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Objective: Although artificial intelligence (AI)-based nutrition recommendations 
are becoming increasingly common among the public, the accuracy and 
reliability of diets produced especially for adolescents in the growth and 
development period are not sufficiently known. This study aimed to evaluate 
the clinical validity of AI by comparing the nutritional content of diets generated 
by different AI models with dietitian reference plans.
Methods: A total of 60 three-day diet plans were generated in two sessions 
by five AI models (ChatGPT-4o, Gemini 2.5 Pro, Claude 4.1, Bing Chat-5GPT, 
and Perplexity) for four standardized adolescent profiles in this cross-sectional 
and comparative study. A dietitian reference plan was prepared for each profile. 
Energy and macro-micronutrients were analyzed with BeBiS. Comparisons were 
evaluated with single-sample t-test, Cohen’s d, and Bland–Altman fit analyses.
Results: AI models tended to systematically undercalculate energy (bias: 
+695 kcal), protein (+19.9 g), lipid (+15.8 g), and carbohydrate (+114.6 g). In 
macronutrient percentages, protein (21.5–23.7%) and lipid (41.5–44.5%) ratios 
were above the recommended adolescent guidelines, while carbohydrate 
ratios (32.4–36.3%) were significantly below. Significant variation was observed 
between models in micronutrient contents, and no model showed consistent 
proximity to the dietitian across all nutrients.
Conclusion: AI models have exhibited clinically significant deviations in diet 
plans for adolescents at both macro and micro levels. The findings indicate 
that AI-based dietary recommendations are not appropriate to use without 
professional supervision, emphasizing the need for model improvements for 
more reliable data generation in this area.
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1 Introduction

Adolescent overweight and obesity are rapidly increasing global public health problems 
in both developed and developing countries (1–3). According to the World Health 
Organization (WHO), the number of overweight children and adolescents aged 5–19 years 
reached approximately 390 million in 2022, of whom 160 million were classified as obese (1). 
UNICEF reports indicate that, in many regions, overweight in the 5–19 age group has become 
the predominant form of malnutrition, shifting the traditional picture of undernutrition in 
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childhood and adolescence (2). Adolescent obesity is associated with 
cardiometabolic problems such as type 2 diabetes, dyslipidemia, 
hypertension, non-alcoholic fatty liver disease, and sleep apnea, as well 
as reduced quality of life and an increased risk of obesity in adulthood 
(3–5). For this reason, preventing obesity during adolescence and 
treating existing obesity early and effectively is critical for both short- 
and long-term health outcomes (6).

Current guidelines recommend multidisciplinary, child-focused 
and family-centered long-term programs that combine medical 
nutrition therapy, increased physical activity and behavioral 
modification as the cornerstone of obesity management (7–9). 
National and international guidance highlights that intensive lifestyle 
modification programs should form the core of treatment, and that 
individualized medical nutrition therapy (MNT) targeting energy 
balance, macro- and micronutrient distribution and meal patterns 
should be central to these interventions (7–9). Within this framework, 
dietitians are key health professionals who design and monitor 
guideline-based, sustainable and individualized nutrition plans, taking 
into account growth and developmental needs, comorbidities, family 
and school food environments, socioeconomic status and cultural 
eating habits (7–9). However, in many countries, limited access to 
dietitians and high clinical workloads make it difficult for adolescents 
to receive regular, personalized nutrition counseling (3).

Digital health applications and artificial intelligence (AI)-based 
tools are increasingly being explored as ways to alleviate these 
constraints. A review of chatbots designed to support nutrition and 
physical activity in adolescents identified only five relevant studies; 
across these interventions, chatbot use and acceptability were 
generally moderate to high, but findings on health-related outcomes 

such as weight and behavior change were few and heterogeneous, and 
the overall level of evidence was judged to be limited (10). In a survey 
of 315 high school students aged 15–19 years in Bulgaria, 31.4% of 
participants reported using the internet (including ChatGPT) to 
obtain information about healthy eating, whereas only 10.5% had 
consulted a family doctor for this purpose (11). In the same study, 
18.1% of students reported body dissatisfaction, 24.8% a desire to be 
thinner, and 10.5% reported unhealthy weight control behaviors such 
as post-meal vomiting or laxative use (11). Taken together, these 
findings suggest that a notable proportion of adolescents with 
pronounced body image and weight concerns rely on internet- and 
AI-based sources for nutrition information, and that the quality and 
safety of information obtained from these tools may be clinically 
important (10, 11).

In parallel, ChatGPT and other large language models (LLMs) 
have begun to be evaluated in the nutrition field for answering dietary 
questions, generating educational content and creating sample menu 
plans (12–15). In a study among university students, ChatGPT’s 
responses to nutrition knowledge questions were found to be 
approximately 84.4% accurate according to a nutrition literacy test; 
however, dietitians judged these responses to be limited in terms of 
understandability, practical applicability and breadth of coverage (12). 
In another study comparing diets generated by ChatGPT with diets 
planned by dietitians for chronic disease scenarios, ChatGPT-
generated menus did not consistently meet energy and nutrient 
targets, sometimes included foods that could be clinically 
inappropriate, and showed a low level of individualization (13). A 
study comparing nutrition recommendations from several chatbots 
(ChatGPT, Gemini, Copilot, Claude, Perplexity and others) reported 
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that accuracy, completeness and consistency scores were particularly 
low in cases with comorbidities and concluded that these tools cannot 
replace the services of a registered dietitian (15). Similarly, a qualitative 
study underlined that while ChatGPT may support dietitians with 
basic nutrition information and literature searches, it cannot assume 
core professional roles such as patient-specific medical nutrition 
therapy planning, ethical responsibility and long-term follow-up, and 
therefore cannot substitute for professional nutrition counseling (14).

Recently, not only ChatGPT but also other large language models 
such as Gemini, Claude and Microsoft Copilot have begun to be 
evaluated for their ability to generate nutrition and dietary 
recommendations. Several studies have compared the responses of 
multiple chatbots for the same clinical nutrition scenario. Overall, 
these models appear to broadly reflect guideline principles; however, 
in more complex clinical cases, their accuracy and consistency remain 
limited, and contradictory or potentially clinically harmful deviations 
in nutrient recommendations—particularly for protein—have been 
reported (15). In another study, weight-loss diet plans ranging from 
1,400 to 1800 kcal generated by ChatGPT-4, Gemini and Copilot were 
compared. Although all chatbots produced plans with generally 
acceptable diet quality, there were noticeable deviations from the 
intended energy targets and marked differences in macronutrient and 
fatty acid distribution (16). A systematic review summarizing 
ChatGPT’s performance in meal planning and dietary 
recommendations found that most studies reported overall 
satisfactory accuracy, and in some instances results comparable to, or 
even better than, those of human dietitians. At the same time, the 
review emphasized important limitations regarding safety, nutrient 
adequacy, adaptation to specific clinical conditions and translation 
into real-world practice (17). Taken together, these findings suggest 
that different LLMs may provide accessible and relatively strong 
informational support in nutrition but still show clear limitations 
when it comes to generating safe and nutritionally adequate diet plans 
(12–17).

However, most of this evidence comes from adult populations and 
from hypothetical or scenario-based clinical cases. According to 
current systematic reviews and recent literature, there are no studies 
that directly compare diets generated by AI-based systems for 
overweight and obese adolescents with individualized medical 
nutrition therapy planned by a dietitian for the same individual, in 
terms of energy and nutrient content, safety and feasibility (12, 13, 
17). In addition, only a small number of studies have examined how 
much diets produced by different chatbots (e.g., LLMs such as 
ChatGPT, Gemini and Microsoft Copilot) for the same clinical 
scenario diverge from one another and from a dietitian-planned diet. 
Existing findings indicate that there can be meaningful differences in 
energy and nutrient levels—and at times clinically important 
deviations—between the diets recommended by these models 
(15–17).

The present study aims to compare guideline-based, individualized 
diets planned by a dietitian for overweight and obese adolescents with 
diets generated for the same individuals by multiple AI-based chatbots 
(ChatGPT, Gemini, Claude, Microsoft Copilot/Bing Chat and 
Perplexity). Specifically, it will examine the extent to which the total 
energy, macronutrient and selected micronutrient content of diets 
produced by each AI model deviate from the dietitian-prepared diet. 
In doing so, the study seeks to provide evidence on whether commonly 
used AI-based chatbots could replace dietitian-centered care in 

overweight and obese adolescents, or whether they should instead be 
regarded as complementary tools to be used only under dietitian 
supervision.

2 Materials and methods

2.1 Study population and design

As shown in Figure 1, this study used a multi-layered 
methodological framework that includes the creation of AI model 
outputs, reference diets prepared by the dietitian, standard adolescent 
profiles, and multifaceted complementary analyses (single-sample 
t-tests, Bland–Altman analysis, proportional deviation regression, and 
micronutrient heatmaps). The following subsections describe these 
components in detail.

2.2 Artificial intelligence systems and 
prompting protocol

The study was designed to be based on the multi-
prompt × evaluator model and adapted based on approaches in the 
AI-nutrition literature (18). The study used five different AI models: 
ChatGPT-4o (OpenAI) (19), Gemini 2.5 Pro (Google DeepMind) 
(20), Bing Chat-5GPT (Microsoft) (21), Claude 4.1 (Anthropic) (22), 
and Perplexity (Perplexity AI) (23). These chatbots are chosen because 
they are widely used AI tools that can generate personalized diet plans. 
Free versions of AI tools have been preferred because they are a more 
accessible tool for the adolescent population compared to paid 
versions. A new email account was created and used when logging 
into each chatbot to minimize the impact of previous user interactions; 
Thus, the responses of artificial intelligences are prevented from being 
affected by previous learning. Each model was run in two separate 
sessions for four different adolescent profiles. Thus, a total of 60 diet 
plans (4 adolescent profiles x 5 artificial intelligence applications x 
3-day diet plans) were obtained, each for 3 days. This design was 
chosen to evaluate both intersession reproducibility and intra-model 
consistency. The three-day plans of each model were compared with 
the reference diet plans prepared by the dietitian in accordance with 
the guidelines and guides.

2.3 Adolescent profiles scenarios

In the study, four hypothetical adolescent profiles standardized in 
terms of age, gender and body mass index (BMI) were created. In the 
study, 15 years was chosen for the adolescent profile. The reason for 
this choice is that the WHO defines adolescence in the age range of 
10–19 years and the age of 15 is in the middle of this range (24). Since 
the growth rate and nutrient requirements of girls and boys are similar 
at this age, gender-related developmental differences are minimized. 
In determining body weights, not only BMI value, but also 
BMI-percentile classifications were evaluated based on the CDC 
Extended BMI-for-Age Growth Charts specific to age and gender (25). 
According to this classification, the 85–94th percentile is “overweight,” 
≥95. percentile is defined as “obese.” This approach is in line with the 
AAP and CDC’s pediatric weight management guidelines and ensures 
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that profile categories are established with a clinically valid reference 
for growth and development (7, 25). Height lengths were determined 
according to the 50th percentile value according to age; The weights 
were chosen to represent the slightly overweight and obese categories 
in girls and boys. The four profiles created accordingly are as follows:

	•	 Boy  – Overweight (85–94th percentile): 170 cm, 73 kg (BMI 
25.3 kg/m2).

	•	 Boy – Obese (≥95th percentile): 170 cm, 89 kg (BMI 30.8 kg/m2).
	•	 Girl  – Overweight (85–94th percentile): 162 cm, 67 kg (BMI 

25.5 kg/m2).
	•	 Girl – Obese (≥95th percentile): 162 cm, 80 kg (BMI 30.5 kg/m2).

2.4 Prompt texts used

For each artificial intelligence model, prompt texts were 
standardized in Turkish and the same content was used. The goal is to 
assess the models’ capacity to produce safe, guideline-compliant, and 
content-consistent dietary recommendations without external 
guidance. The prompts did not include any calorie targets, 
non-scientific statements such as “detox,” or professional nutritional 
guidance. This approach was chosen to reflect the typical 
communication style of a real adolescent; because a 15-year-old 
individual is not expected to give detailed instructions that include 
technical terms, macro goals, or guide statements. Therefore, the use 
of simple and natural user language provided a more realistic test 
condition that activated the models’ own internal decision-making 

FIGURE 1

Methodological framework for comparing AI-generated diet plans with dietitian-designed reference diets for adolescents. Five artificial intelligence 
models produced three-day diet plans for four standardized adolescent profiles using uniform prompts (60 AI-generated diet plans evaluated against 4 
dietitian-designed reference diets). All plans were analyzed for nutrient content, and comparisons included one-sample t-tests for energy and 
macronutrients, Bland–Altman analysis to assess method agreement, proportional bias regression, and heatmap visualization for micronutrient 
variability.
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mechanisms. Example prompt “I am a 15-year-old, 170 cm tall, 89 kg 
boy. Can you write me a 3-day weight loss nutrition plan? List it as 
breakfast, lunch, dinner and 2 snacks. Give portions in grams or ml. 
Use foods that are easy to find in Turkey.” All other prompts are given 
in the Supplementary Section 1. Standardized prompts including age, 
height, and body weight were deliberately used to ensure comparability 
across AI models and to minimize variability related to user input. 
These values were selected to represent clinically relevant adolescent 
profiles spanning both overweight and obesity (e.g., BMI at or above 
the 85th percentile for overweight and the 95th percentile for obesity, 
based on age- and sex-specific percentiles), consistent with the clinical 
context of diet planning. Although adolescents may not always 
provide complete anthropometric information in real-life settings, the 
use of structured prompts allows objective evaluation of model 
performance under controlled conditions. In addition, three-day diet 
plans were selected as they are commonly used in nutritional 
assessment studies and allow evaluation of day-to-day consistency 
while minimizing excessive repetition.

2.5 Dietitian-designed reference plans

The reference diets were prepared by an associate professor 
dietitian who specializes in pediatric and adolescent diseases, and a 
1-day sample diet plan was created for each adolescent. These plans 
are arranged in line with the Turkish Nutrition Guidelines (26), 
WHO/FAO Adolescent Nutrition Guidelines (27) and Acceptable 
Macronutrient Distribution Ranges (AMDR) (28) defined by the 
Institute of Medicine (IOM). The distribution of energy to 
macronutrients was determined as 45–50% from carbohydrates 
(CHOs), 30–35% from lipid and 15–20% from protein; these ratios are 
fully consistent with the AMDR ranges recommended by the IOM for 
ages 4–18 (CHO 45–65%, lipid 25–35%, protein 10–30%). For this 
reason, the plans prepared by the dietitian were accepted as a clinically 
valid “reference method” as they holistically included the scientific 
principles recommended by international guidelines.

Due to the design of the study, the dietitian was not asked to create 
day-to-day variation. Instead, a single standardized reference menu 
was developed for each profile in accordance with established 
nutritional guidelines. Accordingly, dietitian-prepared guideline-
aligned meal plans were used as a fixed reference point, while 
multi-day AI-generated plans were evaluated in terms of deviation, 
consistency, and variation relative to this reference. Dietitian-designed 
meal plans were used solely as reference standards and were not 
subject to comparative performance evaluation.

The energy requirements of adolescents were calculated by taking 
into account age, gender and anthropometric characteristics; Basal 
Metabolic Rate (BMR) was determined using Schofield’s equations 
(29) (BMR = 17.5 × weight (kg) + 651 in boys; BMR = 12.2 × weight 
(kg) + 746 in girls), Total Energy Expenditure (TEE) was calculated 
with the formula BMR × PAL (1.55; sedentary), and energy 
supplement (Eg) was added for growth (29, 30). Eg was calculated 
according to age-specific average daily weight gain with the formula 
Eg = (g/day) × 2 kcal/g; It was accepted that an average of 2 kcal/g 
energy was required for growth tissue synthesis (30). BMI percentile 
classifications were used as basis for weight management (31); 
Maintaining weight or slowing down the rate of increase for the BMI 
85–94th percentile, ≤1 kg weight loss per week for the BMI 95–98th 

percentile, BMI ≥ 99. For the percentile, it is recommended to limit 
weight loss to ≤1 kg/week. Accordingly, energy restriction was not 
made in slightly obese adolescents; BMR was calculated over the 50th 
percentile ideal weight according to age and height, and physical 
activity and growth supplements were added; In obese adolescents, an 
average of 500 kcal of energy restriction per day was applied with a 
loss target of approximately 0.5 kg/week (32). In menu planning, 
nutritional diversity was ensured in accordance with WHO and 
TUBER principles; milk and its products, meat-eggs-legumes, cereals, 
vegetables and fruits were distributed in a balanced manner and 
portion sizes were arranged according to TUBER (26) portion criteria 
in accordance with the energy levels determined by age and gender.

2.6 Nutrient analysis

All AI-generated diet plans were coded and analyzed using the 
BeBiS (Nutrition Information System, version 9.0; Ebispro for 
Windows, Istanbul, Turkey) software. For each plan, energy (kcal), 
protein (g), lipid (g), CHO (g), and 22 micronutrients (vitamins and 
minerals) were calculated. When portion sizes were ambiguously 
described (e.g., “one bowl” or “one serving”), standardized household 
measures and portion definitions based on BeBiS and national dietary 
references were consistently applied. All AI models were instructed to 
generate meal plans using foods commonly available in Turkey. 
Accordingly, all foods and ingredients could be directly identified and 
coded using the BeBiS database, and no external food substitution or 
matching procedures were required.

2.7 Statistical analysis

For each adolescent profile, the dietitian prepared a single one-day 
reference diet in accordance with established nutritional guidelines, 
which served as a fixed comparison point. In contrast, each AI model 
generated three-day diet plans for the same profiles. To ensure 
comparability and reduce day-to-day variability in AI outputs, 
nutrient values from the three AI-generated days were averaged, and 
these mean values were used for all statistical comparisons with the 
corresponding dietitian reference diet. Accordingly, the primary unit 
of analysis was defined as the AI model–profile combination, rather 
than individual days. This approach allowed assessment of systematic 
deviation and agreement between AI-generated plans and guideline-
based reference diets. In total, 60 AI-generated diet plans (4 
profiles × 5 AI models × 3 days) were produced and evaluated. In 
addition, four one-day dietitian-designed reference diets (one per 
profile) were created and used solely as fixed comparators. Thus, the 
total number of diet plans generated was 64, while statistical analyses 
were conducted on the 60 AI-generated plans.

All statistical operations were performed using IBM SPSS 
Statistics 29.0 (IBM Corp., Armonk, NY, USA). In all analyses, the 
assumption of normality was evaluated using the Shapiro–Wilk test, 
and a single-sample t-test was applied when parametric conditions 
were met, with the dietitian-designed reference diet serving as the test 
value. Effect sizes were calculated using Cohen’s d and interpreted 
according to established thresholds: 0.20–0.49 small, 0.50–0.79 
medium, and ≥0.80 large effect sizes (33). The differences between AI 
models and dietitian-prepared reference plans were evaluated using 
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single-sample t-tests for energy and macronutrients. Bland–Altman 
analysis was applied to assess the level of agreement between methods, 
with mean difference (BIAS) and 95% limits of agreement (LOA) 
calculated for each nutrient. As Bland–Altman analysis assumes 
independent paired observations, this assumption was addressed by 
defining the primary unit of analysis at the aggregated AI model–
profile level, using mean values derived from three-day AI-generated 
outputs. This approach reduced within-model dependency and 
enabled evaluation of systematic agreement with guideline-based 
reference diets. In addition, proportional bias was assessed using 
simple linear regression to determine whether differences varied 
according to nutrient magnitude. Heatmap analyses were generated 
to visually examine micronutrient variability across models. Statistical 
significance was set at p < 0.05 for all analyses.

3 Results

3.1 Comparison of dietitian and 
AI-generated diets

When the macronutrient distribution is examined as a percentage 
of total energy, according to the BeBIS analysis, the CHO percentages 
in dietitian plans are 44, 46, 45 and 44% for G-OW, G-OB, B-OW and 
B-OB, respectively; protein percentages 19, 18, 19, and 20%; lipid 
percentages were calculated as 37, 36, 36 and 37%. Although this 
distribution includes small fluctuations due to individual differences, 
it shows that the total macro profile generally fits the AMDR ranges 
(CHO 45–65%, lipid 25–35%, protein 10–30%) and that dietitian 
plans serve as a guideline-based reference. In contrast, AI-generated 
diets consistently exhibited higher lipid ratios (41.5–44.5%) and 
protein ratios (21.5–23.7%), while CHO percentages (32.4–36.3%) 
were markedly lower. This pattern illustrates a systematic shift across 
all AI models to lower CHO, higher protein, and higher lipid meal 
structures, indicating that the macronutrient balance, not just the 
amount of gram-based nutrients, is significantly disrupted in 
AI-generated plans (Supplementary Table S1).

A one-sample t-test was conducted to compare the differences 
between dietitian-designed and AI-generated diet plans for energy 
and macronutrient contents. The mean bias for total energy was 
695.4 ± 388.2 kcal (t(59) = 13.88, p < 0.001), showing that AI diets 
provided lower total energy values. Similar trends were observed for 
macronutrients: protein (19.9 ± 22.6 g, t(59) = 6.83, p < 0.001), lipid 
(15.8 ± 22.8 g, t(59) = 5.38, p < 0.001), and CHO (114.6 ± 39.7 g, 
t(59) = 22.39, p < 0.001). Effect sizes were large for energy (d = 1.79), 
protein (d = 0.88), and CHO (d = 2.89), and moderate for lipid 

(d = 0.69). These results highlight substantial practical discrepancies 
between the two approaches (Table 1).

When AI models were compared with each other, significant 
differences were observed in total energy (Kruskal–Wallis H = 17.68, 
p = 0.001), lipid (H = 24.85, p < 0.001), and carbohydrate content 
(H = 15.76, p = 0.003). In contrast, no significant difference was found 
among AI models with respect to protein content (H = 3.29, 
p = 0.510). These findings indicate that AI models exhibit model-
dependent variability in energy, fat, and carbohydrate generation, 
whereas protein distribution appears to be relatively consistent across 
models. Model-specific median and interquartile range values for 
energy and macronutrients are presented in Supplementary Table S2.

3.2 Limits of agreement analysis (Bland–
Altman plots)

Bland–Altman plots were generated to assess the agreement 
between AI and dietitian results (Figure 2). For energy, the mean bias 
was +695.4 kcal, with 95% limits of agreement (LOA) ranging from 
−81.8 to +1472.6 kcal, suggesting a systematic underestimation of 
total energy by AI models. Across energy and macronutrients, the 
proportion of observations falling outside the 95% limits of agreement 
ranged from 3.3 to 5.0%, indicating limited extreme disagreement. 
Detailed numerical outputs for Bland–Altman analysis, including 
proportional bias testing, are presented in Supplementary Table S3. 
The proportion of observations falling outside the 95% limits of 
agreement for energy and macronutrients is presented in 
Supplementary Table S4.

For macronutrients, the bias and LOA values were as follows:

	•	 Protein: +19.9 g (95% LOA: −24.4 to +64.3 g).
	•	 Lipid: +15.8 g (95% LOA: −28.9 to +60.6 g).
	•	 CHO: +114.6 g (95% LOA: +36.9 to +192.3 g).

In all plots, the majority of data points were positioned above the 
zero line, indicating that AI-generated diets consistently yielded lower 
macronutrient and energy estimates compared to the dietitian 
reference.

3.3 Regression analysis for proportional bias

Simple linear regression analyses were used to determine whether 
proportional bias was present, with mean nutrient values serving as 
predictors of the differences between methods. No significant 

TABLE 1  Single-sample t-test results on the energy difference between dietitian and artificial intelligence diets.

Değişken N Average 
difference 

(mean ± SD)

95% confidence 
interval 

(upper-lower)

t (SD) p Cohen’s d

Energy (kcal) 60 695.38 ± 388.21 595.09–795.67 13.88 (59) <0.001 1.79

Protein (g) 60 19.95 ± 22.64 14.10–25.80 6.83 (59) <0.001 0.88

Lipid (g) 60 15.84 ± 22.83 9.95–21.74 5.375(59) <0.001 0.69

CHO (g) 60 114.62 ± 39.66 104.37–124.86 22.39 (59) <0.001 2.89

Bold values indicate statistically significant results (p < 0.05).
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proportional bias was observed for energy (R2 = 0.001, p = 0.777), 
protein (R2 = 0.012, p = 0.400), or CHO (R2 = 0.002, p = 0.718). 
However, a significant negative association was detected for lipid 
(R2 = 0.220, p < 0.001; B = −0.931), suggesting that discrepancies 
decreased as lipid levels increased. This indicates the presence of 
proportional bias for lipid content only (Table 2).

3.4 Micronutrient comparison

Heatmap visualizations (Figure 3) illustrated the distribution of 
22 micronutrients across AI-generated and dietitian-designed diet 

plans. Distinct trends were observed between demographic subgroups 
and AI models.

In girl–overweight and girl–obese profiles, discrepancies were most 
pronounced for vitamin D, folate, and magnesium, where Bing Chat and 
Perplexity tended to overestimate values. Conversely, ChatGPT and 
Claude yielded estimates closer to the dietitian benchmark.

In boy–overweight and boy–obese subgroups, greater divergences 
emerged for vitamin C, calcium, and phosphorus, with ChatGPT and 
Gemini producing higher-than-reference estimates. Across all profiles, 
vitamins B1, B2, B6, and B12 demonstrated strong consistency between 
AI and dietitian outputs, while trace minerals (iron, zinc, copper, 
manganese) varied markedly across models.

FIGURE 2

Bland–Altman plots comparing dietitian-designed and AI-generated diet plans for energy and macronutrients. Panels show the agreement between 
dietitian and AI-generated values for (A) energy (kcal), (B) protein (g), (C) lipid (g), and (D) carbohydrate (g). Differences were calculated as “Dietitian 
− AI.” The yellow solid line represents the mean bias, while the gray and orange dashed lines denote the 95% limits of agreement (LOA). A positive bias 
indicates that AI-generated diet plans systematically underestimated nutrient values compared with the dietitian reference (created using Microsoft 
Excel).

TABLE 2  Results on Bland–Altman regression analysis for energy and macronutrients.

Variable B Std. 
error

t p R R2 F (1, 58) Model p Comment

Constant 573.17 432.60 1.325 0.190 – – – – –

Energy mean 

(kcal)
0.065 0.228 0.284 0.777 0.037 0.001 0.081 0.777 No proportional bias

Protein mean (g) −0.195 0.230 −0.848 0.400 0.111 0.012 0.719 0.400 No proportional bias

Lipid mean (g) −0.931 0.230 −4.050 <0.001 0.470 0.220 16.404 <0.001
Proportional bias 

present

CHO mean (g) 0.074 0.203 0.363 0.718 0.048 0.002 0.131 0.718 No proportional bias

* p < 0.05, regression analysis. Bold values indicate statistically significant results (p < 0.05).
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Collectively, these findings suggest that AI models can 
approximate general micronutrient patterns but remain inconsistent 
in certain nutrient categories. Therefore, AI-generated diet plans 
should be interpreted with professional oversight, particularly where 
micronutrient precision is critical.

4 Discussion

The use of AI-supported systems in healthcare has been the 
subject of increasing research in recent years; The reliability and 
clinical applicability of these technologies are discussed, especially in 
specialized areas such as personalized nutrition planning. This study 
presents a comparative analysis of diet lists created by different AI 
models with dietitian-planned reference patterns for adolescents and 
comprehensively reveals the extent to which AI-based nutrition plans 
are reliable in terms of macro and micronutrients.

This study makes a unique contribution in that it provides a 
comprehensive analysis in which five different large language models 
(LLMs) are compared on the basis of nutritional needs specific to the 
adolescent population for the first time in the literature, and multi-day 

menu outputs are evaluated on both macronutrients and 22 
micronutrients. Previous research has mostly focused on a single AI 
model, adult populations (34–36). In this respect, this study fills an 
important gap in the literature by providing a methodologically 
strong, systematic, and multidimensional evaluation of the safety of 
AI in pediatric and adolescent nutrition.

In this study, it was found that the AI models calculated the 
energy requirement on average −695.4 ± 388.2 kcal lower 
compared to the dietitian plan (p < 0.001; see Table 1). The effect 
size obtained for this difference (d = 1.79) is large enough to have 
serious clinical consequences in practice. This was confirmed by 
Bland–Altman analyses, which showed that the range of 95% 
LOA: −81.8 to +1472.6 kcal for energy was extremely wide. These 
wide ranges suggest that consistency in energy estimates of 
AI-generated plans is low, and clinical validity is at risk (Figure 2). 
There are similar findings in the literature; Özlü Karahan and 
Kenger (34) reported that ChatGPT-4o deviated from target 
energy by 10–22% across different dietary models. Another recent 
study examined the capacity to create personalized diets for 
hypothetical patients with obesity, CVD, and T2DM in terms of 
energy intake, nutrient accuracy, and meal variety, with 

FIGURE 3

Comparison of micronutrient distributions among dietitian and AI-generated diet plans across subgroups. (A) Girl–Overweight, (B) Girl–Obese, 
(C) Boy–Overweight, (D) Boy–Obese. The heatmap visualizes the mean values of 22 micronutrients estimated by five large language models (ChatGPT, 
Gemini, Claude, Bing Chat, and Perplexity) compared to the dietitian-designed reference diets. Color intensity represents relative nutrient content 
differences, where lighter shades indicate values closer to the dietitian reference, and darker tones indicate higher deviations across AI models (created 
using Python (Matplotlib, Seaborn)).
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recommended daily calorie intakes deviating from target energy 
levels by up to 20% (35).

The findings obtained in this study reveal a more critical picture 
when the high energy requirements of adolescents are considered. In 
this study, the target energy level was not clearly stated in the claim. 
In the study of Papastratis et al., a significant decrease in calorie 
deviations was reported when the energy level was given (35). 
However, another study by Niszczota and Rybicka (36) found that 
even when ChatGPT was given clear energy levels, the model was 
unable to adapt the total energy content of menus to these goals and 
made energy calculation errors at some meals. Therefore, even if the 
model is told to “generate recommendations in accordance with 
scientific guidelines”, current evidence suggests that AI models may 
be technically inadequate to accurately reflect quantitative components 
such as energy and macronutrient calculations. Failure to 
systematically meet energy requirements may have negative 
consequences on growth, metabolic balance and cognitive 
development in adolescents (37).

When the macronutrient composition of the diet plans created by 
AI models is examined, it is seen that the deviations detected in our 
study significantly coincide with the trends reported in the literature. 
According to our findings, the amount of CHO s in AI plans was 
significantly lower (−114.6 ± 39.7 g) compared to the reference plans 
prepared by the dietitian, and it was determined that only about 32.4–
36.3% of the energy was provided from CHO s (Table 1; Figure 2D). 
This rate remains well below the 45–65% AMDR limits for adolescents 
defined by the IOM. The possible mechanism of this pattern could be 
that AIs’ training data is overly influenced by weight-loss-focused 
low-carb or ketogenic dietary patterns that are dominant online.

Low-CHO intake causes daily fiber consumption to decrease to 
insufficient levels such as 14–16 g (38). Although there are few studies, 
studies conducted with young people have shown no difference in 
weight loss between calorie-restricted low-fat and low- CHO diets and 
have revealed that the most important factor for weight loss is energy 
restriction, regardless of macronutrient distribution (39, 40). 
Therefore, the long-term safety of low-CHO diets in adolescence 
remains unclear and caution is recommended (41). According to 
NHANES 2017–2018 data, the average self-reported dietary intake of 
children and adolescents aged 2–19 years was determined as 14 g/day, 
which is significantly lower than the recommended level of at least 
26 g in children aged 9 years and older (42). It has been reported that 
low fiber intake is one of the most frequently associated dietary factors 
with functional constipation in children and adolescents and that fiber 
plays a fundamental role in stool volume, intestinal transit time and 
composition of the intestinal microbiota (43). It is also stated that 
insufficient fiber consumption is associated with deterioration in 
intestinal habits and decrease in microbial diversity in the pediatric 
population, and that fiber deficiency may adversely affect intestinal 
health through short-chain fatty acid production (44).

In our study, protein content was examined, an average increase 
of +19.9 g was observed in AI blueprints, resulting in approximately 
21.5–23.7% of the energy coming from protein (Table 1). This rate 
is above the USDA-recommended range of 10–20% (45). It has been 
reported that high protein intake in adolescents is associated with 
increased urea production and renal workload, and urinary calcium 
excretion is also increased (46). In addition, protein-based diets 
have been shown to reduce overall nutrient diversity by narrowing 
energy distribution and are associated with lower diet diversity 

scores in adolescents (47). The systematic low-planning of CHO 
content by AI models has been reported in the literature, and it is 
stated that ChatGPT and similar models reflect popular low- CHO 
or ketogenic diet trends, especially in the context of weight 
management (48). This trend is more evident in the study by Özlü 
Karahan and Kenger, in which they examined the performance of 
ChatGPT-4o in generating sample menus for weight management 
purposes. In the study in question, while 52% of the energy was 
provided from CHO s and 16% from protein in the reference menus 
prepared by dietitians, the CHO ratio reached only 23 ≈ % and the 
protein ratio reached 27–28% in the menus produced by 
ChatGPT-4o. In addition, the fiber content in AI menus was found 
to be significantly lower compared to reference plans; the energy 
content deviated systematically (34). These findings strongly align 
with the pattern of low CHO (≈38%), high protein (23–25%), and 
high lipid (37–38%) observed in the diets produced by AI models in 
our study. The two studies have shown similar results, particularly 
in terms of CHO and fiber deficiency, suggesting that AI models 
tend to diverge from scientific guidelines, mirroring popular 
low-CHO eating approaches.

Findings on lipid intake similarly show that AI models exceed 
recommended ranges. In this study, it was found that lipid energy 
increased to an average of 41.5–44.5% in AI plans (Table 1; Figure 2C), 
which is above the USDA’s recommendations of 25–30% (45). It is 
reported that low adherence to dietary guidelines in adolescents is 
associated with higher cardiometabolic risk and adiposity levels (49). 
Similarly, high variation in the fatty acid distribution of diet plans 
created by different AIs and out-of-grid values have been reported, 
which has been found to be clinically inconvenient, especially in 
groups at risk of chronic diseases (16). In our study, Bland–Altman 
regression analysis for lipid content revealed a statistically significant 
proportional bias (R2 = 0.22; p < 0.001), indicating that discrepancies 
between AI-generated diets and reference plans decreased as lipid 
values increased, while greater variability was observed at low to 
moderate lipid levels (Figure 2B). The observed reduction in 
differences at higher mean values may be partially explained by 
regression toward the mean and the tendency of AI models to rely on 
fixed portion templates when generating higher-lipid meal plans. This 
pattern suggests that AI outputs may be influenced by commonly 
encountered dietary patterns in publicly available data sources rather 
than strictly adhering to evidence-based nutritional guidelines.

When evaluated in terms of micronutrients, both low levels 
and inconsistencies ranging from model to model were observed 
in the diet plans created by the AI models, especially in nutrients 
such as vitamin D, folate, calcium, iron, and magnesium (Figure 3). 
These findings should be carefully evaluated, especially when 
considering the clinical significance of micronutrient adequacy in 
growing individuals. These results are in line with studies in the 
literature that reveal limitations in micronutrient predictions of 
AI-based systems. Naja et al. (50) highlighted that chatbot-based 
nutrition apps used in metabolic syndrome and diabetes 
management exhibit varying levels of accuracy regarding 
micronutrient content, with some models capable of producing 
values below or above reference requirements. Bayram and Arslan’s 
(51) study revealed distinct inconsistencies and inefficiencies in 
ChatGPT-generated diet plans, particularly in micronutrients such 
as calcium, iron, and vitamin D. In the results of the study, they 
reported that careful evaluation should be made especially in 
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elements such as vitamin D, folate and potassium (51). The 
significant pattern differences in vitamin D and folate levels in this 
study are consistent with these findings.

This wide variability in micronutrients suggests that AI-generated 
diets can lead to additional deficiencies, especially in adolescents who 
are already at risk of deficiencies in vitamin D, calcium, iron, and 
folate. Therefore, it shows that it is inconvenient to transfer such plans 
directly to clinical practice.

It has been defined in the literature that long-term overly 
restrictive eating patterns carry significant risks for the onset of eating 
disorders in adolescence (52). Body dissatisfaction accompanying 
restrictive diet practices brings risks such as inadequate food intake in 
children and adolescents, excessive weight gain due to binge eating 
episodes that occur after food restriction, and the implementation of 
harmful weight control behaviors (53). Adolescents may be particularly 
susceptible to misleading or oversimplified health information presented 
through digital platforms. In addition, there are significant limitations 
to the clinical accuracy of AI-based models. One of the significant 
limitations of AI models when generating nutritional 
recommendations is their tendency to generate hyper-adaptive 
responses aimed at satisfying the user. This makes the model more 
likely to provide answers that are shaped by the user’s expectations, 
putting scientific accuracy on the back burner. When all these features 
are considered together, it is clear that algorithm-based nutritional 
recommendations may carry potential risks for adolescents.

Overall, the wide deviations observed in macro- and 
micronutrient content between AI-generated diets and guideline-
based reference plans may have adverse implications for growth, bone 
mineralization, cognitive development, and metabolic health during 
adolescence. These findings indicate that AI-based diet plans should 
not be used as standalone tools in this population and should only be 
considered under professional supervision and within a clinical 
context.

When considered collectively, the findings of this study contribute 
to a more comprehensive understanding of both intra-model and 
inter-model variability in AI-based nutrition planning, helping to 
identify areas in which such tools may be cautiously applied as well as 
aspects that may pose clinical risks in adolescent populations. In this 
regard, while AI models may offer rapid and accessible support in 
nutrition-related applications, they should be regarded as 
complementary tools rather than substitutes for dietitians in the 
medical nutrition therapy of adolescent obesity.

Role-based prompts instructing AI models to act as registered 
dietitians were intentionally omitted, as the primary aim was to reflect 
typical user–AI interactions without a professional framework. Such 
prompts may artificially enhance output quality and reduce ecological 
validity; therefore, their potential impact on nutritional accuracy 
should be explored in future studies.

This study has several strengths. Firstly, the fact that five different 
AI models were evaluated with standardized prompts in the same way 
significantly increased the comparison power and methodological 
consistency between models. In addition, the creation of a three-day 
diet plan for each profile allowed for the analysis of intra-model 
reproducibility, consistency and variation, providing a more robust 
evaluation compared to previous literature. The fact that the reference 
plans prepared by the dietitian were based on international scientific 
guidelines such as WHO, FAO and TÜBER guidelines and AMDR 
provided a reliable clinical reference point for comparisons; The 

comprehensive evaluation covering energy, macro and 22 
micronutrients strengthened the analytical depth of the study.

5 Limitations

Since the study design was based on simulated scenarios, real-life 
nutritional behaviors, adaptation processes, and metabolic responses 
of adolescents could not be evaluated. Given the rapidly evolving 
nature of AI models, the findings reflect only the specific versions 
tested and may not be generalizable to future iterations. Although 
four standardized adolescent profiles were included, variations in age, 
physical activity levels, socioeconomic background, and comorbid 
conditions were not examined. Additionally, the use of Turkish-
language prompts may limit the generalizability of the findings to 
other linguistic and cultural contexts. Although AI-generated diet 
plans were produced across repeated profiles and models, the primary 
unit of analysis was defined at the aggregated model–profile level by 
averaging three-day outputs. This approach was intentionally selected 
to reduce within-model variability and to focus on systematic 
deviation from guideline-based reference diets. Nevertheless, the 
repeated and hierarchical structure of the data may limit full 
statistical independence, and this should be considered when 
interpreting the results. Similarly, Bland–Altman analysis assumes 
independent paired observations; therefore, limits of agreement 
should be interpreted with caution in light of the aggregated 
analytical approach. Future studies incorporating mixed-effects 
modeling or real-world individual-level data may provide more 
refined estimates of variability and agreement.

This study did not incorporate prior dietary intake records, as 
such data would require assumptions regarding recall accuracy and 
eating behavior, potentially introducing additional bias into a 
simulation-based design. Given these limitations, further studies 
supported by real-life data and prospective designs are warranted to 
validate and extend the present findings.
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