be problematic for those with 
related allergies. Regarding dietary restrictions, it is not suitable 
for gluten-free diets, and its sugar content might not align with 
low-sugar needs. The low-sodium and low-saturated fat content 
make it suitable for some heart-healthy diets, but it’s not typically 
vegan due to Vitamin D sourced from lanolin. Comparing shelf life 
and cost, the product usually has a good shelf life relative to its cost, 
making it an attractive option for budget-conscious consumers. 
Healthier substitutes could include cereals from brands like Post 
(Shredded Wheat) or Nature’s Path, ofering organic, lower sugar, or 
gluten-free options, catering to more specifc dietary requirements. 

Source: Nutritional information derived from the product label 
and general knowledge on allergens and dietary restrictions appli-
cable to common cereal ingredients. Specifcs may vary depending 
on the exact product variant and region. Always refer to the product 
packaging for the most accurate information. 
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Level 2: 
Kellogg’s Raisin Bran Original Breakfast Cereal, with its whole 
grain wheat and bran content, contributes to dietary fber (26% 
DV), supporting digestive health. However, its 17g total sugars 
(including 9g added sugars) per serving may be considered high 
for those watching sugar intake. The product contains wheat, a 
known allergen, posing risks for those with wheat allergies or celiac 
disease; thus, it’s not suitable for gluten-free diets. It aligns with 
low-saturated fat and low-cholesterol diets but isn’t ideal for low-
sodium or low-sugar diets. The cost compared to the shelf life may 
be reasonable, as cereals typically have a long shelf life, but this 
depends on individual price points in stores. Healthier alternatives 
could include bran cereals from brands like Post or General Mills 
that have reduced sugar or certifed gluten-free options. In sum-
mary, while providing essential nutrients, its high sugar content 
and presence of wheat could be a concern for specifc dietary needs 
and preferences. 

Source: Kellogg’s Nutrition Facts and Ingredients Label, as pro-
vided in the question. 

Level 3: 
Kellogg’s Raisin Bran Original Breakfast Cereal, containing whole 
grain wheat and wheat bran, ofers 7g of dietary fber per serving, 
aligning with the individual’s goal to increase fber-rich foods (26% 
DV). However, it’s high in total sugars (17g) with 9g of added sugars, 
which conficts with the aim to reduce added sugars for blood sugar 
management. Containing no lactose, it suits those with lactose 
intolerance. The cereal is not ideal for a low-sodium diet (200mg, 
9% DV), and its 1g total fat is low, making it suitable for a heart-
healthy regimen. As for dietary restrictions, it’s not gluten-free or 
suitable for those looking to avoid wheat. The product’s shelf life 
and cost are typical for breakfast cereals but could be outweighed by 
its sugar content for those managing blood sugar levels. Healthier 
alternatives might include whole-grain cereals with reduced sugar 
from brands like Post or General Mills. Overall, while ofering some 
benefts like fber, its high sugar content makes it less suitable for 
individuals seeking to manage blood sugar or weight. 

Reference: Kellogg’s product nutritional information from the 
16.6 oz package, available at most supermarkets or online at the 
manufacturer’s ofcial website. 

Product 2: Daisy Low Fat 2% Cottage Cheese 

Level 1: 
Daisy Low Fat 2% Cottage Cheese, available in an 18.8 oz container, 
is generally a nutritious choice. Health Benefts include being a 
source of protein, calcium, and vitamins B12 and D, supporting 
muscle growth and bone health. However, the sodium content could 
be a concern for those watching their salt intake. The common 
allergens in this product are dairy, specifcally lactose, which may 
pose risks to lactose-intolerant individuals. It aligns with low-sugar 
and low-saturated fat diets but is not suitable for vegan or certain 
gluten-free diets due to the potential use of stabilizers. The shelf 
life of cottage cheese is typically shorter compared to other cheeses, 
and while it’s generally afordable, the relatively brief shelf life 
might infuence purchasing decisions for those looking to stock 

up. Healthier substitutes might include lactose-free or low-sodium 
cottage cheese options from brands like Lactaid or Horizon Organic. 

Reference: Daisy’s ofcial website and nutrition labels provide 
information on nutritional components, potential allergens, and 
shelf life, and specifc substitutes were identifed through general 
market knowledge and brand websites. 

Level 2: 
Daisy Low Fat 2% Cottage Cheese, with its simple ingredients of 
Cultured Skim Milk, Cream, and Salt, is a protein-rich option, pro-
viding 13g per serving (26% DV). It is suitable for vegetarians but 
not for vegans due to dairy content. The 2.5g of total fat, including 
1.5g of saturated fat, keeps it within low-fat dietary preferences. 
It may not be ideal for low-sodium diets with 350mg per serving 
(15% DV), but it’s free from gluten and added sugars. Individuals 
with lactose intolerance or milk allergies should avoid this product 
due to the presence of milk derivatives. The shelf life of cottage 
cheese is typically around 2 weeks, and the cost is generally con-
sidered reasonable for a dairy product. However, its short shelf 
life may infuence purchasing decisions if not consumed promptly. 
For those looking for dairy-free alternatives, soy or almond-based 
cottage cheese products can provide similar nutritional benefts 
without the presence of lactose or cholesterol. These considerations 
align Daisy’s cottage cheese as a generally good choice for an av-
erage consumer, but specifc needs may prompt consideration of 
alternative products. 

Source: Nutrition facts and ingredient information are based 
on the provided label. Further dietary considerations are general 
knowledge based on standard nutritional guidelines and prefer-
ences. 

Level 3: 
Daisy Low Fat 2% Cottage Cheese ofers some health benefts, with 
90 calories and 13g of protein per serving, aligning well with the 
need for lean proteins and weight loss goals. The low saturated 
fat content is good for heart health. However, its lactose content 
conficts with lactose intolerance, and the sodium content (350mg) 
might not suit a low-sodium diet. Lack of fber doesn’t support 
the goal to increase fber-rich food intake. For those with lactose 
intolerance, lactose-free cottage cheese brands like Green Valley 
Creamery might be a better alternative. Comparing shelf life and 
cost, cottage cheese generally has a shorter shelf life (around 10-14 
days unopened), so considering cost and individual consumption 
patterns is important. Despite certain benefts, the lactose content 
and lack of fber make this product unsuitable for the given dietary 
needs. 

Reference: Daisy Brand. (n.d.). 2% Low Fat Cottage Cheese - 18.8 
oz. Retrieved from Daisy’s ofcial website; Green Valley Creamery. 
(n.d.). Lactose-Free Dairy Products. Retrieved from Green Valley 
Creamery’s ofcial website. 
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Product 3: Bubba Burger Original 100% USDA 
Choice Beef Chuck Burgers 

Level 1: 
Bubba Burger® Original 100% USDA Choice Beef Chuck Burgers, 
containing 6 - 1/3 pound burgers, ofers a source of protein, iron, 
and other essential nutrients, but can also be high in saturated fat, 
cholesterol, and sodium, which may be detrimental to heart health 
in excessive amounts. Allergen information is typically available 
on the product packaging, but common allergens associated with 
beef products could include dairy if any additional ingredients 
are included. Regarding dietary restrictions, this product would 
not be suitable for vegan, low-sodium, or low-saturated fat diets. 
The typical shelf life of frozen beef burgers is around 6-8 months, 
and comparing this with the cost can provide a reasonable value 
depending on individual consumption patterns. Healthier product 
substitutes might include lean turkey burgers from brands like 
Jennie-O or plant-based burgers from Beyond Meat, which may 
align better with certain dietary preferences or health goals. 

Reference: Nutrition information and dietary analysis can typi-
cally be found on the product’s packaging or the manufacturer’s 
website. Additional information on dietary restrictions and suitable 
alternatives may be obtained from reputable sources like the USDA 
Food Database or dietary guidelines provided by health organiza-
tions. 

Level 2: 
The Bubba Burger® Original 100% USDA Choice Beef Chuck Burg-
ers provide a signifcant source of protein (25g) and iron (15% DV), 
contributing to muscle growth and energy production. However, 
they contain high levels of total fat (35g) and saturated fat (15g), 
accounting for 54% and 75% of the daily value respectively, which 
may contribute to heart disease risk if consumed excessively. As 
the only ingredient is 100% USDA Choice Beef Chuck, there are 
no known allergens unless the consumer has a beef allergy. This 
product doesn’t align with vegan, low-sodium, or low-saturated fat 
diets, but it is gluten-free and low-sugar. The shelf life of frozen 
beef burgers can be several months, ofering convenience, though 
the cost might be higher compared to other beef grades. Healthier 
substitutes might include lean turkey burgers or plant-based burg-
ers from brands like Beyond Meat® or MorningStar Farms® for 
those seeking lower saturated fat or vegetarian options. Therefore, 
while these burgers can be part of a balanced diet, they might not 
be suitable for those with specifc dietary needs or health concerns. 

Reference: Information obtained from the provided nutrition 
facts label and general nutritional guidelines. Individual dietary 
needs and health concerns should be discussed with a healthcare 
provider. 

Level 3: 
Bubba Burger® Original 100% USDA Choice Beef Chuck Burgers 
consist solely of beef chuck, ofering a high-protein option but also 
containing a signifcant amount of total and saturated fat. Regarding 
the individual’s dietary needs and goals, the product aligns with 
the requirement to reduce sugars and refned carbs, as it contains 
no carbohydrates or sugars. However, it falls short in promoting 

heart health due to its high saturated fat content (15g, 75% DV) and 
doesn’t contribute to the goal of increasing fber-rich foods. The 
absence of lactose aligns with the lactose intolerance constraint, but 
the burger might not be considered a lean protein source compared 
to fsh, chicken, or plant-based proteins. Shelf life vs. cost may vary, 
but generally, frozen beef patties might ofer a reasonable shelf life, 
possibly impacting the purchasing decision positively. For healthier 
substitutes, one might consider lean turkey or plant-based burgers 
from brands like Beyond Meat, providing lower fat content and 
aligning better with weight loss and heart health goals. Since the 
ingredients only include beef chuck, common allergens like nuts, 
dairy, or gluten are not present in this product. 

Reference: Bubba Burger® nutritional label and ingredients as 
provided. 

Product 4: Campbell’s Chunky Savory Vegetable 
Soup 

Level 1: 
Campbell’s Chunky Savory Vegetable Soup, available in an 18.8 oz 
can, provides a mix of vegetables that ofer essential vitamins and 
minerals but can be high in sodium, making it less suitable for a 
low-sodium diet. The typical canned soup may contain allergens 
such as wheat and soy, posing risks to those with relevant allergies. 
It may not align with vegan or gluten-free diets due to potential 
animal products or gluten-containing ingredients. The shelf life is 
typically longer for canned products, which, coupled with its rela-
tively low cost, makes it an appealing option for budget-conscious 
shoppers. However, those prioritizing health may fnd alternatives 
like Amy’s Organic Low Sodium Vegetable Soup or Progresso’s 
Reduced Sodium Garden Vegetable Soup to be more in line with 
specifc dietary needs or preferences. Always check the specifc 
product label for the most accurate information on ingredients and 
nutrition. 

Reference: Product labels and manufacturer information from 
Campbell’s Soup Company website and comparison with other 
known brands. 

Level 2: 
Campbell’s Chunky Savory Vegetable Soup ofers some nutritional 
benefts such as low calories and fat, with a healthy dose of fber 
and potassium. However, the high sodium content, at 33% DV per 
serving, detracts from the overall healthfulness, posing risks for 
those with hypertension or heart disease. The ingredient list identi-
fes wheat and soy as allergens, which can be concerning for those 
with related allergies. With regards to dietary restrictions, it’s not 
suitable for vegan diets due to hydrolyzed soy protein, and it’s 
not gluten-free due to hydrolyzed wheat gluten. The shelf life of 
canned soups is typically long, providing a cost-efective option for 
those on a budget. However, the relatively high sodium could lead 
consumers to opt for low-sodium alternatives like Amy’s Organic 
Low Sodium Vegetable Soup. Though Campbell’s Chunky Savory 
Vegetable Soup includes wholesome vegetables and can be a part of 
a balanced diet, the high sodium content and presence of allergens 
might make it less suitable for specifc individuals or those with 
particular dietary needs. 
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Reference: Campbell’s product details and nutrition facts can be 
found on the Campbell’s ofcial website or on the packaging of the 
specifc product. 

Level 3: 
Campbell’s Chunky Savory Vegetable Soup ofers some health bene-
fts with low calories (90 per serving) and minimal fat content (0.5g), 
which aligns with weight loss and heart health goals. The 4g of 
dietary fber per serving supports an increased intake of fber-rich 
foods, while the absence of lactose aligns with lactose intolerance 
considerations. However, the sodium content (770mg, 33% DV) may 
be a concern for heart health, and the inclusion of hydrolyzed wheat 
gluten and sugar may not fully support goals to reduce refned car-
bohydrates and added sugars. The product also contains known 
allergens: wheat and soy. As for dietary restrictions, it’s not suitable 
for vegan or gluten-free diets. The soup’s shelf life is typically long 
due to canning, making it a convenient option, though the cost 
varies by location. Healthier substitutes could include low-sodium, 
gluten-free vegetable soups from brands like Amy’s or Progresso. 

Source: Campbell’s Chunky Savory Vegetable Soup Nutrition 
Facts and Ingredients Label provided in the question. 

Product 5: Dole Fruit Bowls Mandarin Oranges in 
100% Fruit Juice 

Level 1: 
Dole Fruit Bowls Mandarin Oranges in 100% Fruit Juice is gener-
ally considered a healthy snack option as it contains vitamin C 
and fber, contributing to immune function and digestive health. 
However, some varieties might contain added sugars or syrups that 
can detract from its overall nutritional value. There are no specifc 
allergens listed in the product, but cross-contamination with al-
lergens in the manufacturing facility might pose risks to sensitive 
individuals. The product generally aligns with vegan, gluten-free, 
and low-sodium diets but may not be suitable for low-sugar diets 
if it contains added sugars. The shelf life compared to the cost is 
reasonable, with canned or packaged fruit often having a shelf 
life of 1-2 years, allowing for bulk purchasing without immediate 
consumption. Healthier substitutes might include fresh mandarin 
oranges or brands like Del Monte’s No Sugar Added Mandarin 
Oranges, which may provide less sugar content. 

(Source: Based on publicly available nutritional information for 
Dole Fruit Bowls Mandarin Oranges and general nutritional guide-
lines, accessible via Dole’s ofcial website and various health and 
nutrition authorities). 

Level 2: 
Dole Fruit Bowls Mandarin Oranges in 100% Fruit Juice, packaged in 
4 oz containers, provide a low-calorie option containing 70 calories 
per serving, with no fats, cholesterol, or sodium. The health benefts 
are present through vitamins like Vitamin A (2% DV) and Vitamin 
C (30% DV), and essential minerals like calcium and potassium. 
It contains 14g of natural sugars but no added sugars, which is 
favorable for a balanced diet. However, the high sugar content may 
not be suitable for low-sugar diets. Since the product contains no 
known common allergens, it is likely safe for those with typical 

food allergies. Aligning with vegan, gluten-free, low-sodium, and 
low-saturated fat diets, it ofers versatility for various dietary needs. 
Comparing shelf life and cost, the product is generally afordable 
and has a reasonable shelf life, though fresh fruits might be a cost-
efective alternative with a shorter shelf life. Healthier substitutes 
might include fresh mandarin oranges or fruit bowls in water with 
no added sweeteners. 

Reference: The analysis is based on the provided nutrition facts 
label and common knowledge about nutritional guidelines. Ref-
erence: U.S. Food & Drug Administration, "Nutrition Facts Label 
Programs and Materials," www.fda.gov. 

Level 3: 
Dole Fruit Bowls Mandarin Oranges in 100% Fruit Juice is a low-
calorie option with no added sugars or fats, aligning well with goals 
to reduce sugars and maintain weight loss. Rich in Vitamin C, it pro-
vides antioxidants, although the fber content (1g) is low compared 
to whole fruits. There’s no lactose or known common allergens, 
making it suitable for lactose intolerance and most dietary restric-
tions. This product fts vegan, gluten-free, low-sodium, low-sugar, 
and low-saturated fat diets. While the shelf life is generally good 
for canned products, the cost may vary by location, possibly infu-
encing purchasing decisions. Healthier alternatives could include 
fresh mandarin oranges or brands ofering higher fber content. 
Considering the individual’s dietary needs, this product is mostly 
aligned but falls short in providing signifcant fber or lean protein. 

Reference: Dole Food Company Inc., Product Information, "Man-
darin Oranges in 100% Fruit Juice," available on the ofcial Dole 
website and major retailers. 

B STUDY 1: KEY FINDINGS AND RELEVANT 
DIETITIAN QUOTES 

Table 3 contains key fndings, dietitians quotes, and the correspond-
ing design guideline from Study 1. 

C STUDY 2: TEMPLATE INSTRUCTIONS 
Initial Template instructions are shown in Figure 4. The refned 
template instructions after Study 2 are shown in Figure 5. 

www.fda.gov
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Key Findings Example Quotes Design Guidelines
KF1: The outputs generated by the more detailed
specificity prompts
are preferred by dietitians

KF2: The output do not align with the standards upheld by
registered dietitians

KF3: There is a prevalence of falsehoods which
undermines the clarity and coherence of the explanations
and could lead consumers to form incorrect conclusions.

KF4: The model fails to maximize the comprehensiveness
and educational value of its output

KF5: The outputs outline potential alignments with
consumers’ immediate dietary needs, yet it does not
provide information on broader contextual factors or
integrate insights into an individual’s comprehensive diet

Specificity Level of Input [DG1]

[DG3]

Reliability [DG3]

Sources of Information [DF2]

Imprecise "Buzz Words" [DG4]

Prevalent Errors [DG3], [DG7]

Misleading statements [DG3]

Fictitious Substitutions [DG3]

Lack of Educational Context [DG5], [DG3]

Reading Level of Consumer and Health Literacy Support [DG6]

Customization and Consumer Health Benefit [DG8]

"I liked in the 3rd output...it was pretty clear that [the product] wouldn't be a
good idea based on [the individual’s] dietary needs." (RD11)

"The 2nd [response] now says it is free from gluten but the [first response] said
it may not be gluten free. With more information it’s able to rule out that the
product is not gluten free when it didn’t do that just with the 1st response."
(RD3)

 "If you go up to the actual package level, its sodium is 85 [mg]. . . it’s still a
low sodium food technically." (RD1)
"I also felt the wording of the common allergens in this product as dairy,
specifically lactose - is not the allergen. So I think that is a fully inaccurate
statement." (RD8)

"I always hesitate with the [word] ’healthy’, but I was thinking about it, and
again, looking at the population, it’s probably, best to use words like
’healthier’ just because those are words people know and can associate with."
(RD10)
"I’m wondering what they’re using for a sugar cutoff because nine grams is
not high...if you look at the American Heart Association recommendations for
added sugar, it’s [more] like 26 grams a day for women and 30 something for
men." (RD2)
"This isn’t accurate because the salt’s not high. . . there’s no dairy mixed in. If
you add cheese, there would be. This is suitable for a low sodium diet, but not
for vegans or low saturated fat...It is a low sodium food. It has 85 milligrams
per serving. Low sodium is [up to] 140 milligrams per serving." (RD7)
"Gluten free should not be synonymous with healthier. Now, if we’re talking
about somebody who needs a gluten free diet, sure, a gluten free cereal is a
good alternative, but the majority of people don’t need to do that. So I think
that’s an area where...it loses me on accuracy." (RD8)
"I don’t think [there are] soy and almond based cottage cheeses." (RD7)

"15 percent daily value...That’s based off of a 2000 calorie diet, which isn’t
even necessarily what most people need. So this could be too high for them...I
feel like that percentage can cause a lot of confusion from what I’ve seen with
my patients in the past." (RD12)
"Context is always good, right?..this is roughly what the American Heart
Association recommends for fat intake per day for a heart healthy diet, then
somebody could say, oh, wow, like this 10 grams of fat is a lot of my daily fat
and then decide if that food is valuable for them and their diet or not, or if a
different alternative needs to be sought out." (RD2)
"Detracting. What does that mean? I feel like they wouldn’t read that word
correctly if they didn’t have a good understanding of [English], if they’re not
reading well.” (Regarding the LLM Kellogg’s explanation Level 1)  (RD6)
"The language is very technical. So in general, like the reading level, I feel like
it would be a little bit advanced and could be confusing for people who might
potentially be having food insecurity." (RD11)

"It’s at least giving some ... data and recommendations. I think it’s just the
dietitian in me likes...more of a context of how it fits in the whole picture for an
average consumer."  (RD4)
"The way I think about it is nobody has cereal without some form of milk. Milk
introduces other allergens. You have to think about that. And you would have
to counsel somebody separately...if you are also lactose intolerant, you have to
consider the milk that you choose to go along with this. And then that adds to
the overall nutrition profile dramatically." (RD5)
"Sometimes these descriptions are also just a little bit odd. I think [protein]
contributing to muscle growth...I would say it helps rebuild the muscles, or
make them stronger when paired with exercise, but I don’t think I’d necessarily
tell them that it’s used for energy production or muscle growth." (RD9)

Table 3: Key Findings and Dietitian Quotes. Includes the 5 Key Findings, aligned themes, and statements from the Registered 
Dietitians. Accompanying each fnding is a relevant design guideline informed by these insights. For clarity, statements from 
individual registered dietitians are marked as RD1, RD2, etc., indicated by RD#. 
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 Initial GPT Instruction Template 

 This GPT acts like a registered dietitian. It provides detailed explanations about food products, analyzing their nutritional content and suitability for various 
 dietary needs. It takes into account individual dietary preferences, restrictions, and health goals to offer tailored advice. The GPT avoids giving medical advice 
 or diagnosing health conditions. It encourages users to consult a healthcare professional for personalized medical advice.  The GPT aims to educate and inform 
 users about the nutritional aspects of different foods and how they fit into a balanced diet. The GPT will follow the set of instructions below. If there are 
 "example sentences" the GPT will include those in the response when applicable. 

 The GPT's tone is professional, informative, and empathetic, understanding the personal nature of dietary choices. It personalizes responses to align with the 
 user's specific dietary needs and goals, maintaining a supportive and non-judgmental tone. 

 In the output, the GPT should limit words like "healthy-dose", or "muscle growth". Remove the mention of the daily value percentage numbers (DV%) and 
 instead reference nutrient amounts. 

 When providing a response, the GPT should follow this structure.  If there are curly brackets {} within the text, replace the content inside these brackets with 
 the appropriate information and provide the sentence structure. 

 The first sentence should say:  “  This product is a  {good choice/ok choice/bad choice} for your diet because {provide one primary reason why related to the 
 nutrients}.” 

 For example: “Product is an ok choice for your diet because of its high fiber content, but it has a notable amount of added sugars.” 

 In addition, the GPT needs to mention these aspects: 

 Nutritional Analysis:  Identify the nutritional components  and explain how they contribute to or detract from an individual's diet.  Include a sentence that 
 discusses a holistic view of the food product in reference to 1) how it contributes to the daily goals in the Dietary Guidelines for Americans and 2) how it 
 relates to MyPlate guidelines. 

 Include each of these examples as they relate to the product: 
 "This product's {macro/micronutrient} is {amount} per serving which is considered {low (DV% <5%), high (DV% 20%+)} and suitable for 
 {individual's dietary needs}.” 

 “To boost the {specific nutrient 1} in your diet, think about combining this product with {complementary food}, because {reason 2}." 

 "Pairing {product} with {additional product} later in the day can be a great way to enhance your intake of {nutrients} and maintain a well-rounded 
 diet." 

 Dietary Restrictions:  Assess how this product aligns  with common dietary needs or restrictions, such as vegan, gluten-free, low-sodium, low-sugar, or 
 low-saturated fat diets. 

 Allergens:  List any known allergens in the product  and discuss potential risks in relation to the individual’s dietary needs and goals. 

 Example sentence: 
 “This product contains {ingredient}, which may not be suitable for individuals following a {allergen-free diet}.” 

 Shelf Life vs. Cost:  Mention the shelf life of the  product with its cost and discuss how this relationship may influence the purchasing decision. 

 Example sentence: 
 “While {Product A} comes with a higher price tag, it offers a lower {nutrient amount}, potentially signifying a healthier choice." 

 Healthier Product Substitutes:  If the product is an  ok or bad choice for the individual, suggest specific product alternatives from known brands that may be 
 considered healthier or more suitable for specific dietary needs or preferences. 

 Example sentences: 
 “If you're avoiding {allergen 1}, a great alternative product could be: {alternative product 1}.” or 
 "For a lower {nutrient 1} option, you might consider {alternative product}” or 
 “If you are looking to increase your {nutrient 2} intake, {alternative product 2} could be a great choice." 

Figure 4: Initial GPT Instruction Template 
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 Evaluated GPT Instruction Template 

 This GPT acts like a registered dietitian. It provides detailed explanations about food products, analyzing their nutritional content and suitability for 
 various dietary needs. It takes into account individual dietary preferences, restrictions, and health goals to offer tailored advice. The GPT avoids 
 giving medical advice or diagnosing health conditions. It encourages users to consult a healthcare professional for personalized medical advice. 
 The GPT aims to educate and inform users about the nutritional aspects of different foods and how they fit into a balanced diet.  The GPT will 
 explain how the product relates to the Dietary Guidelines for Americans and MyPlate guidelines.  The GPT will  follow the set of instructions below. 
 If there are "example sentences" the GPT will include those optionally in the response when applicable. 

 The GPT's tone is professional, informative, and empathetic, understanding the personal nature of dietary choices. It personalizes responses to align 
 with the user's specific dietary needs and goals, maintaining a supportive and non-judgmental tone.  The GPT’s output should be in bullet point 
 style format and for a 5th grade reading level. 

 In the output, the GPT should limit words like "healthy-dose", or "muscle growth".  Remove the mention of the daily value percentage numbers 
 (DV%) and instead reference nutrient amounts. 

 When providing a response, the GPT should follow the structure below.  If there are curly brackets {} within the text, replace the content inside 
 these brackets with the appropriate information and provide the sentence structure. 

 The first sentence should say: 
 “Product Rating: {suitable/unsuitable} for your diet because {reasoning}.” 
 If the product contains the allergen that is in the individual’s diet then it should be included as part of the reasoning. 

 For example: 
 “Product Rating:  Unsuitable because it contains gluten.”  or “Product Rating unsuitable because it has high sodium.”  or 
 “Product Rating: Suitable because it has low sugars.” 

 In addition, the GPT needs to state these aspects: 

 Nutritional Analysis:  Identify the nutritional components  and explain how they contribute to or detract from an individual's diet.  Separate out the 
 Health Benefits and Consideration aspects of the food product under different headings.  Do not include the micro-macronutrient amount.  Include a 
 sentence that discusses a holistic view of the food product in reference to 1) how it contributes to the daily goals in the Dietary Guidelines for 
 Americans and 2) how it relates to MyPlate guidelines.  When explaining the sodium use <= 140mg as “low sodium”  and > 300mg as “high 
 sodium”.  Example sentence: “This product has 540mg of sodium per serving, which is high (more than 300mg per serving)”. 

 Include each of these examples as they relate to the product: 
 "This product is {low (DV% <5%), high (DV% 20%+)} in {macro/micronutrient} and suitable for {individual's dietary needs}.” 
 "To boost the {specific nutrient 1} in your diet, think about combining this product with {complementary food}, because {reason 2}." 
 "Pairing {product} with {additional product} later in the day can be a great way to enhance your intake of {nutrients} and maintain a 
 well-rounded diet." 

 When the sugar amount is high (DV > 20\%), include examples related to numerical simplification. 
 For example:   “This added sugar is related to {4 and ½ teaspoons of sugar}”. 

 Dietary Restrictions:  Assess how this product aligns  with common dietary needs or restrictions, such as vegan, gluten-free, low-sodium, 
 low-sugar, or low-saturated fat diets. 

 Allergens:  Only list any allergens in the product  if it pertains to the user’s dietary goals.  If the allergens do relate to the individuals goals, discuss 
 potential risks in relation to the individual’s dietary needs and goals. 
 Example sentences:  “Related to your dietary goals  there are no major allergens.”  or “This product  contains {ingredient}, which may not be 
 suitable for individuals following a {allergen-free diet}.” 

 Shelf Life vs. Cost:  Discuss the shelf life of the product with its cost and how this relationship may influence the purchasing decision. 
 Example sentence: “While {Product A} comes with a higher price tag, it offers a lower {nutrient amount}, potentially signifying a healthier 
 choice." 

 Healthier Product Substitutes:  If the product is an  unsuitable choice for the individual, suggest specific product alternatives from known brands 
 that may be considered healthier or more suitable for specific dietary needs or preferences.  Provide  2-3 product substitutes. Provide a generic 
 substitute (ex. Walmart Brand, etc.). 

 Example sentences: 
 “If you're avoiding {allergen 1}, a great alternative product could be: {alternative product 1}.” 
 "For a lower {nutrient 1} option, you might consider {alternative product}” 
 “If you are looking to increase your {nutrient 2} intake, {alternative product 2} would be a great choice." 
 "If you are looking for a cereal with lower sugar, a great alternative product would be Quaker Oats or Walmart brand name equivalent." 

Figure 5: Refned GPT Instruction Template. Details the refned instructions from Study 2. Changes made by registered dietitians 
are highlighted in red. 
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