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Abstract: A balanced diet is crucial for preventing diseases and managing existing health
conditions. ChatGPT as garnered attention from researchers, including nutrition scientists
and dietitians, as an innovative tool for personalized meal planning and dietary recom-
mendations. Objectives: The purpose of this study was to review scientific evidence on
ChatGPT’s performance in providing personalized meal plans and generating dietary
recommendations. Methods: This systematic review was conducted following the PRISMA
guidelines. Keyword-based database searches were performed on PubMed, Web of Science,
EBSCO, and Embase. Inclusion criteria included (1) empirical studies and (2) primary
research on ChatGPT’s performance in personalized meal planning and dietary recom-
mendations. Results: Twenty-three studies met the inclusion criteria, comprising fourteen
validation studies, five comparative studies, and four qualitative studies. Most studies
reported that ChatGPT achieved satisfactory accuracy and was often indistinguishable
from human dietitians. One study even reported that ChatGPT outperformed human
dietitians. However, limitations and risks, such as safety concerns and a lack of real-world
implementation, were also identified. Conclusions: ChatGPT shows promise as a relatively
reliable innovative tool for personalized meal planning and dietary recommendations,
offering more accessible and cost-effective solutions. Nevertheless, further studies are
needed to address its limitations and challenges.

Keywords: ChatGPT; personalized dietary recommendations; AI-driven nutrition

1. Introduction
A balanced diet is fundamental to human health, influencing the risks and develop-

ment of numerous health conditions [1]. Studies have shown that poor dietary behaviors
are associated with various health conditions, including but not limited to, hypertension,
type 2 diabetes, obesity, cardiovascular diseases (CVD), and certain types of cancer. Exces-
sive sodium intake, for instance, is a known contributor to hypertension [2,3]. Diets high
in added sugars are linked to type 2 diabetes and obesity [4], while high consumption of
unhealthy fats (such as saturated and trans fats), cholesterol, and sodium has been shown
to increase the risk of CVD [5]. Additionally, consuming foods containing carcinogens
or diets that are themselves carcinogenic, such as those involving alcohol, raises the risk
of several types of cancers [6]. These chronic diseases affect millions of people in the
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United States. For example, data from the Centers for Disease Control and Prevention
(CDC) indicate that, in 2017–2018, approximately 42.4% of American adults were obese [7].
Fortunately, evidence-based research has consistently shown that a healthy diet brings
significant benefits to chronic disease treatment and management [8,9]. In addition, even
healthy populations can benefit from proper diet and nutrition management by preventing
illnesses. Therefore, dietary and nutrition management are essential components of modern
health management.

While the benefits of a balanced diet in disease treatment are widely recognized,
personalized dietary management elevates these effects further. Personalized dietary
recommendations, which are tailored to individual factors such as age, sex, activity level,
and medical history, have been shown to result in better adherence and favorable health
outcomes compared to generalized dietary guidelines. For example, studies have found
that personalized diets can reduce HbA1c levels, a key indicator of blood glucose in type 2
diabetes patients, by 0.5–1% [10]. These findings highlight the potential of personalized
dietary recommendations in clinical practice and real-world applications.

However, access to personalized dietary services is often restricted due to significant
barriers. Insurance coverage for nutritional counseling is typically limited to specific
medical conditions, such as diabetes or eating disorders, and is not widely available for
preventive care. For instance, registered dietitians are not recognized as Medicaid providers
in some states, and nutrition counseling is not a standardized covered service under
Medicaid. Medicare provides coverage only for beneficiaries with specific conditions. This
variability in coverage creates substantial cost barriers, making these services inaccessible
to many individuals, particularly underserved populations, and contributing to health
disparities. Additionally, personalized dietary recommendations require comprehensive
individual assessments and multidisciplinary expertise, which pose practical challenges to
implementation and scalability [11,12].

The prevalence of online searches for health-related information, including serious
medical advice, has significantly increased in the Internet era [13]. At the same time, infor-
mation technologies have rapidly evolved over the past few decades. Advances in Natural
Language Processing (NLP) have accelerated the development of large language models
(LLMs). Among these, Chat Generative Pre-Trained Transformer (ChatGPT), developed by
OpenAI and introduced to the public in 2020, stands out as one of the most well-known and
widely used LLMs. ChatGPT features advanced NLP capabilities, allowing it to generate
highly natural, human-like responses surpassing many existing chatbots [14–16]. Its acces-
sibility, tailored responses, human-like output, and exceptional performance have garnered
attention from researchers across diverse fields, including nutrition science and dietetics.

Innovative tools like ChatGPT and other AI-driven LLMs offer a promising solution
to access barriers to personalized nutritional counseling. These technologies provide a cost-
effective, scalable, and versatile alternative to traditional consultations, enabling broader
access to dietary guidance. By delivering personalized, evidence-based recommendations,
tools like ChatGPT can complement traditional services and bridge gaps in nutritional
support, particularly for populations with limited access to registered dietitians. With
careful design and oversight, these tools have the potential to enhance health equity by
making high-quality dietary services accessible to a much broader audience, addressing
disparities, and promoting better overall health outcomes.

Researchers have begun exploring ChatGPT’s potential, capabilities, and effectiveness
in addressing dietary issues such as common nutrition inquiries, personalized diet recom-
mendations, dietary plans, and food identification. However, individual studies often vary
widely in their methodologies and frequently reach mixed or inconclusive conclusions [17].
This inconsistency makes assessing ChatGPT’s overall performance challenging and limits
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the development of clear, evidence-based guidance on its applications in nutrition. Further-
more, key challenges persist, including ensuring the safety of dietary recommendations
and achieving consistent performance across diverse contexts and health conditions.

Given the growing interest in AI and LLM applications in dietary and nutrition sci-
ences and the increasing number of studies in this area, this systematic review is timely
and necessary. This review aims to address the existing gaps by systematically evaluating
evidence on ChatGPT’s performance in personalized meal planning and dietary recommen-
dations. By critically analyzing findings from 23 studies [18–40], this study seeks to provide
a comprehensive assessment of current evidence, including the quality of methodologies,
strengths, and limitations. Such an evaluation is essential for developing a clearer under-
standing of the state of the evidence, guiding future research directions, and informing the
integration of AI tools like ChatGPT into dietary services.

2. Methods
2.1. Study Selection Protocols

This review followed the Preferred Reporting Items for Systematic Review and Meta-
Analyses (PRISMA) guideline [41]. Studies were included if they met all the following
criteria: (1) the paper is a primary empirical study, not a review article; (2) the paper
focuses on the application of ChatGPT in personalized meal planning and dietary recom-
mendation; (3) the paper is published in English. The exclusion criteria were as follows:
(1) papers published before 2022, when ChatGPT was introduced to the public; (2) studies
evaluating other LLMs without including ChatGPT; (3) secondary articles such as reviews,
commentaries, or editorials.

2.2. Search Strategy

The literature search for this review was conducted in October 2024 across five
databases: PubMed, Scopus, Web of Science, EBSCO, and Embase. Search prompts were
designed using a combination of keywords and restrictions, including Title and Abstract
(tiab) and Medical Subject Headings (MeSH). For PubMed, the following prompt were
used: (“ChatGPT”) AND (diet[tiab] OR dietary[tiab] OR meal[tiab] OR meals[tiab] OR
nutrition[tiab] OR nutritional[tiab] OR food[tiab] OR eating[tiab] OR menu[tiab] OR feed-
ing[tiab] OR meals[mh] OR diet[mh] OR “diet therapy”[mh] OR “menu planning”[mh]
OR “nutrition therapy”[mh] OR “feeding behavior”[mh] OR dietetics[mh] OR food[mh]
OR eating[mh]). This prompt included keywords relevant to the review topics. Searching
prompts for the other databases were adapted from this prompt using the same set of
keywords and can be found in the Appendix A.

2.3. Data Extraction

Data extraction was performed by one author (PG) and subsequently verified for
accuracy by two additional authors (GL and RA). A standardized data extraction form
was used to extract and organize information from the included articles. The key features
extracted were the first author’s last name, year of publication, region of the study, diet
suggestion category(s), ChatGPT model version, model customization status, health condi-
tion emphasis, key results, and study limitations. Meta-analyses were not conducted due
to the heterogeneity in study results, health condition focus, and methodologies.

2.4. Study Quality Assessment

The study quality assessment criteria were adapted from previous research [42,43].
The quality of each included study was evaluated based on the following criteria: (1) clear
research objectives and goals directly related to ChatGPT; (2) detailed description of the
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sample; (3) specification of the ChatGPT model version used; (4) use of valid outcome
measures; (5) comparison with an appropriate benchmark; (6) involvement of experts as
references to evaluate AI outputs; (7) detailed description of study methods to ensure
transparency in data collection; (8) transparent discussion of study limitations; and (9) con-
sideration of real-world applicability. The quality of each study was assessed by presence
(score = 1) or absence (score = 0). The final quality score, ranging from 0 to 8, was calculated
by summing the points across all criteria.

3. Results
3.1. Study Selection

A total of 507 articles were identified through the database keyword search. Of these,
355 were excluded during the pre-screening phase for reasons such as duplication, being
non-English articles, not being peer-reviewed, or not being empirical research articles.
The remaining 152 articles were screened by title and abstract, resulting in the exclusion
of 111 articles based on the exclusion criteria. The remaining 41 articles were further
evaluated in full text against the study selection criteria. Among these, four were excluded
for not being primary empirical studies; seven did not focus on personalized diet planning
and recommendations; two evaluated other LLMs without including ChatGPT, and four
utilized LLMs but did not address personalized dietary recommendations. Ultimately,
23 studies met the inclusion criteria and were included in the final review (Figure 1).
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3.2. Basic Characteristics of Included Studies

Table 1 summarizes the 23 studies included in the review. These comprise fifteen
validation studies (Wang LC et al. [40]; Ponzo V et al. [31]; Tsai Ch et al. [38]; Sun H et al. [37];
Papastratis I et al. [28,29]; Niszczota P et al. [25]; Naqvi HA et al. [24]; Naja F et al. [23];
Liao LL et al. [19]; Kiriakedis S et al. [16]; Haman M et al. [13]; Aiumtrakul N et al. [3];
Acharya PC et al. [1]; Dimitriadis F et al. [7]), five comparative studies (Qarajeh A et al. [32];
Kirk D et al. [17]; Hieronimus B et al. [14]; Bayram HM et al. [5]; Agne I et al. [2]), and four
qualitative studies providing descriptive insights (Lo FPW et al. [20]; Kim DW et al. [15];
Leslie-Miller CJ et al. [18]). We classified studies as “validation” studies if they specifically
focused on directly assessing ChatGPT’s performance in providing personalized dietary
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recommendations. In contrast, comparative studies evaluated ChatGPT’s performance by
comparing it to other LLMs or human dietitians.

Table 1. Basic Characteristics.

Study
ID First Author, Year Region Diet Suggestion

Category
ChatGPT

Model/Version
Used

Customize/
Fine-tuned?

Health Condition
Focused?

18 Wang, 2024 USA
Dietary Management,

Nutritional
Recommendation

GPT-4 No Dialysis

19 Ponzo, 2024 Italy Dietary Management GPT-3.5 No

1. Dyslipidemia
(hypercholesterolemia

and
hypertriglyceridemia)

2. Arterial hypertension
3. Type 2 diabetes
mellitus (T2DM)

4. Obesity
5. Non-alcoholic fatty
liver disease (NAFLD)

6. Chronic kidney
disease (CKD)
7. Sarcopenia

20 Tsai, 2023 USA Dietary Management GPT-3.5 Customized APP Pregnancy
21 Sun, 2023 China Dietary Management ChatGPT, GPT 4.0 No T2DM

22 Qarajeh, 2023 USA, Jordan,
Thailand Nutrition Estimation GPT-4, GPT-3.5 No Chronic Kidney Disease

(CKD)

23 Papastratis, 2024 Greece Dietary Management GPT-4, GPT-3.5 No

1. Obesity
2. Cardiovascular

disease
3. T2DM

24 Papastratis, 2024 Greece Dietary Management GPT-4 No No
25 Niszczota, 2023 Poland Dietary Management GPT-3 No Allergies

26 Naqvi, 2024 USA Dietary Management GPT-3.5 No Inflammatory Bowel
Disease (IBD)

27 Naja, 2024 UAB, Lebanon,
Bahrain

Dietary Management,
Nutrition Estimation GPT-3 No

1. T2DM
2. MetS

3. Hyperglycemia
4. Obesity

5. HTN
6. High TG

7. Low HDL Levels
28 Liao, 2024 Taiwan Dietary Management GPT-3.5 No No
29 Leslie-Miller, 2024 USA Dietary Management N/A No Pediatric
30 Kirk, 2023 Netherlands Dietary Management GPT-3 No No
31 Kiriakedis, 2024 USA Dietary Management GPT-4 No Nephrolithiasis

32 Kim, 2024 USA, South Korea Dietary Management GPT-4 No Multiple Health
Conditions

33 Lo, 2024 UK, Hong Kong Dietary Management,
Nutrition Estimation GPT-4v No NO

34 Hieronimus, 2024 Germany Nutrition
Recommendation GPT-4 No No

35 Haman, 2023 Czech Nutritional
Recommendation GPT-3.5 No No

36 Bayram, 2024 Turkey Nutritional
Recommendation GPT-4, GPT-3.5 No No

37 Aiumtrakul, 2024 USA, Thailand Diet Management GPT-4, GPT-3.5 No Kidney Stone

38 Agne, 2024 Germany
Dietary Management,

Nutritional
Recommendation

GPT-3.5 No Obesity

39 Acharya, 2024 USA, Thailand,
Hungry

Dietary Management,
Nutritional

Recommendation
GPT-4, GPT-3.5 No Chronic Kidney Disease

(CKD)
40 Dimitriadis, 2024 Greece, Poland Dietary Management N/A No Heart Failure (HF)

In terms of particular health condition focus, 16 studies examined ChatGPT’s per-
formance in addressing one or more specific health conditions (Wang et al. [40]; Ponzo
et al. [31]; Tsai Ch et al. [38]; Sun H et al. [37]; Qarajeh A et al. [32]; Papastratis I et al. [28];
Niszczota P et al. [25]; Naqvi HA et al. [24]; Naja F et al. [23]; Leslie-Miller et al. [18];
Kiriakedis S et al. [16]; Kim DW et al. [15]; Aiumtrakui N et al. [3]; Agne I et al. [2]; Acharya
PC et al. [1]; Dimitriadis F et al. [7]). The remaining nine studies explored ChatGPT’s
applications in general dietary advice and management.
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3.3. ChatGPT Effectiveness on Diet Plan

Table 2 reports the results and conclusions from 23 studies that evaluated ChatGPT’s
performance in personalized diet recommendations across various contexts and health
conditions. Most studies demonstrated that ChatGPT-generated dietary advice was highly
rated and aligned with nutritional guidelines. However, areas such as calorie estimation,
macronutrient balance, and adherence to clinical requirements require further improve-
ment. Key strengths of ChatGPT’s responses included: (a) accurate identification of food
items, including cross-cultural foods (87.5% food detection accuracy); (b) alignment with
credentialed nutrient information databases; and (c) generation of diverse meal plans [34].

Several studies highlighted that ChatGPT’s meal plans often met recommended
macronutrient and micronutrient requirements [23,24,32,34], with an average macronutri-
ent accuracy of 84.19%. However, performance declined in complex scenarios involving
coexisting health conditions and dietary restrictions for allergies. For example, ChatGPT-
generated meal plans included allergens like nuts for individuals with allergies [29]. Chal-
lenges also included inconsistencies in accuracy for specific nutrient categories (e.g., high
oxalate content) and variability in portion sizes and micronutrient estimates [31].

Comparative studies showed that GPT-4 outperformed GPT-3.5 in nutrient accuracy
and meal variety [36]. While ChatGPT models often received positive ratings from pro-
fessionals and, in some cases, outperformed human dietitians [25,28,30], incomplete or
discordant dietary suggestions were occasionally identified. Experts emphasized the need
for supervision of AI-generated content to avoid misunderstandings or misuse [25,35].
Figure 2 showed a comparison chart between GPT-4 and GPT-3.5.
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Figure 2. GPT-3.5 versus GPT-4 Brief Accuracy Comparison.

Real-world applications revealed mixed results. While ChatGPT performed well in
providing general dietary recommendations aligned with clinical guidelines, its accuracy
decreased when addressing complex dietary restrictions involving multiple health con-
ditions and micronutrient needs. Studies emphasized the importance of further model
training and refinement based on real-world guidelines and practical experiences. Further-
more, one study reported that 53% of experts believed ChatGPT’s advice should not be
solely relied upon for critical dietary plans or decisions [19].
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Table 2. Study Results and Limitations.

Category Study
ID First Author, Year Key Results Limitations

Validation
Study

18 Wang, 2024 Renal dietitian rated ChatGPT generated meal plan as 5, and
nutritional as 2 per 5-point Likert scale (low 1, high 5). N/A

19 Ponzo, 2024 Overall accuracy of ChatGPT’s advice ranged from 55.5%
(sarcopenia) to 73.3% (NAFLD).

Not performed on the most recent versions of
ChatGPT.

20 Tsai, 2023 A ChatGPT-powered chatbot was introduced. N/A

21 Sun, 2023

1. ChatGPT: 60.5% accuracy on dietitian exam.
2. GPT-4.0: 74.5% accuracy on the dietitian exam.

3. Ketogenic diet adherence: 80.7% (non-recommended foods),
94.87% (recommended foods).

1. Incomplete exposure to patient questions.
2. Variability in response.

3. Scope definition unclear.

24 Papastratis, 2024
1. Energy intake deviation: 17%.

2. Macronutrient accuracy improves by 12%.
3. Overall accuracy: 84.19%.

N/A

25 Niszczota, 2023 1. 52/56 ChatGPT-generated diets include allergens.
2. Frequent errors in food quantity specification. More dynamic interactions with ChatGPT.

26 Naqvi, 2024 Appropriate response rate: 83.3%.
Inter-rater reliability: 94.4%. GPT’s limitations in data interpretation.

27 Naja, 2024

1. Incomplete/discordant dietary management recommendations.
2. Lacks complete PES statements in nutrition care.

3. Diet plan: display micronutrients and macronutrients
discrepancies.

1. Same prompt vary response.
2. Differences bring by prompt quality.
3. Lack of human comparison group.

28 Liao, 2024
1. 84.38% accuracy rate Nutrition Literacy (NL) test.

2. Feedback: ‘Lacks thoroughness/rigor,’ cited 52 times among 30
dietitians’ 242 entries.

1. Restrictive scenarios may not represent all
dietary challenges.

2. Potential bias introduced by misunderstood
dietitians.

3. Small sample size.

31 Kiriakedis, 2024 ChatGPT aligns dietary recommendations with clinical guidelines. ChatGPT’s recommendations may not account for
the personalized situation of patients.

32 Kim, 2024

1. 5/14 experts successfully distinguish AI from human content.
2. 79.1% (53/67) of experts unable to distinguish AI-generated diet

plans, rated similarly to controls.
3. The AI-generated diet plan was rated above neutral in all

evaluation variables.

The AI diet plan has several limitations:
1. Conflicts about dietary considerations.

2. Insufficient details about recommendations.
3. Lack of affordability.

33 Lo, 2024

1. 87.5% accuracy in food detection.
2. Limited performance in portion size estimations.

3. Nutritional contents conversion is well-aligned with the USDA
National Nutrient Database.

4. Able to identify regional dishes.

1. Portion Size estimation for small size.
2. Limited performance in portion estimation.

34 Hieronimus, 2024 1. ChatGPT-generated meal plan mostly met the nutrient
requirement of macronutrients and micronutrients.

1. Individual user prompts may influence the
result.

2. Quick evolving on GPT models suggests the
result is only valid for study time.

35 Haman, 2023 97% of values fall within the 40% difference in USDA data.

1. Restricted to basic nutrition of a single item.
2. Accuracy variable across different nutrients.
3. Unable to assess ChatGPT Plan for chronic

conditions patients.

36 Bayram, 2024 GPT 4 achieved 60.6% accuracy for the food classification task.

1. Limited in experimental environment.
2. Accuracy discrepancies exist between different

models.
3. Only focused on PQ classification.

37 Aiumtrakul, 2024 1. Accuracy: GPT-4 (52%), GPT-3.5(49%).
2. Accuracy decreases with higher oxalate content categories.

1. Enhancement in the chatbot algorithm is
needed for better clinical applicability.

2. The study only focuses on oxalate content.

39 Acharya, 2024

1. Both GPT-3.5 and GPT-4 provide no misleading response to all
questions of KDOQI and KDIGO guideline questions.

2. Flesch-Kincaid Grade Level readability assessment: ChatGPT 3.5
(11.3 ± 2.1), ChatGPT 4.0 (11.1 ± 1.9).

1. Evaluation criteria materials may not represent
the entirety and complexity of CKD patients.

2. Absent of need for further assessment based on
real-world inquiries.

40 Dimitriadis, 2024 ChatGPT provided thorough and accurate answers for 7/8
questions.

1.The study does not involve real patients.
2. Only assess HF and accuracy performance.

Comparative
Study

22 Qarajeh, 2023

1. GPT-4: 81% accuracy, GPT-3.5: 66% (Mayo Clinic Renal Diet, 240
items).

2. Potassium: GPT-4 (81%), GPT-3.5 (66%).
3. Phosphorus: GPT-4 (77%), GPT-3.5 (85%).

1. Lack of real-world food diversity.
2. Model discrepancies remain unexplored.

3. Lack of consideration for CKD.
4. Leaving potential concerns such as user

experience, usability, and AI integration with
clinical workflow.

23 Papastratis, 2024

1. Nutrient accuracy: GPT-3.5 (82%), GPT-4 (82%), KB
Recommender (91%).

2. Energy intake accuracy (caloric difference): ChatGPT (>19%), KB
Recommender (0.8%).

3. Meal variety score: GPT-3.5 (6.58), GPT-4 (6.4), KB Recommender
(4.89).

N/A

29 Leslie-Miller, 2024 No difference was observed between ChatGPT and Expert.
1. Self-report bias

2. Restricted populations
3. Lack of long-term impact measuring

30 Kirk, 2023 ChatGPT receives higher overall grades than dietitians on five
occasions.

The limit of response length may limit response
quality.

38 Agne, 2024

1. ChatGPT provides suitable personalized dietary advice
compared with another algorithm.

2. ChatGPT recommendations contain inconsistencies.
3. ChatGPT should not be solely relied upon.

1. Inconsistencies and errors in diet management
and recommendations

2. ChatGPT response ack of depth and reliability.
3. Further development and fine-tuning of LLM

models are necessary to fit dietary
recommendations needs.
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3.4. Study Quality

Table 3 reports the results of the study’s quality assessment. On average, the in-
cluded studies met seven out of nine quality criteria. All but two studies clearly stated
research objectives and goals directly related to ChatGPT applications in personalized
dietary recommendations [29,40]. Nineteen articles clearly described the samples or partici-
pants involved in the study [18–31,33–37]. Twenty studies specified the ChatGPT model
version used, while three did not [21,29,40]. Benchmark comparison received the low-
est score, with only 15 studies comparing ChatGPT’s performance against appropriate
benchmarks [18–20,22–26,28,30,31,33,36–38]. Additionally, 18 studies involved experts as
references to evaluate AI outputs, while five did not [21,27,29,32,39]. Finally, 17 studies
discussed their limitations and real-world applicability, while six did not [21,27,29,32,35,39].

Table 3. Quality Assessment of Studies.

Item Criterion of Study Quality Percentage Met
Criteria/Mean

1 Clear research objectives and goals directly related to
ChatGPT. 91%

2 Detailed description of the sample. 83%
3 Specification of the ChatGPT model version used. 87%
4 Valid outcome measures. 91%
5 Comparison with an appropriate benchmark. 65%
6 Involvement of experts as references to evaluate AI outputs. 78%

7 Detailed description of study methods to ensure
transparency in data collection. 91%

8 Transparent discussion of study limitations and
consideration of real-world applicability. 78%

9 Total study quality score by summing up items 1–8. 7.3

4. Discussion
Dietary and nutritional management are increasingly important in health promotion

and disease prevention. Advances in AI have introduced innovative possibilities in the
dietary field, with tools like ChatGPT showing significant potential. This systematic review
evaluated existing scientific evidence on ChatGPT’s performance in personalized diet
recommendations and nutritional management. A total of 23 studies met the inclusion
criteria identified through comprehensive database searches and rigorous screening pro-
cesses. Among these, 20 studies reported positive results, highlighting ChatGPT’s ability
to perform various tasks related to dietary planning. ChatGPT demonstrated strengths in
providing dietary advice aligned with clinical guidelines, excelling in areas such as food
identification, nutrient accuracy, and meal variety. Studies also indicated that many users
and experts could not distinguish ChatGPT-generated diet plans from those created by
human dietitians. These findings suggest that ChatGPT holds great promise for enhancing
dietary services.

Comparative studies included in this review explored ChatGPT’s performance across
three main dimensions: (1) version comparisons involving comparing different versions of
ChatGPT (e.g., GPT-3.5 vs. GPT-4). These studies revealed that newer versions generally
performed better in nutrient accuracy and meal variety. (2) ChatGPT versus human
dietitians: studies comparing ChatGPT to human dietitians found that ChatGPT often
produced recommendations comparable to those of professionals, though expert feedback
highlighted the need for human supervision to address incomplete or inconsistent outputs.
(3) ChatGPT versus benchmarks: comparisons against certified nutritional databases or
official guidelines provided quantifiable insights into ChatGPT’s intrinsic performance,
although inconsistent benchmarks across studies made it challenging to unify findings.
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4.1. Limitations

This study focuses on ChatGPT as the Large Language Model (LLM) and does not
include other LLMs for several reasons. First, ChatGPT is one of the most dominant LLMs
in the market and is widely studied in academia, serving as an exemplary LLM. In addition,
there are numerous LLMs available, making it impossible to assess all their performances.
Thus, the study focuses only on ChatGPT. However, it would be beneficial to further
study the performance differences across various LLMs in dietary recommendations and
related applications.

This review identified several limitations in the extant evidence. Over half of the
included studies were conducted in experimental or simulated settings, lacking observa-
tional data from real-world use cases. This limits the generalizability of findings. Fourteen
studies focused on specific health conditions, restricting their findings to narrow fields.
Broader investigations encompassing general dietary applications are needed to further
assess ChatGPT’s performance across diverse real-world scenarios. None of the included
studies examined ChatGPT’s long-term impact on dietary adherence and health outcomes.
Intervention-based research designs involving human subjects in real-world settings are
needed to evaluate the sustained effects of ChatGPT-generated dietary plans.

Significant heterogeneity existed in the methodologies employed across the included
studies. A key challenge in assessing ChatGPT’s performance is determining the appropri-
ate benchmark. Some studies used clinical guidelines from authoritative institutions like the
NIH, while some relied on ratings from experts such as Registered Dietitians [18–20,33,36].
In addition, inconsistent prompt designs were used [23,24,32], which likely introduced
biases in performance outcomes, further complicating the comparability of findings across
studies. This heterogeneity in study designs and methodologies precluded the possibility
of performing a meta-analysis for this review.

Challenges and inconsistencies in ChatGPT’s performance were also identified. A
major concern is nutritional safety. For instance, one study focusing on allergy-related
dietary recommendations found that ChatGPT’s meal plans included allergens, posing
risks for individuals with specific food allergies [25]. Considering that these populations
are less tolerant to nutritional imbalances compared to healthy individuals, inconsistent
nutritional recommendations may adversely affect their health conditions and worsen
their situations. Additionally, ChatGPT’s performance was inconsistent and less reliable in
managing complex cases involving coexisting health conditions or highly restrictive dietary
needs. While ChatGPT may perform well on dietitian exams and receive positive ratings
from dietitians, it delivers unsatisfactory performance on restricted meal suggestions, such
as those involving allergens [21,25,28,30].

It is important to acknowledge an inherent bias in the use of ChatGPT, as its output
is highly dependent on the quality and format of the input provided. Variations in input
types and user expertise in using ChatGPT can lead to differences in the quality of dietary
recommendation results. Users with limited knowledge of ChatGPT or inadequate skills in
prompt design may be unable to fully utilize its advanced functionalities. Further research
is beneficial to investigate how user familiarity with ChatGPT influences the quality and
performance of its nutritional recommendations.

4.2. Broader Implications

Despite the limitations, the review highlights ChatGPT’s potential as a tool for nu-
trition management and personalized diet recommendations. ChatGPT offers several
advantages, including accessibility, cost-effectiveness, and versatility. Its accessibility stems
from its digital format, which allows users to access it through online platforms or mobile
applications at any time. This 24/7 availability ensures that users can interact with ChatGPT
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as long as they have an internet-connected device. Compared to the cost of consultations
with human dietitians, ChatGPT represents a more cost-effective alternative for providing
dietary advice [28]. Additionally, ChatGPT has demonstrated versatility in addressing
diverse dietary needs. While its performance diminishes when managing cases involving
multiple disease conditions, it has shown competence in performing various roles tradi-
tionally associated with specialized dietitians, such as providing general nutrition advice
or clinical dietary guidance for specific illnesses. These attributes suggest that ChatGPT
could complement human dietitians and integrate into existing healthcare systems as an
auxiliary tool, provided its outputs are carefully supervised by experts.

Several promising directions for future research emerged from this review. First, devel-
oping standardized methods for evaluating the performance of ChatGPT and other LLMs
in nutritional science will enhance the reliability and comparability of findings across stud-
ies. Second, further research is required to observe ChatGPT’s performance in real-world
dietary planning and nutrition management scenarios, moving beyond the limitations of
controlled experimental settings. Third, future studies should investigate the impact of
prompt engineering on ChatGPT’s outputs in the context of dietary recommendations.
Standardizing prompt design could help reduce response variability and improve the
consistency of outputs. Fourth, investigating the long-term effects of ChatGPT-generated
dietary plans on adherence and health outcomes is crucial. Finally, studies should examine
the feasibility of integrating ChatGPT into healthcare services as a collaborative tool for
dietitians and physicians. Addressing these research gaps will advance our understanding
of ChatGPT’s potential in nutrition management and dietary planning, ultimately making
dietary services more accessible and widely used by patients.

5. Conclusions
Personalized meal planning and dietary recommendations are essential for health

promotion and disease prevention across diverse populations. However, access to dietary
services remains limited due to cost and other access barriers. This systematic review high-
lights ChatGPT’s potential as an innovative tool for personalized nutrition. The findings
demonstrate that ChatGPT can provide accurate and effective dietary advice, though chal-
lenges related to consistency, safety, and real-world applications persist. Addressing these
limitations through future research will enable ChatGPT to serve as a complementary tool
within healthcare systems, expanding access to reliable nutrition solutions and improving
overall health and well-being for diverse and often marginalized communities.
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Appendix A. Search Prompt
1. PubMed

Prompt:
(“ChatGPT”) AND (diet[tiab] OR dietary[tiab] OR meal[tiab] OR meals[tiab] OR

nutrition[tiab] OR nutritional[tiab] OR food[tiab] OR eating[tiab] OR menu[tiab] OR feed-
ing[tiab] OR meals[mh] OR diet[mh] OR “diet therapy”[mh] OR “menu planning”[mh] OR
“nutrition therapy”[mh] OR “feeding behavior”[mh] OR dietetics[mh] OR food[mh] OR
eating[mh])
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2. Web of Science

Prompt:
“ChatGPT” AND (diet OR dietary OR meal OR meals OR nutrition OR nutritional

OR food OR eating OR menu OR feeding OR diet OR “diet therapy” OR “menu planning”
OR “nutrition therapy” OR “feeding behavior” OR dietetics OR food OR eating) (Title)
or “ChatGPT” AND (diet OR dietary OR meal OR meals OR nutrition OR nutritional OR
food OR eating OR menu OR feeding OR diet OR “diet therapy” OR “menu planning” OR
“nutrition therapy” OR “feeding behavior” OR dietetics OR food OR eating) (Abstract)

3. EBSCO

Prompt:
TI (“ChatGPT” AND (diet OR dietary OR meal OR meals OR nutrition OR nutritional

OR food OR eating OR menu OR feeding OR diet OR “diet therapy” OR “menu planning”
OR “nutrition therapy” OR “feeding behavior” OR dietetics OR food OR eating)) OR AB
(“ChatGPT” AND (diet OR dietary OR meal OR meals OR nutrition OR nutritional OR
food OR eating OR menu OR feeding OR diet OR “diet therapy” OR “menu planning” OR
“nutrition therapy” OR “feeding behavior” OR dietetics OR food OR eating))

4. Embase

Prompt:
“ChatGPT” AND (diet OR dietary OR meal OR meals OR nutrition OR nutritional OR

food OR eating OR menu OR feeding OR diet OR “diet therapy” OR “menu planning” OR
“nutrition therapy” OR “feeding behavior” OR dietetics OR food OR eating)
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