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Abstract (300 words maximum)

Background: Artificial Intelligence (Al) is transforming personalized medicine, yet its efficacy constitutes a dynamic factor in the field
of health and personalized medicine.

Objective: This study compared ChatGPT’s ability to construct dietetic plans and provide nutritional advice against professional
dietitians.

Methods: Three dietitians and ChatGPT generated diet plans and gave recommendations for (i) obesity/dyslipidemia, (ii) obesity/
dyslipidemia/ hypertension, and (iii) obesity/dyslipidemia/type 2 diabetes which were compared with each other and official
recommendations. Prompts were developed via systematic iterative refinement. Macro- and micronutrient content was analyzed using
"Explore Food" software. ChatGPT’s performance was also evaluated across sexes and four ethnic groups (Caucasian, Asian, Afro-
American, Mexican). The non-parametric Mann-Whitney U Test was used.

Results: Dietitians recommended more carbohydrates, sugars, saturated fats, sodium, chloride, and iodine, while ChatGPT suggested
higher polyunsaturated fats for obesity/ dyslipidemia and obesity/dyslipidemia/ hypertension. In addition, for obesity/ dyslipidemia/
hypertension dietitians proposed more energy and fiber compared to ChatGPT. In the case of obesity/dyslipidemia/diabetes dietitians
proposed more sugars. Dietitians’ plans were higher in vitamin C and other minerals in the case of obesity/ dyslipidemia. Vitamin D
was low in all plans. Accuracy relative to official guidelines was comparable: 50-100% for dietitians versus 55-83% for ChatGPT

across all conditions. No recommendation was made for adherence to the Mediterranean diet from ChatGPT, in contrast to dietitians.
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Overall, ChatGPT proposed higher energy plans for men than women (p<0.05). However, ethnic subgroup analysis showed this
difference was significant only for Caucasian and Mexican cases.

Conclusions: In conclusion, ChatGPT had a comparable ability to dietitians to design diet plans and provide nutritional counseling for
people with obesity, hypertension, or type 2 diabetes. Its performance in specific ethnic groups may be limited. The value of human

clinical judgment and interpersonal interaction in nutrition counseling is essential for patient engagement and optimal outcomes.

Abbreviations:
Al: artificial intelligence; DRV: dietary reference values; EASD: European Association for the Study of Diabetes; EASO: European
Association for the Study of Obesity; EFSA: European Food Safety Authority; ESH: European Society of Hypertension; WHO: World

Health Organisation

Keywords: ChatGPT; artificial intelligence; diabetes; obesity; hypertension
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Introduction

Acrtificial Intelligence (Al), a breakthrough in the field of computer science, focuses on the development of computational
methods capable of performing tasks that typically require human intelligence, such as learning, reasoning, perception, and decision-
making (1). Within this field, generative Al is a subclass of Al systems designed to generate new content based on patterns learned from
large datasets (2). Al encompasses technologies, such as machine learning and deep learning, with the latter using complex neural
networks for advanced data processing (3). Chatbots, a prominent Al application, were created for the automation of interactions with
users, while offering fast and efficient services in many fields, like customer service and information provision (4). Among these,
ChatGPT-3.5 was released to the public by OpenAl in 2023 and further architectural evolutions, such as ChatGPT 4.0 and 5.0 followed
(https://openai.com/).

In parallel, applications like Chatbots broaden the prospects of personalized support in medicine (5). Indeed, Al constitutes a
modern and dynamic factor in the field of health, offering the prospect of progress and success in various sectors of medical care (6).
More specifically, the algorithms of machine learning enhance the accuracy of disease diagnosis and support personalized treatment
(7,8). Currently, Al algorithms are being evaluated in clinical practice across several specialties to assess their usefulness in healthcare
(9). In some cases, Al models can perform as well as or better than clinicians, although more data are needed (9).

In nutrition, Al can help formulate personalized nutritional programs that consider each person’s medical history, dietary
preferences, needs, and disease-specific challenges (10). Additionally, it offers the prospect of monitoring nutritional intake via

applications and devices, which provide personalized feedback and support to patients while assisting in deciphering diet-disease
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relationships, dietary assessment through photographs and other procedures (10). Previous studies have shown conflicting results with
ChatGPT providing accurate and individualized nutritional advice (11) or having low accuracy in complex clinical cases (12). A recent
meta-analysis concluded that ChatGPT is a promising tool for generating personalized meal plans although challenges still exist (13).
In other words, Al-assisted personalized nutrition warrants further substantiation (14).

Although ChatGPT’s ability to analyze data and formulate consultations has advanced, it remains unclear whether it provides
fully reliable and evidence-based information, particularly in more complex cases. Therefore, the present work aimed at testing ChatGPT
compared to dietitians in nutritional counseling and the creation of diet plans for people with metabolic diseases, such as obesity,

hypertension, or diabetes. In addition, the performance of ChatGPT across sexes and ethnicities was investigated.

Methods
Case studies and diet plans created by dietitians and ChatGPT

Registered dietitians across the country were contacted through professional networks of registered dietitians, ensuring that
participants held valid licensure and met national practice standards. Three dietitians agreed to participate in this study. All dietitians
were female and lived and practiced in Greece; two of them had private practices, and one of them worked in a public hospital. The ages
of the dietitians were 47, 44, and 42 years, and they had 27, 25, and 19 years of experience, respectively. The dietitians were asked to
design diet plans for three hypothetical cases: (i) a person with obesity/ dyslipidemia, (ii) a person with obesity/ dyslipidemia/

hypertension, and (iii) a person with obesity/ dyslipidemia/ type 2 diabetes. All hypothetical subjects used as case studies were male,
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50y old, weighed 101 kg, their height was 175 cm, and they led a sedentary life. Biochemical values and clinical measurements were
different to reflect increased blood glucose and increased blood pressure, respectively. The characteristics of hypothetical case studies
are shown in Table 2. In addition, normal values were provided for the lab exams included. For each person (1, 2, and 3), each dietitian
created 3 diet plans, and ChatGPT created 4 diet plans (in total 27 diets from dietitians and 12 by ChatGPT). In addition, both dietitians
and ChatGPT were asked to provide nutritional recommendations for each case.

The ChatGPT 3.5 opensource version was used, released on November 30, 2022 since this form was freely available at the time
the study was conducted. ChatGPT was accessed via the public web-based ChatGPT interface at https://chat.openai.com in Spring 2024
(Kalamata, Greece) using a standard user account. All the data for the case studies were included in a PDF document in English and
then inserted into the platform.

Prompt development and refinement:

The prompts were developed through a systematic, multi-stage process to ensure consistent results. Specifically, an iterative
refinement strategy was employed, incorporating elements of role prompting, constraint specification, and output structuring. Initially,
exploratory prompts were generated by one researcher (GK) to assess ChatGPT’s baseline performance. No prompts were sourced from
external sources, prior Al-generated content, or third- party prompt databases. In addition, no patients or public were involved in prompt
engineering. These prompts were progressively refined through multiple iterations by rephrasing instructions, adding clinically relevant
context (e.g., anthropometric and biochemical data), and specifying output requirements. One type of error observed during initial testing

was that the model sometimes provided meal plans without specifying quantities. This was addressed by refining the prompts and
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requesting amounts for each food item. This process is consistent with established prompt engineering techniques, including iterative
refinement and zero-shot structured prompting, where the model is guided through explicit instructions rather than examples (15).

The final optimized prompt incorporated: (i) role assignment (“act as a clinical dietitian”),

(i) patient-specific clinical and demographic data, (iii) dietary framework constraints (e.g., DASH diet), and (iv) structured output
requirements (quantities). The full refinement pathway is summarized in Table 1. An example of the prompt given to ChatGPT is found

in the shared location https://chatgpt.com/share/66fbbddc-933c-8004-882e-f5c00d093d42. The methodology followed was in line with

the recently published Chatbot Assessment Reporting Tool (CHART) reporting guidelines (16) (Supplementary Tables 1, 2 and

Supplementary Figure 1).

Additional analysis of ChatGPT performance across sex, and ethnicity with speed recording for patients with obesity and hypertension
To assess the model’s performance across demographics, we conducted a sensitivity analysis using four ethnicity-based pairs of
hypothesized patient profiles (i.e. male and female pairs of Caucasian, Asian, Afro-American and Mexican ethnicity). All hypothetical
patients had obesity and hypertension. Within each ethnicity, the male and female profiles shared identical age and anthropometric
characteristics; however, clinical parameters varied across the different ethnic groups to reflect diverse patient scenarios (Figure 1).
Two dietitians (GK and PD) assessed the cultural relevance of provided diet plans. For diet plans generation in this analysis, the

ChatGPT-5 model (GPT-5.3-mini model, OpenAl, 2026) was employed (free edition). ChatGPT was accessed via the public web-based
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ChatGPT interface at https://chat.openai.com in Spring 2026 (Kalamata, Greece). Model responses were also time-recorded using a
chronometric (stopwatch-based) method.

Diets analysis

The diet plans created by dietitians and ChatGPT were manually entered and analyzed with the online software Explore Food for their

macro- and micro-nutrient content (https://explorefood.foodafactoflife.org.uk/). The “Explore Food” platform has been created by the

British Nutrition Foundation, and it is provided under the Open Government License.

Comparison with official recommendations

All the diet plans collected both from dietitians and ChatGPT were compared with guidelines i.e. those of the “World Health
Association”, “European Association for the Study of Obesity” (EASO), the “European Society of Hypertension (ESH), and the
“European Association for the Study of Diabetes” (EASD) for obesity, hypertension, and type 2 diabetes, respectively (17-19).
Moreover, the macro- and micro-nutrient content of diet plans was compared to the European Food Safety Authority (EFSA) dietary
reference intakes (20). Two researchers from our group were involved in performance evaluation (PD and GK). The evaluators were

not masked to the identity of the chatbot under assessment. There was no patient or public involvement in the evaluation process.

Statistical Analysis
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The Kolmogorov-Smirnov normality check was applied to check the normality of data distribution. The median value was calculated,
as well as the interquartile range (25° and 75° percentile) for the energy, the macro- and micro-nutrients. To test the differences between
dietitians and ChatGPT, as well as sex differences across various ethnicities, the non-parametric Mann-Whitney U Test was conducted.
The statistical differences were considered significant for p-value< 0.05. For the statistical analysis, the program “Statistical Package

for the Social Sciences” SPSS version 21, IBM) was used.

Results

All diets were checked by the research team to identify potentially harmful, biased, or misleading

responses. All plans created by ChatGPT and dietitians contained breakfast, lunch, and dinner as well as snacks. The nutritional analysis
of diet plans created by ChatGPT and dietitians for the case study on obesity/ dyslipidemia is presented in Table 3. As is shown,
dietitians recommended higher amounts of carbohydrates, sugars, and saturated fats compared to ChatGPT. Conversely, ChatGPT
suggested higher amounts of polyunsaturated fatty acids. As far as micronutrients are concerned, dietitians proposed diet plans with
higher vitamin C, sodium, chloride, and iodine, while ChatGPT created diet plans higher in magnesium.

The nutritional analysis of diet plans created by ChatGPT and dietitians for the person with obesity/ dyslipidemia/ hypertension is shown
in Table 4. Briefly, it was observed that dietitians recommended higher amounts of energy, carbohydrates, saturated fats, sugars, fiber,
sodium, chloride, and iodine compared to ChatGPT. Conversely, diet plans proposed by ChatGPT provided more polyunsaturated fatty

acids.
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The analysis of diet plans in macronutrients and micronutrients created by ChatGPT and dietitians for the patient with obesity/
dyslipidemia/ type 2 diabetes is shown in Table 5. It is shown that the dietary plans formulated by dietitians had higher sugar content.
No other differences were observed. Notably, a low intake of vitamin D was documented in all diet plans compared to dietary reference

values (Tables 1, 2, and 3).

In Tables 6, 7, and 8, the performance of dietitians versus ChatGPT is shown regarding the recommendations for obesity, hypertension,
and diabetes, correspondingly. Briefly, in the case of obesity/ dyslipidemia dietitians and ChatGPT performed similarly: dietitians had
50-83% accuracy in their advice while ChatGPT had 60-83% accuracy (depending on the reference recommendations). In the case of
obesity/ dyslipidemia/ hypertension, dietitians had 55-88% accuracy while ChatGPT had 55-75% accuracy (depending on the reference
recommendations). For the case of diabetes, dietitians had 50-100% accuracy while ChatGPT had 66-75% (depending on the reference
recommendations). No recommendation was made for the adherence to the Mediterranean diet from ChatGPT in contrast to dietitians.
Regarding sex analysis in the additional eight patient profiles, the ChatGPT generated plans for males had higher energy (median 1464
Kcal for females versus 1802 Kcal for males, p=0.01), B12 (median 4.3 for females versus 6.0 ug for males, p=0.01) and iodine (median
100 ug for females versus 166 ug for males, p=0.001). For all other nutrients no difference was observed (Supplementary Table 3).
When ethnicity was accounted for, it was observed that ChatGPT generated higher energy meal plans for males of Caucasian and
Mexican origin, whereas for Asian and Afro-Americans the diet plans did not differentiate between male and females (Figure 2). In

addition, standard deviations in caloric provision for each patient ranged from 64 Kcal (Caucasian, male) to 211 Kcal (Mexican, female).

10
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Qualitative analysis of the proposed meal plans indicated high cultural sensitivity; food choices for each ethnic group were in line with
local dietary patterns. For example, Asian menus included firm tofu, soba, bok choy, noodles and Mexican menus included tacos, tortillas,
and light chicken pozole.

The time needed for ChatGPT to generate a 3-day diet plan across the eight patient profiles was 20.6 sec (16.7-27.4) (median,
interquartile range). A notable trend of efficiency was observed, as the processing time generally decreased with each subsequent patient
profile. Specifically, the generation time was reduced from 28.4 sec for the first patient to 17.1 sec for the final patient. The only
exception from this downward trend was observed for patient 3 (male, Asian), for which the required time was 30.3 sec to complete the

diet plans.

Discussion

The present study tested ChatGPT's performance to generate appropriate diet plans and offer nutritional advice for people with obesity,
hypertension, or diabetes. In the cases of obesity/ dyslipidemia and obesity/ hypertension ChatGPT plans had lower carbohydrates,
sugars, saturated fats, sodium, chloride, and iodine, and higher polyunsaturated fats. For obesity/ dyslipidemia hypertension, ChatGPT
plans also had lower energy and fiber. In the case of obesity/ dyslipidemia/ diabetes and obesity/ dyslipidemia, they had less sugars and
vitamin C, correspondingly. All plans were low in vitamin D compared to reference values. In general, ChatGPT was as accurate as
dietitians in providing individualized nutritional advice in line with official standards. Overall, ChatGPT proposed higher energy plans

for men than women, with this difference being significant only for Caucasian and Mexican cases.

11
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Diet plans by ChatGPT and dietitians were balanced, since they contained breakfast, lunch, dinner, and snacks, which is in line with
previous reports (21). In other studies, ChatGPT provided accurate and individualized nutritional advice, that comply with international
recommendations (11). Indeed, the compatibility of ChatGPT with the guidelines has been previously found as high as 100% for obesity
in type 2 diabetes (22). However, its accuracy in complex medical cases has been challenged in some studies. For example, it was proven
unable to manage more complex clinical cases, in contrast to professional dietitians, characterized by higher specialization (12), and
was weak in the application of more specialized approaches (23). Gaps were identified in the dietary management of type 2 diabetes
and metabolic syndrome, in particular (24), while in overlapping conditions, contradictory or inappropriate recommendations have been
documented (25). In renal diseases protein recommendations were inappropriate (26). Moreover, a study evaluating several ChatGPT-

generated diets for hypothetical people with food allergies found inaccuracies in meals and entire diets (27).

ChatGPT plans have been previously found to have comparable nutrient content with plans created by professionals (28) or quality
standards (29). The documented tendency of ChatGPT in the present study to generate plans lower in energy and carbohydrate (30)
vitamin D (21,31) and vitamin C (30) is in line with other studies. Of note the nationality of hypothetical case studies was not revealed
and it is possible that country of residence may play a role in vitamin D recommendation. In addition, lower fiber was proposed by
ChatGPT compared to dietitians, which was also documented in the study of Ozlu Karahan et al. (30). This may be explained through
the targeted use of fiber-rich foods like vegetables, legumes, whole grains, and fruits by dietitians. The present study did not assess the
ability of ChatGPT to answer common nutrition-related questions typically directed at dietitians. In other studies ChatGPT effectively
addressed such questions highlighting the promising role of chatbots in delivering nutritional guidance and support (32,33).

12
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Of note, ChatGPT may not always tailor plans to individual needs. In the present study, ChatGPT 3.5 did not account for cultural
and geographical factors, such as incorporating the Mediterranean diet principles for individuals from Mediterranean countries. This
feature is similar to other studies showing that Al-generated diet plans had low adherence to the Mediterranean diet (28) or low cultural
adaptation (30). In ethnic groups analysis ChatGPT 5.3 created culturally adapted plans but failed to provide a sex- differentiated caloric
content for Asians and Afro-Americans. Other studies have also underlined the racial disparities in Al models in the healthcare sector
(34). Plans generated from Al also lack affordability (35), a “problem” also observed in the present study. For example, expensive and
more “sophisticated foods” were introduced in diet plans created by ChatGPT such as salmon fillet, blueberries, and quinoa. These
issues render Al-generated diet plans rather unsustainable. However, the used prompts did not include sustainability, so it is expected

in part not to be taken into account.

Another issue to consider is language limitations. In the present study English language was used in prompting. Indeed, ChatGPT
capability may be limited in non-English languages by the lack of training data (36). In addition, the performance of ChatGPT was
tested against European or international recommendations and could be different against US based recommendations. For example,
ChatGPT recommendations for hypertension have been previously found to be closer to American guidelines than European ones (37).

It should be noted that in the present study no special referral to caloric goals was made in prompts in contrast to other studies that
“guided” ChatGPT through hypocaloric meals by stating it (30) or by providing a logical framework to reduce energy in cases of obesity

(11). Still, ChatGPT grasped that calories should be restricted in the given case studies.

13
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Interestingly, Al-derived diet plans were indistinguishable from human-created plans in a recent study (35). Although Al-based tools
such as ChatGPT can generate diet plans aligned with nutritional recommendations in few seconds, the human element in counseling,
along with nonverbal communication, remains a critical determinant of long-term success. Indeed, nutrition counseling involves a
patient-centered interaction that integrates medical history, psychosocial factors, cultural preferences, readiness to change, and
motivational strategies. Research highlights that the rapport between patient and practitioner is a strong predictor of adherence to dietary
recommendations and sustainable behavioral change (38). Dietitians can employ motivational interviewing techniques, empathy, and
personalized feedback to address barriers and reinforce patient self-efficacy, elements that Al currently cannot replicate with the same
depth of emotional understanding (39). Still, some users were satisfied through interactions with a motivational interviewing chatbot
(40). It’s possible that such tools are incorporated in dietetic practice and assist the workflow of dietitians as recently underlined (41)
instead of replacing dietetic professionals, although its integration potential in dietetic practice and/or clinical is currently rather limited

(42,43).

The findings of the present study have several practical implications for clinicians, researchers, and patients. For dietitians and
healthcare professionals, ChatGPT may serve as a supportive tool for quickly generating initial diet plans, potentially improving
efficiency in routine. However, its potential limitations in personalization, cultural adaptation, and management of complex clinical
conditions highlight the necessity of professional oversight and individualized assessment of each generated plan. For researchers, the
comparable performance observed in this study underscores the need for further investigation into the integration of Al tools in clinical
nutrition practice, particularly in real-world settings assessing patient adherence, safety, and long-term outcomes. For patients, Al-based

14
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tools such as ChatGPT may increase access to nutritional information and support, especially in settings with limited healthcare
resources, but should not be considered a substitute for professional dietary counseling. Overall, the present findings indicate that Al
can serve as a valuable adjunct to dietetic practice rather than a substitute, underscoring the need for an integrated hybrid approach that

combines technological tools with professional expertise.

The strengths of the present study include the comparison of ChatGPT performance with licensed, practicing dietitians, providing a
clear benchmark. In addition, a variety of conditions were considered, i.e. obesity, hypertension, and type 2 diabetes, and both nutrient
composition and recommendation accuracy were assessed, allowing a multidimensional evaluation. Furthermore, the additional analysis
performed in this design accounted for sex and/or ethnic differences in menu planning making the results more generalizable. It is also
noted that the macro- and micronutrient evaluation of all diet plans was performed with the same standardized software tool (“Explore
Food”) reducing nutrient analysis bias.

Limitations include the use of ChatGPT- 3.5 model, since at the time of data collection it was the only version freely available to
public. The knowledge of this model was updated up to 2022 and is therefore limited to data available until that date. Any further
developments, publications, or research evidence after this point were not reflected in the model’s outputs. It is possible that trained
domain-specific models or more advanced versions of ChatGPT perform better. In other studies ChatGPT-4 was more accurate but had
lower repeatability (44). For diet plans creation in obesity both versions had the same accuracy when target energy intake was not
provided in prompts while for diabetes GPT-4 had higher accuracy (11). Moreover, in the present study one user entered prompts for
all cases. This approach minimized the variability between users but if this condition does not apply different results may generate.
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Indeed, in other studies, the energy content of meal plans was different when three ChatGPT users were considered (21). In addition,
only one model was used (i.e. ChatGPT), which may limit the generalizability of the results. Finally, the present study assessed written
plans and recommendations only, without testing real-world patient engagement, adherence or outcomes. To our knowledge there is no
study addressing this issue as also highlighted in a recent meta-analysis (13), possibly due to ethical considerations.

Conclusion:

In this study, ChatGPT demonstrated a comparable ability to professional dietitians in constructing diet plans and providing
nutritional advice for individuals with obesity and dyslipidemia, obesity, dyslipidemia and hypertension, or obesity, dyslipidemia and
type 2 diabetes, achieving similar accuracy in meeting official nutrient and food-based recommendations. However, its performance in
specific ethnic groups may be limited. In this context, the value of human clinical judgment and interpersonal interaction in nutrition
counseling, particularly for complex health-related conditions, is essential for optimal outcomes. Attentive use and supervision by

professionals are needed for safe application of Al in the field of nutritional counseling.
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347 Figure legends

348  Figure 1: Sex-paired patient profiles across different ethnic groups.

349  Figure 2: Energy in ChatGPT generated plans across various ethnic groups.

350

351  Table 1: Example of prompt optimization for a patient with hypertension.

Phase

Prompt Version

Observed Limitation

Refinement Action

1.

Exploratory

“Act like a clinical dietitian and create a heart-healthy diet plan for a 52-
year-old male with hypertension. Develop a personalized three-day meal

plan tailored to the patient's specific needs and preferences”

Output likely too general;
lacks anthropometric data, no
clues about pathology based
on indexes, no
personalization, no quantities

or nutrient breakdown.

Added age, sex, and
request for structured

diet plan.

2.

Refinement

“Act like a clinical dietitian and create a heart-healthy diet plan for a 52-
year-old male with hypertension, including portion sizes. Develop a
personalized four-day meal plan tailored to the patient's specific needs

and preferences”

Still not clinically precise;
missing body composition
data and DASH-specific

guidance.

Added anthropometric
data (height, weight,
BMI) and specified
“based on DASH

principles.”
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3.

Refinement

“Act like a clinical dietitian and create a DASH-based heart-healthy diet
plan for a 52-year-old Caucasian male (170 cm, 100 kg, BMI 34.6, blood
pressure: 155/100 mmHg), including portion sizes. Develop a
personalized four-day meal plan tailored to the patient's specific needs

and preferences”

Output may include portions

but lacks exact measurement

units.

Required exact

quantities (grams/mL)

4.

Refinement

“Act like a clinical dietitian and create a heart healthy diet plan for a 52-
year-old male with hypertension (Caucasian, 170 cm, 100 kg, BMI 34.6,
blood pressure 155/100 mmHg). The diet should be based on DASH
principles, include exact quantities in grams (solids) and milliliters
(liquids). Develop a personalized four-day meal plan tailored to the

patient's specific needs and preferences”

Output does not explain the

rational of the plan.

Explanations on the

steps and
considerations
followed in

formulating the dietary

recommendations

5.
Final
Refinement /

Optimization

Act like a clinical dietitian and create a heart healthy diet plan for a 52-
year-old male with hypertension (Caucasian, 170 cm, 100 kg, BMI 34.6,
blood pressure 155/100 mmHg). The diet should be based on DASH
principles, include exact quantities in grams (solids) and milliliters

(liquids). Develop a personalized four-day meal plan tailored to the

None; prompt now ensures

clinical

personalization,

rational,

outputs.

and

accuracy,
structure,

measurable

Finalized as optimized
prompt for precise,
clinically relevant diet

planning.
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patient's specific needs and preferences, Additionally, provide a clear
explanation of the steps and considerations followed in formulating the

dietary recommendations, ensuring accuracy and precision throughout”
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ChatGPT vs Dietitian in Cardiometabolic Diets

George Katsigiannis

Table 2: Characteristics of hypothetical persons used as case-studies

Characteristics

Person 1: Obesity and

Person 1: Obesity,

Person 1: Obesity,

dyslipidemia dyslipidemia and dyslipidemia and type 2
hypertension diabetes
Age (years) 50 50 50
Weight (kg) 101 101 101
Height (cm) 175 175 175
Gender male male male
Physical Activity Low Low Low
Albumin (g/dL) 38 3.8 3.8
Glucose (mg/dL) 100 100 140
HbA1c (%) 5.4 5.4 6.5
Sodium (mEq/L) 143 143 143
Potassium (mEq/L) 4.1 4.1 4.1
Total cholesterol (mg/dL) 283 283 283
HDL cholesterol (mg/dL) 40 40 40
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LDL cholesterol (mg/dL)
Triacylglycerols (mg/dL)

Additional data

158

427

158

427
Systolic blood pressure: 144
mmHg
Diastolic blood pressure: 93

mmHg

158

427
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356
Table 3: Comparison of diet plans created by ChatGPT and dietitians for a person with obesity.

Daily reference values (EFSA)  Dietitians ChatGPT p-value
(Median, IQR) (Median, IQR)

Energy (kcal) 2204 kcal (PAL = 1.4) 1715 (1701-1894) 1488 (1392-1670) 0.089

(for energy balance)
Carbohydrates (g) not determined 193 (180-203) 125 (90-147) 0.005 *
Carbohydrates (%) 45-60% of total energy 45 (42- 48) 34 (22- 42) 0.034*
Proteins (g) 0.83g/kg (70 g) T 118 (89-124) 100 (89-115) 0.440
Fat (g) not determined 57 (52-78) 72 (50-96) 0.643
Fat (%) 20-35% of total energy 33 (28- 37) 43 (33-52) 0.106
Saturated fatty acids (g) as low as possible 14 (12-17) 11 (9-15) 0.216
Monounsaturated fatty acids (g)  not determined 28 (22-41) 29 (17-48) 0.757
Polyunsaturated fatty acids (g) 0.250 (EPA + DHA) 7 (5-10) 18 (16-25) 0.013 *
Sugars (Q) as low as possible 90 (67-99) 32 (23-64) 0.021 *
Fiber (g) 25 31 (24-40) 25 (20-32) 0.354
Thiamin (Vitamin B1) (mg) 1.2 1(1-2) 1(1-1) 1.000
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Riboflavin (Vitamin B2) (mg)

Niacin (Vitamin B3) (mg)

Vitamin B6 (mg)
Vitamin B12 (ug)
Folic acid (ug)
Vitamin C (mg)
Folic acid (ug)
Vitamin A (ug)
Vitamin D (ug)
Vitamin E (mg)
Vitamin K (ug)
Calcium (mg)
Phosphorus (mg)
Magnesium (mg)
Sodium (mg)

Potassium (mg)

1.5

250

90

250

570

15

13

70

750

550

350

2000

3500

1(1-2)

40 (25-46)
3(2-3)

5 (0-6)

287 (225-575)
249 (197-423)
287 (225-575)
327 (169-1648)
0.7 (0.2-0.8)

8 (4-10)

51 (45-2798)

708 (607-1228)
1526 (1357-2239)
337 (283-396)
1221 (1033-1554)

3895 (3265-6098)

1(1-1)

43 (33-48)

2 (2-2.5)

2 (0-4)

266 (244-283)
141 (95-213)
266 (244-283)
916 (286-1952)
6 (1-13)

14 (7-24)

233 (186-274)
694 (442-8834)
1497 (636-1634)
478 (440-504)
490 (345-730)

3769 (3222-3920)

0.877

0.440

0.279

0.277

0.035

0.031*

0.035*

0.353

0.188

0.216

0.352

0.643

0.537

0.005*

0.009*

0.537
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Chloride (mg) 3100 3167 (2158-3518) 864 (761-3518) 0.005*

Iron (mg) 6 11 (7-15) 13 (12-15) 0.354
Zinc (mg) 9.3 7 (6-9) 8 (7-8) 0.279
Selenium (ug) 70 48 (35-59) 44 (36-63) 1.000
lodine (ug) 150 68 (50-214) 36 (27-431) 0.009*

357

358

359
360
361

362

Medians and interquartile ranges are shown.
* Denotes significant differences in the diet plans created by ChatGPT and dietitians.

+ The recommended intake of protein was calculated as 0.83g per kg of adjusted body weight. The ideal body weight (IBW) was
calculated based on the Lemmens equation (22* squared height) and the adjusted body weight was calculated as adjusted body
weight=IBW+0.4x (Actual BW-IBW).
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Table 4: Comparison of diet plans created by ChatGPT and dietitians for a person with obesity and hypertension.

Daily reference values Dietitians ChatGPT p-value
(EFSA) (Median, IQR) (Median, IQR)
Energy (kcal) 2204 kcal (PAL = 1.4) 1875 (1639-2017) 1298 (1221-1495) 0.013*
for energy balance
Carbohydrates (g) not determined 210 (180-119) 102 (86-119) 0.005*
45-60 % of total energy 47 (43- 50) 33 (27- 42) 0.020*
Proteins (g) 0.83g/kg (70 g) T 81 (79-116) 51 (48-65) 0.877
Fat () not determined 70 (50-78) 72 (50-96) 0.164
20-35 % of total energy 33 (29- 38) 36 (35- 40) 0.148
Saturated fatty acids (g) as low as possible 18 (12-29) 10 (8-11) 0.045*
Monounsaturated fatty acids (g) not determined 26 (25-37) 18 (17-32) 0.089
Polyunsaturated fatty acids (g) 0.250 of EPA+DHA 8 (8-13) 16 (15-19) 0.031*
Sugars (Q) as low as possible 90 (75-123) 45 (34-65) 0.013*
Fiber (g) 25 30 (24-54) 23 (16-27) 0.031*
Thiamin (Vitamin B1) (mg) 1.2 2(1-2) 1(1-1) 0.757
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Riboflavin (Vitamin B2) (mg)

Niacin (Vitamin B3) (mg)

Vitamin B6 (mg)
Vitamin B12 (ug)
Folic acid (ug)
Vitamin C (mg)
Vitamin A (ug)
Vitamin D (ug)
Vitamin E (mg)
Vitamin K (ug)
Calcium (mg)
Phosphorus (mg)
Magnesium (mg)
Sodium (mg)
Potassium (mg)

Chloride (mg)

1.5

250

90

570

15

13

70

750

550

350

2000

3500

3100

1(1-2)

21 (21-44)

2 (2-2)

5 (0-9)

291 (226-575)
249 (202-369)
327 (169-699)

2 (1-6)

9 (7-12)

51 (45-394)

682 (579-2205)
1408 (1247-2437)
313 (273-480)
1118 (904-3008)
3893 (3209-6540)

2116 (1799-6127)

1(1-1)

41 (28-46)

2 (2-2)

1(1-3)

431 (320-598)
179 (122-247)
1085 (314-2638)
1 (1-6)

12 (10-16)

251 (60-467)

508 (402-985)
1462 (1217-1632)
473 (370-547)
475 (458-877)
3209 (3024-3893)

1799 (836-2116)

0.877

0.216

0.757

0.641

0.216

0.122

0.164

0.610

0.089

0.643

0.165

0.877

0.064

0.013*

0.537

0.013*
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365

366

367
368
369

370

Iron (mg) 6 11 (8-16) 8 (9-11) 0.537

Zinc (mg) 9.3 7 (5-14) 5 (8-7) 0.354
Selenium (ug) 70 63 (32-82) 32 (34-63) 0.440
lodine (ug) 150 67 (49-236) 49 (29-67) 0.021*

Medians and interquartile ranges are shown.
* Denotes significant differences in the diet plans created by ChatGPT and dietitians.

1 The recommended intake of protein was calculated as 0.83g per kg of adjusted body weight. The ideal body weight (IBW) was
calculated based on the Lemmens equation (22* squared height) and the adjusted body weight was calculated as adjusted body
weight=IBW+0.4x (Actual BW-IBW).
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Table 5: Comparison of diet plans created by ChatGPT and dietitians for a person with obesity and type 2 diabetes.

Energy (kcal)

Carbohydrates (g)

Carbohydrates (%)
Proteins ()

Fat (9)

Fat (%)

Saturated FA (g)
Monounsaturated FA (g)
Polyunsaturated FA (g)
Sugars (g)

Fiber (g)

Thiamin (mg)

Daily reference values (EFSA)

2204 kcal (PAL = 1.4)
for energy balance

not determined

45-60 % of total energy
0.83g/kg (70 ) T

not determined

20-35 % of total energy
as low as possible

not determined

250mg EPA+DHA/day
as low as possible

25

1.2

Dietitians

(Median, IQR)
1543 (1446- 1602)

159 (116- 182)

40 (34- 48)
96 (87- 105)
65 (44- 79)
40 (28- 45)
17 (9- 27)

25 (18- 34)
7 (5- 16)

71 (56- 73)
27 (22- 31)

1.3 (1.2- 1.6)

ChatGPT

(Median, IQR)
1411 (1192- 1457)

107 (79- 155)

34 (23- 43)
92 (70-100)
66 (45- 81)
42 (33-52)
12 (7- 17)

25 (13-38)

20 (14- 22)
48 (28- 63)
27 (21- 31)

15(1.2-1.7)

p-value

1.000

0.053

0.260
0.188
0.394
0.503
0.938
0.486
0.938
0.036*
0.075

0.938
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Riboflavin (mg)
Niacin (mg)
Vitamin B6 (mg)
Vitamin B12 (ug)
Folic Acid (ug)
Vitamin C (mg)
Vitamin A (ug)
Vitamin D (ug)
Vitamin E (mg)
Vitamin K (ug)
Calcium (mg)
Phosphorus (mg)
Magnesium (mg)
Sodium (mg)
Potassium (mg)

Chloride (mg)

1.3

16

1.5

250

90

570

15

13

70

750

550

350

2000

3500

3100

1.5 (0.8- 1.6)

23 (21- 39)

1.5 (1.4- 2.6)

2.3 (2.1- 6.8)

294 (248- 448)
170 (143- 195)
493 (198- 1092)
0.9 (0.7-6.7)

6.5 (4.8- 17.9)

54 (27- 337)

967 (617- 1063)
1452 (1226- 1491)
330 (311- 409)
1137 (593- 1330)
3505 (3184- 4555)

2502 (769- 2661)

0.8 (0.6- 1.4)

31 (21- 42)

2.0 (1.6- 2.6)

3.5 (1.7- 3.8)

361 (239- 454)
192 (142- 317)
1613 (540- 3683)
12.5 (8.7 -10.6)
17.9 (10.8- 24.0)
189 (19- 1205)
467 (365- 928)
1415 (1150- 1453)
409 (323- 425)
511 (433- 609)
3318 (3188- 3486)

814 (745- 1290)

0.816

0.141

0.698

0.486

0.816

0.816

0.588

0.314

0.140

0.141

0.938

0.188

0.486

0.536

0.053

0.486
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371
372
373

374
375
376

377

378

379

380

Iron (mg) 6 9.6 (8.6- 12.3)

Zinc (mg) 9.3 7.8 (6.8- 9.8)
Selenium (ug) 70 56 (39- 64)
lodine (ug) 150 61 (43- 132)

Medians and interquartile ranges are shown.
* Denotes significant differences in the diet plans created by ChatGPT and dietitians.

10.2 (8.5- 14.0)
7.4 (6.6-7.9)
53 (38- 55)

48 (35- 60)

0.188

0.394

0.394

0.188

1 The recommended intake of protein was calculated as 0.83g per kg of adjusted body weight. The ideal body weight (IBW) was
calculated based on the Lemmens equation (22* squared height) and the adjusted body weight was calculated as adjusted body

weight=1BW+0.4x (Actual BW-1IBW).
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ChatGPT vs Dietitian in Cardiometabolic Diets
George Katsigiannis

Table 6: Dietitians and ChatGPT performance versus WHO and EASO recommendations for individuals with obesity.

WHO Recommendations Dietitians ChatGPT
Limit screen time X (0/3) X
Reduce the consumption of sugar — sweetened beverages and high-energy foods and promote v (3/3) v

healthy dietary behaviors
Enjoy a healthy lifestyle (balanced diet, physical activity, sleep quality and duration,

avoidance of tobacco and alcohol, emotional self-regulation) v (3/3) X

Reduce energy intake from fats and sugars; increase the consumption of fruits, vegetables,  (3/3) v

legumes, whole grains, and nuts

Engage in regular physical activity v (2/3) v

Total (1) 4/5 - 80% 3/5 — 60%
(2) 4/5 — 80%

(3) 3/5 — 60%




381

382

EASO Recommendations

Increase intake of vegetables, legumes, whole grains, and fiber-rich foods
Reduce consumption of high-fat, high-sugar foods and artificial sweeteners
Replace fatty dairy and meats with leaner options

Prefer fish and seafood consumption

Reduce alcohol intake and limit sugary drinks

Engage in at least 150 minutes/week of moderate aerobic activity and resistance training 3
times/week

Total

EASO: European Association for the Study of Obesity; WHO: World Health Organisation

v (3/3)
v (3/3)
X (013)
X (113)
v (3/3)

v (213)

(1) 4/6 — 66%
(2) 5/6 — 83%

(3) 3/6 — 50%

5/6 — 83%
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Table 7: Dietitians and ChatGPT performance versus recommendations for individuals with hypertension.

WHO Recommendations Dietitians ChatGPT

Eat more vegetables and fruits v (3/3) v

Be physically active: 150 min/week moderate-intensity or 75 min/week vigorous- v (213) v
intensity

Lose weight if overweight or obese v (213) v
Limit salty foods (under 2 grams/day) v (3/3) v
Avoid saturated and trans fats v (3/3) X

Do not smoke X (0/3) X
Limit alcohol (1 drink/day for women, 2 for men) or avoid it v (31.3) X
Total (1) 6/7 — 85% 417 - 57%

(2) 5/7 - 71%

(3) 5/7 - 71%

ESH Recommendations Dietitians ChatGPT
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Smoking cessation

Stress management

DASH or Mediterranean diet

Limit fatty meats, full-fat dairy, sugar, and sugary drinks
Regular physical activity

Weight reduction

Limit sodium intake

Increase potassium intake

Limit alcohol

Total

X (03)
v (213)
v (3/3)
v (3/3)
v (213)
v (213)
v (3/3)
v (213)
v (3/3)
(1) 8/9 - 88%
(2) 5/9 - 55%

(3) 719 - 77%

<

< >

v

X

5/9 — 55%

38



384  ESH: European Society of Hypertension; WHO: World Health Organisation
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Table 8: Dietitians and ChatGPT performance versus recommendations for individuals with type 2 diabetes.

WHO Recommendations Dietitians ChatGPT
Reach and maintain a healthy body weight X (1/3) v
Be physically active for at least 30 minutes of moderate exercise every day v (3/3) v
Follow a healthy diet and avoid sugar and saturated fats v (3/3) v
Do not smoke X (0/3) X
Total (1) 2/4 —50% 3/4 - 75%

(2) 3/4 - 5%

(3) 2/4 — 50%
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EASD Recommendations

Balanced Macronutrient Distribution (quality-focused diet)

Carbohydrate Management (low glycemic index, reduce processed carbs & sugar)
Dietary Patterns (Mediterranean, DASH, or plant-based)

Weight Management (calorie reduction & increased physical activity)

Fat Quality (prioritize unsaturated fats)

Limit Salt (under 5 grams/day)

Total (1)
2
3)

EASD: European Association for the Study of Diabetes; WHO: World Health Organisation

v (3/3)
v (3/3)
v (3/3)
v (3/3)
v (3/3)
X (113)
5/6 — 83%

6/6—100%

5/6 — 83%

X

4/6 — 66%
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MALES
Patients 1
AGE (years) 52
SEX MALE
WEIGHT (keg) 100
HEIGHT (m) 1.70
BMI (kg/m2) 34.6
NATIONALITIES CAUCASIAN
BLOOD PRESSURE (mm/Hg) 150/95
FEMALES
Patients 2
AGE (years) 52
SEX FEMALE
WEIGHT (kg) 100
HEIGHT (m) \ 1.70
BMI (kg/m2) 34.6
NATIONALITIES CAUCASIAN
BLOOD PRESSURE (mm/Hg) 150/95

MALES PATIENT DATA
3

45
MALE
88
1.80
27.2
ASIAN
155/100

FEMALES PATIENT DATA
4

45
FEMALE
88
1.80
27.2
ASIAN
155/100

60
MALE
92
1.68
32.6
AFRO-AMERICAN
160/95

60
FEMALE
92
1.68
326
AFRO-AMERICAN
160/95

7

38
MALE
85
1.75
27.8
MEXICAN
145/90

38
FEMALE
85
1.75
27.8
MEXICAN
145/90
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