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Cardiovascular diseases (CVDs) are among the 
top causes of early death and cost burdens world­
wide [1]. Modifiable risk factors such as hyperten­
sion, dyslipidaemia, obesity, and unhealthy dietary 
patterns are among the major risk factors for 
cardiovascular disease. This highlights the impor­
tance of promoting healthy eating in public health 
policies [2].

Dietary interventions aligned with medi­
terranean or dietary approaches to stop hyperten­
sion (DASH) nutritional patterns have demon­
strated significant cardiovascular benefits [3, 4]. 
For example, adherence to the mediterranean diet 
correlates with improved vascular function, lipid-
lowering, and decreased oxidative stress [3]; other 
studies report modest but clinically meaningful 
improvements in high-density lipoprotein choles­

terol (HDL‑C) and reductions in low-density li­
poprotein cholesterol (LDL‑C), triglycerides, and 
CVD outcomes [4, 5].

In clinical practice, registered dietitians (RDs) 
create personalised nutrition plans based on clini­
cal data, lifestyle, and dietary needs [6]. Artificial 
intelligence (AI) systems are emerging as scalable 
and cost-efficient tools for nutrition planning, 
leveraging food recognition, nutrient analysis, 
and recommendation algorithms. However, their 
clinical applicability, contextual sensitivity (e.g., 
comorbidities, cultural diet patterns), and trans­
parency remain under scrutiny [7].

While AI-powered platforms can rapidly ge­
nerate nutritional recommendations and nutrient 
estimates by analysing images or using dietary 
databases [7], few articles in the literature have 
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Clinical parameters  
for cardiovascular nutrition planning

Metabolic and cardiovascular risk markers 
frequently used in the literature were used for 
clinical data input related to cardiovascular 
diseases. Values assigned to simulated cases were 
determined based on the 2018 American Heart 
Association/American College of Cardiology 
(AHA/ACC) Cholesterol Management Guidelines 
[15]. All simulated cases were assigned an LDL-C 
value of 190 mg·dl-1 and a  total cholesterol value 
of 250 mg·dl-1 to represent a  high-risk lipid pro­
file [14]. Blood pressure was set at 145/90 mmHg, 
above the diagnostic threshold for hypertension 
(≥ 130/80 mmHg in high-risk individuals) [16]. 
For glycaemic status, haemoglobin A1c (HbA1c) 
was set at 6.2  %, within the pre-diabetic range 
(5.7–6.4 %) [17]. These fixed clinical parameters 
were used as inputs in the AI model, and the re­
sulting diet recommendations were compared with 
plans developed by expert dietitians.

Development of prompts for artificial intelligence
All commands were manually entered via 

the ChatGPT web interface using the paid ver­
sion (ChatGPT Plus) and the GPT-4.0 model 
(March  2024 release). System prompts, external 
tools, or additional data sources (e.g., documenta­
tion, plugins, or browsing) were not provided, and 
commands were sent once without follow-up in­
structions. To minimise carryover effects, each case 
was created in a  separate new chat session, and 
only the initial response generated for each com­
mand was stored for analysis. Because ChatGPT 
responses can vary across repeated runs of the 
same command and may change as the model is 
updated, we did not attempt repeated sampling, 
and this variability is addressed in the Limitations. 
A single output per case was used for analyses.

“Can you prepare a  one-day healthy nutrition 
plan for a 27-year-old female patient with a history 
of cardiovascular disease, who is sedentary and has 
the following clinical characteristics: body weight: 
76 kg, height: 168 cm, LDL cholesterol: 190 mg·dl-1, 
total cholesterol: 250 mg·dl-1, HbA1c: 6.2 %, blood 
pressure: 145/90 mmHg?”

All questions were written in Turkish and en­
tered in a single step without follow-up or correc­
tive input. The one-day menus created for each 
case were analysed for guideline compliance.

Standardisation of dietary guidelines
AI and dietitian-based nutritional approaches 

were compared in this study according to the 
American Heart Association’s (AHA) 2021 
“Dietary guidance to improve cardiovascular 

evaluated the accuracy or guideline adherence of 
AI-generated plans in disease-specific settings. 
Comparative studies, especially in the context of 
cardiovascular disease, are virtually nonexistent, 
creating a significant gap in the literature [8, 9].

The purpose of this study was to evaluate the 
nutritional adequacy and practical relevance of 
AI-generated diet plans for cardiovascular disease 
management by comparing them with meal plans 
designed by RDs. The analysis focused specifically 
on total energy, macronutrient distribution, micro­
nutrient content, and adherence to established nu­
tritional guidelines.

We hypothesised that AI-generated diet plans 
would differ significantly from RD-designed plans 
in terms of macronutrient and micronutrient com­
position and would exhibit lower adherence to 
clinical nutrition recommendations.

Materials and methods

Study design and participants
A  simulation study was conducted using 

ChatGPT (Generative Pre-trained Transformer, 
version 4.0, OpenAI, San Francisco, California, 
USA) to evaluate the potential of AI in develop­
ing personalised nutrition plans for cardiovascular 
diseases. The simulated cases included 18 females 
and 15 males. The gender distribution was based 
on the cardiovascular disease prevalence reported 
by the Turkish Statistical Institute (5.8 % in males 
and 7.0 % in females, Turkey Health Survey 2022) 
[10]. The age-based prevalence of cardiovascu­
lar disease was distributed as follows: 25–34 years 
(n = 1), 35–44 years (n = 2), 45–54 years (n = 3), 
55–64 years (n = 6), 65–74 years (n = 9), and 
≥ 75  years (n = 12) according to Risk Factor in 
Turkish Adults (TEKHARF) [11]. 

Body mass index (BMI) was adjusted for 
simulated cases based on evidence of a  higher 
risk of cardiovascular disease in those with 
a  BMI > 24.9 kg·m-2 [12–14]. Accordingly, the 
33 simulated participants were assigned to normal 
weight (n = 8), overweight (n = 15), and obese 
(n = 10). Because underweight individuals have 
a significantly lower rate of cardiovascular disease, 
this category was not included. For consistency, 
all individuals were defined as having a sedentary 
physical activity level.

This study was based entirely on simulated case 
profiles and did not involve human participants, 
patient data, or identifiable personal information. 
Therefore, according to institutional regulations, 
formal ethical approval was not required.
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health” scientific statement [18], which served as 
the reference guideline (Tab. 1). This statement 
offers a  framework based on dietary patterns 
rather than individual nutrient targets and empha­
sises the following components in the assessment: 
maintaining a  healthy body weight by ensuring 
energy balance; consuming ample and varied fruits 
and vegetables; choosing predominantly whole 
grains instead of refined grains; preferring healthy 
protein sources (predominantly plant-based; regu­
lar intake of fish and seafood; low-fat or fat-free 
dairy products; and lean, unprocessed forms of 
meat or poultry if desired); using liquid plant oils 
instead of tropical oils, solid fats, and partially 
hydrogenated oils; choosing minimally processed 
foods instead of ultra-processed foods; minimising 
foods and beverages with added sugars; choosing 
and preparing foods with little or no salt; not start­
ing alcohol consumption if you do not already 
drink and limiting intake if you do; and adhering 
to this guidance regardless of where food is pre­
pared. These criteria were used to evaluate the 
alignment of meal plans generated by AI and 
a dietitian with the guideline. In addition, mineral 
adequacy was assessed using the estimated 
average requirement (EAR) cut-point method, 
and mineral intakes were classified as below versus 
at or above the EAR for each plan [19].

Basal metabolic rate (BMR) was calculated 
using the Harris-Benedict equation. Estimated 
energy requirements (EER) were determined by 
multiplying BMR by a  sedentary physical activity 

level (PAL) factor of 1.2. Ideal body weight was 
used for participants with BMI > 24.99 kg·m-2, 
and adjusted body weight for those with BMI 
> 30 kg·m-2 in BMR and EER calculations. Per­
centage deviation in energy was calculated by de­
termining how much the difference between total 
energy and estimated energy requirement corre­
sponded to the estimated energy requirement, ex­
pressed as a percentage.

Dietitian-generated one-day menus were pre­
pared by two RDs, each with more than 10 years 
of clinical experience. For each simulated case, the 
two RDs developed menus independently using 
the same clinical inputs provided to the AI, and 
they were blinded to the AI-generated outputs. 
A  third RD subsequently reviewed all dietitian-
generated menus for consistency and guideline 
adherence, without modifying the content unless 
an obvious error was identified. All one-day menus 
generated by the AI were subsequently analysed 
using the Nutrition Information System BeBiS 8.1 
(Ebispro, Willstätt, Germany; Turkish version). 
This software was used to calculate the total ener­
gy and nutrient content of each menu, allowing for 
comparison with dietary guidelines and evaluation 
of nutrient adequacy.

Statistical analysis
Analyses were performed using IBM SPSS 

Statistics for Windows, Version 25.0 (IBM, 
Armonk, New York, USA) in a  paired (within-
subjects) design, as each participant received 

Tab. 1. Lifestyle modification strategies in cardiovascular disease: 
evidence from American Heart Association guideline [18].

Recommendation

Carbohydrate Choose whole grains instead of refined grains.
Consume fruits and vegetables whole instead of juice; they are rich in fibre and provide satiety.
Minimise added sugars.

Protein Choose protein sources from “healthy” ones: plant-based sources, regular fish/seafood consump-
tion (2–3 serving per week), low-fat/fat-free dairy products, and if meat/chicken is desired, lean and 
unprocessed forms.

Fat Choose liquid plant oils instead of tropical oils (coconut/palm/palm kernel), animal fats (butter/lard), 
and partially hydrogenated oils.
Choose unsaturated fats (especially polyunsaturated and monounsaturated fatty acids) instead of 
saturated and trans fats.
Get n-3 fatty acids by consuming oily fish.

Cholesterol 
(from dietary sources)

Cholesterol intake should not be increased.

Salt Choose and prepare foods with little or no salt.
Reducing sodium intake lowers blood pressure.
The combined effect of the DASH diet and sodium reduction is greater than either approach alone.
A  practical alternative is replacing regular salt with potassium-enriched salts, especially in settings 
where added salt during food preparation is the main source of sodium intake.

Alcohol If you don’t drink alcohol, don’t start; if you choose to drink, limit your intake.
Limit for drinkers: ≤ 1 drink per day for women and ≤ 2 drinks per day for men.

DASH – dietary approaches to stop hypertension.
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both RD-designed and AI-generated meal plans. 
Normality was tested using the Shapiro–Wilk 
test. As most variables deviated from normality, 
between-group differences were primarily ana­
lysed using the Wilcoxon signed-rank test and are 
reported as median (25th–75th percentile). Varia­
bles meeting normality assumptions were analysed 
using the paired-samples t-test and are presented 
as mean  ± standard deviation. Statistical signifi­
cance was set at p < 0.05 (two-tailed). 

In addition to p-values, effect sizes were re­
ported to reflect the practical importance of the 
observed differences. For Wilcoxon signed-rank 
tests, the effect size r was obtained by dividing the 
standardised test statistic (Z) by the square root of 
the number of paired observations [20], where Z is 
the standardised test statistic and N refers to the 
number of non-zero differences. This approach 
allows the interpretation of Wilcoxon outcomes on 
a comparable scale (small ≈ 0.10, medium ≈ 0.30, 
large ≥ 0.50).

A  sensitivity analysis was conducted in 
G*Power (v3.1; Heinrich Heine University, 

Düsseldorf, Germany) using a  matched-pairs 
framework (α = 0.05, two-tailed). With 33 paired 
cases, the study had 80 % power to detect a mini­
mum standardised effect size of dz = 0.503.

Results and discussion

The deviations between the dietitian- and AI-
generated meal plans compared to the calculated 
energy requirements are shown in Tab. 2. Both 
absolute (in kilocalories or kilojoules) and per­
centage deviations by using the EER were calcu­
lated as described in the Methods section. The 
median deviation was –29.9 kJ for the dietitian-
designed meals, compared to –386.2 kJ for the 
AI-generated plans. This statistically significant 
difference (p = 0.017, r = 0.41) suggests that die­
titian-designed plans were closer to the calculated 
EER than AI-generated plans.

A  significant difference was observed in ma­
cronutrient distribution between dietitian- and 
AI-generated meals (Tab. 2). When evaluated 

Tab. 2. Comparison of energy and macronutrient distribution 
between dietitian-designed and AI-generated meal plans.

Dietitian-designed menu AI-generated menu
z p r

Median
25th 

percentile
75th 

percentile
Median

25th 
percentile

75th 
percentile

Energy [kcal] –7.16 –28.56 11.12 –92.30 –274.72 40.57
–2.385 0.017* 0.41

Energy [kJ] –29.9 –129.0 48.0 –386.2 –1 168.5 –281.9

Carbohydrate [%] 52.0 49.4 53.5 32.4 30.9 34.6 –5.012 < 0.001** 0.87

Protein [%] 18.4 17.9 18.7 20.4 19.6 21.5 –4.762 < 0.001** 0.82

Plant-based protein [%] 43.7 41.9 46.0 27.2 22.9 31.2 –4.958 < 0.001** 0.86

Fat [%] 28.2 26.6 30.2 45.0 41.0 48.1 –5.012 < 0.001** 0.87

MUFA [%] 7.8 7.4 9.7 17.2 16.4 20.2 –5.012 < 0.001** 0.87

PUFA [%] 6.9 6.3 9.2 10.5 8.9 14.4 –4.226 < 0.001** 0.73

Saturated fat [%] 9.5 8.9 11.8 12.4 11.7 13.1 –4.083 < 0.001** 0.71

Values are expressed as the percentage of total energy intake except of plant-based protein, which is expressed as the percent-
age of total dietary protein. The Wilcoxon signed-rank test was used to assess the differences between paired samples. 
MUFA – monounsaturated fatty acids, PUFA – polyunsaturated fatty acids, z  – Wilcoxon test statistics, p – significance level 
(* – p < 0.05, statistically significant; ** – p < 0.01, highly significant), r – effect size (Cohen’s r).

Tab. 3. Classification of individual meal plans as below, within, or above the acceptable 
macronutrient distribution ranges for macronutrient intake in menus.

Dietitian-designed menu AI-generated menu

Below AMDR Within AMDR Above AMDR Below AMDR Within AMDR Above AMDR

n [%] n [%] n [%] n [%] n [%] n [%]

Carbohydrate 0 0.0 33 100.0 0 0.0 33 100.0 0 0.0 0 0.0

Protein 0 0.0 33 100.0 0 0.0 0 0.0 13 39.4 20 60.6

Fat 1 3.0 32 97.0 0 0.0 0 0.0 0 0.0 33 100.0

AMDR – acceptable macronutrient distribution range.
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according to the acceptable macronutrient distri­
bution ranges (AMDR; carbohydrates 45–65  % 
of energy, protein 10–35 %, total fat 20–35  %), 
the dietitian-designed meals fell within the re­
commended ranges for all three macronutrients 
(carbohydrates 52.0 %, protein 18.4 %, total fat 
28.2  %). In contrast, the AI-generated plans de­
viated from the AMDR; carbohydrates fell below 
the recommended range (32.4 %; 12.6 percentage 
points below the 45 % lower limit) and total fat was 
above the recommended range (45.0 %; 10.0 per­
centage points above the 35 % upper limit), while 
protein remained within the AMDR (20.4  %). 
These differences were statistically significant (all 
p < 0.001) and showed large effect sizes for ma­
cronutrient distribution (r = 0.71–0.87). Consistent 
with these median values, the AMDR classification 
of individual plans (Tab. 3) showed that all menus 
designed by the dietitian were within the AMDR 
for carbohydrates and protein (33/33, 100  %), 
and almost all were within the AMDR for total fat 
(32/33, 97 %). In contrast, all menus generated 
by AI were below the AMDR for carbohydrates 
(33/33, 100 %) and above the AMDR for total fat 
(33/33, 100 %); for protein, 20/33 (60.6  %) ex­
ceeded the AMDR, while 13/33 (39.4 %) remained 
within the AMDR. In meals designed by dietitians, 
plant-based protein constituted a  larger propor­
tion of total dietary protein compared to meals 
generated by AI (43.7  % vs. 27.2 %, p < 0.001). 
Furthermore, saturated fat was higher in AI-
generated meals than in dietitian-designed meals 
(12.4 % vs. 9.5 %, p < 0.001), exceeding 10 % of 
energy. 

Tab. 4 presents the comparison of n-3 and n-6 
fatty acid intake, dietary cholesterol, and sodium 
intake between dietitian-designed and AI-gene­
rated meal plans. In AI-generated plans, n-3 fat­
ty acid intake was higher than in dietitian plans 
(median 5.0 g·d-1 vs 3.1 g·d-1, IQR 1.8 g·d-1 vs 1.0 
g·d-1; p < 0.01). n-6 fatty acid intake (median 

12.6 g·d-1 vs 10.3 g·d-1, IQR 8.2 g·d-1 vs 3.7 g·d-1; 
p < 0.01) and dietary cholesterol intake (medi­
an 354.7 mg·d-1 vs 287.0 mg·d-1, IQR 46.1 mg·d-1 

vs 52.0 mg·d-1; p = 0.03) were also higher in AI 
plans. There was no statistically significant differ­
ence in sodium intake, but a borderline trend was 
observed (median 2 336.5 mg·d-1 vs 2 256.4 mg·d-1, 
IQR 2 590.2 mg·d-1 vs 51.4 mg·d-1; p = 0.05).

Total, soluble, and insoluble fibre intakes were 
higher in meal plans generated by dietitians (re­
spectively, 34.1 ± 3.10 g·d-1, 8.61 ± 0.63 g·d-1, 
24.94 ± 2.5 g·d-1) compared to those generated by 
AI (respectively, 31.1 ± 6.2 g·d-1, 7.33 ± 2.0 g·d-1, 
19.71 ± 4.15 g·d-1), p < 0.05) (Fig. 1). 

In terms of micronutrient adequacy based 
on EAR cut-off method, both AI-generated and 
dietitian-designed meal plans demonstrated 
a generally high level of adequacy across most vi­
tamins and minerals. For the dietitian-designed 
meal plans, all participants met or exceeded the 
EAR for vitamin A, vitamins B1, B2, B3, B6, total 
folate, vitamin B12, vitamin C, magnesium, phos­

Tab. 4. Comparison of n-3 and n-6 fatty acid, dietary cholesterol and sodium intake 
between dietitian-designed and AI-generated meal plans.

Dietitian-designed menu AI-generated menu
z p r

Median IQR Min. Max. Median IQR Min Max

n-3 fatty acid [g·d-1] 3.1 1.0 1.8 4.2 5.0 1.8 3.2 8.0 –4.770 < 0.01* 0.84

n-6 fatty acid [g·d-1] 10.3 3.7 5.9 14.9 12.6 8.2 5.4 30.2 –2.705 < 0.01* 0.48

Cholesterol [mg·d-1] 287.0 52.0 265.4 395.8 354.7 46.1 96.8 450.8 –2.132 0.03* 0.38

Sodium [mg·d-1] 2 256.4 51.4 2 139.0 2 495.0 2 336.5 2 590.2 1 500.6 5 954.2 –1.963 0.05 0.35

Values are expressed as the daily intake. The Wilcoxon signed-rank test was used to assess the differences between paired 
samples. 
IQR – interquartile range, z – Wilcoxon test statistics, p – significance level (* – p < 0.05, statistically significant), r – effect size 
(Cohen’s r).
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Fig. 1. Comparison of total, soluble, and insoluble 
fibre intake between dietitian- and AI-generated meal 
plans.
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phorus, iron, and zinc, with only a  small propor­
tion falling below the EAR for vitamin E (6.0 %) 
and calcium (3.0 %). In contrast, the AI-generated 
meal plans showed a higher prevalence of intakes 
below the EAR for several micronutrients. The 
proportion of meal plans falling below the EAR 
was higher for total folate (18.2 %), vitamin  C 
(6.1  %), calcium (39.4  %), magnesium (18.2  %), 
iron (33.3  %), and zinc (78.8  %). However, 
no meal plans in the AI group fell below the EAR 
for vitamin A, vitamins B1, B2, B3, B6, vitamin 

B12, vitamin E, or phosphorus. Overall, while both 
meal planning approaches met or exceeded the 
EAR for many micronutrients, dietitian-designed 
meal plans demonstrated more consistent micro­
nutrient adequacy, particularly for minerals such 
as calcium, iron, magnesium, and zinc (Fig. 2 and 
Fig. 3). Micronutrient adequacy was assessed using 
the EAR cut-point method; however, because 
the analysis is based on a  single-day menu, these 
estimates should be interpreted cautiously. EAR-
based classifications are intended for usual (ha­
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bitual) intake, and a one-day plan may misclassify 
adequacy due to day-to-day variability.

A  total of 33 pairs were analysed in this pair­
wise comparison. A sensitivity analysis performed 
in G*Power (two-sided, α = 0.05) showed that 
the study with 33 pairs of cases had 80% power 
to detect a  minimum standardised effect size 
dz = 0.503. The observed inter-approach differ­
ences were accompanied by effect sizes ranging 
from moderate (e.g., energy bias, r = 0.41) to 
large (e.g., macronutrient distribution, r ≥ 0.71), 
supporting the robustness of the main findings.

Cardiovascular diseases remain a major global 
health burden, driven by lifestyle and environ­
mental factors despite ongoing prevention efforts. 
Given the strong influence of nutrition on CVD 
management, this study explored the accuracy of 
ChatGPT-generated meal plans for simulated car­
diovascular patient profiles.

Although AI tools like ChatGPT show promise 
in energy estimation, studies report ongoing 
limitations. Kaya Kaçar et al. [21] noted that 
ChatGPT outperformed other chatbots in energy 
accuracy but still lacked balance in macronutrients. 
Similarly, Phalle and Gokhale [7] and Kolla 
[22] highlighted that while AI systems are fast and 
user-friendly, they may produce inaccurate results 
in estimating energy and nutrient values. Kaliva­
raprasad et al. [23] found that even image-based 
models could miscalculate energy despite correctly 
identifying foods. In a  diabetes-focused study, 
macronutrient mismatches were observed despite 
energy values being in line with targets [24]. In our 
study, AI-generated menus deviated more from 
energy targets than plans created by dietitians 
(p = 0.017). However, the absolute magnitude of 
this difference was small and may have limited 
clinical significance, as it corresponds to a  rela­
tively small daily energy amount when considered 
within a  general dietary framework. Therefore, 
statistical significance should be interpreted cau­
tiously, and a  more applicable inference is that 
AI tools still need improvement in portion sizing, 
preparation assumptions, and personalisation to 

better align with individualised goals and nutrient 
distribution.

Following the finding of energy accuracy, 
differences in macronutrient distribution are 
also noteworthy. While there is positive evidence 
in the literature that AI-based meal planning 
systems can meet AMDR, some studies suggest 
that this balance can be disrupted. Plotnikova 
and Bocharov [25] reported that generative and 
hybrid models using AMDR as strict constraints 
can keep macro deviation below 5.0 % in 7-day 
menus. In contrast, Özlü Karahan et al. [26] and 
Khalifa and Albadawy [24] demonstrated that 
carbohydrate percentages in AI diets were below 
the recommended ranges, whereas protein and fat 
percentages were above the recommended levels 
[24, 26]. Similarly, in Kenger and Özlü Kara­
han’s [27] AI-generated diet reviews for dyslipi­
daemia and hypertension, it was reported that fat 
rates were high and saturated fat rates exceeded 
guideline limits. In line with these reports, the 
current results suggest that AI-generated meal 
plans allocate less energy to carbohydrates and 
more to total fat, whereas dietitian-designed plans 
generally meet AMDR goals; Tab. 3 and Tab. 5 in­
dicate that these departures are common across 
meal plans. This pattern is clinically relevant 
because shifting energy toward fat, particularly 
when saturated fat is not adequately constrained, 
may undermine cardiovascular-focused dietary 
goals. 

At the nutritional level, this was reflected in 
AI menus that reduced or completely eliminat­
ed portions of whole grains/legumes or bread-
like products, while the dietitian’s menu, in line 
with the AHA guidelines, maintained structured 
whole-grain/legume portions and emphasised 
whole fruits and vegetables while limiting added 
sugar. Consistent with this, the plant-protein pro­
portion was lower in AI menus than in dietitian 
menus (27.2 % vs 43.7 %), suggesting greater re­
liance on animal-derived protein sources, which 
may contribute to higher saturated fat and cho­
lesterol exposure. This is also consistent with 

Tab. 5. Classification of individual meal plans as below or above the predefined limits 
for saturated fat intake, total dietary fibre intake, and sodium intake in menus.

Limit
Dietitian-designed menu AI-generated menu

Below limit Above limit Below limit Above limit

Value Ref. n [%] n [%] n [%] n [%]

Saturated fatty acid < 10 % [28] 19 57.6 14 42.4 3 9.1 30 90.9

Fibre 30–45 g·d-1 [18] 3 9.1 30 90.9 17 51.5 16 48.5

Sodium < 2 300 mg·d-1 [31] 33 100.0 0 0.0 14 42.4 19 57.6
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AHA guidelines that emphasise healthier protein 
sources (e.g., plant-based sources and regular fish/
seafood consumption). When fat subgroups were 
examined, saturated fat was higher in AI plans 
(12.4  %) than in dietitian plans (9.5  %), exceed­
ing the commonly recommended 10 % of energy 
limit [28]. Given that most AI-generated menus 
exceeded the < 10  % energy threshold, this de­
viation is not only statistical but also clinically 
meaningful, as saturated fat is a modifiable dietary 
factor targeted in cardiovascular risk reduction. 
Monounsaturated fatty acids (17.2  % vs 7.8  %) 
and polyunsaturated fatty acids (10.5 % vs. 6.9 %) 
proportions were also higher in AI plans; howev­
er, this increase appears to track the substantially 
higher total fat content (45.0 %) in AI-generated 
plans. Overall, these results suggest that AI plans 
tend to reduce carbohydrate content below AMDR 
targets while increasing total fat, and particularly 
saturated fat, above guideline targets.

To illustrate these patterns at the food level, 
sample menus (samples of the same menu, de­
signed by a  registered dietitian and generated 

by AI; Tab. 6) show that the AI outputs generally 
reduce portions of key carbohydrate sources 
(e.g., whole grains/legumes or bread substitutes) 
while increasing energy from added fat-rich foods 
throughout the day (e.g., nuts, nut butters, added 
oils, and higher-fat animal foods). As a result, total 
fat and, in many cases, saturated fat can increase, 
even when menus include heart-healthy elements 
like fish. In contrast, the dietitian-designed sample 
preserves carbohydrate sources through structured 
whole-grain/legume portions and balances protein 
sources with a  higher plant-based contribution; 
this can help maintain both AMDR compliance 
and fat quality targets more consistently.

Macronutrient differences were also seen in 
fat profile and cholesterol. Compared with dieti­
tian-designed plans, AI-generated plans provided 
higher intakes of both n-3 and n-6 fatty acids but 
also substantially higher dietary cholesterol. These 
results indicate the need to improve fat quality 
and cholesterol control in AI plans. While a high 
n-3 intake can potentially be seen as a  positive 
trait, the simultaneous increase in cholesterol is 

Tab. 6. Comparison of sample menus designed by a registered dietitian 
and generated by artificial intelligence.

Dietitian-designed menu AI-generated menu

Breakfast Breakfast
1 glass of milk
1 boiled egg (medium)
White cheese (2 finger-sized portion)
Tomato and cucumber
2 thin slices of whole wheat bread

4 tablespoons rolled oats cooked in water (1 teaspoon 
ground cinnamon, 1 tablespoon ground flaxseed, 
1 small banana or 1/2 large banana, 4 walnut halves, 
1 glass unsweetened plant-based milk, e.g. oat milk)

1 cup unsweetened green tea or hibiscus tea

Snack Snack
1 small banana 
1 bowl of yoghurt

1 small apple
10 raw almonds

Lunch Lunch
1 bowl of soup
Oily fish (equivalent to 2 meatballs)
3 thin slices of whole wheat bread
Large mixed salad (no oil)

6 tablespoons olive oil-based vegetable dish
3 tablespoons cooked quinoa or bulgur
Mixed green salad with lemon and a small amount of 

olive oil
1 glass of ayran

Snack Snack
30 g mixed berries
2 walnuts

1 small slice of avocado (1/4 fruit)
1–2 whole wheat crackers
1 cup hibiscus or linden tea

Dinner Dinner
8 tablespoons vegetable dish
3 tablespoons pasta
1 bowl of yoghurt
2 thin slices of whole wheat bread

Grilled salmon (100–120 g)
Steamed vegetables (broccoli, carrot, zucchini, 

cauliflower)
2 tablespoons olive oil lentil salad
1 slice whole wheat bread

Snack Snack
1/8 of a small melon
5 almonds
4 hazelnuts

1 small pear or 1 kiwi
1 glass of kefir
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undesirable from a  cardiovascular risk manage­
ment perspective. These findings suggest that AI-
generated meal plans need to be better optimised 
in terms of fat source selection and cholesterol 
control. 

The FAO/WHO expert consultation report on 
fats and fatty acids emphasises the importance 
of absolute intake levels and the quality of fat 
sources for n-3 and n-6 fatty acids. Specifically, 
while the cardiovascular protective effects of n-3 
fatty acids are strongly supported by evidence, 
there is insufficient evidence to suggest that n-6 
fatty acids have an inflammatory effect within 
the recommended intake ranges [28]. Djuricic 
and Calder’s studies [29] also demonstrated that 
n-3 fatty acids, particularly eicosapentaenoic acid 
(EPA) and docosahexaenoic acid (DHA), have 
cardiovascular protective effects by lowering tri­
glyceride levels, modulating inflammation, and 
supporting atherosclerotic plaque stability. In con­
trast, it was noted that n-6 fatty acids cannot be re­
duced solely to pro-inflammatory effects; they may 
be precursors to biologically active lipid mediators 
that play a role in resolving inflammation via ara­
chidonic acid derivatives. These findings suggest 
that the absolute intakes and biological effects 
of n-3 and n-6 fatty acids are more meaningful in 
cardiovascular risk assessment than simple ratio 
approaches. Perez-Martinez et al. [30] summa­
rised in their study that n-3 fatty acids (EPA and 
DHA) can be used in clinical practice, especially 
for lowering triglyceride (TG) levels, at doses of 
2–4  g per day. They also noted that in patients 
using statins and with high TG levels, the use of 4 g 
of EPA per day resulted in a 25 % reduction in the 
risk of major cardiovascular events. In this study, 
the calculated n-3 fatty acid intakes included EPA, 
DHA, and a-linolenic acid (ALA), and both die­
titian-generated and AI-generated plans showed 
high levels of n-3 intake. However, the higher n-6 
fatty acid intake observed in AI-generated plans 
warrants careful clinical consideration, particularly 
when accompanied by elevated dietary cholesterol 
and suboptimal fat sources, which together may 
complicate cardiovascular risk management.

 These findings indicate that high n-3 intake 
alone is not sufficient; rather, cardiovascular risk 
management requires optimisation of overall 
dietary fat quality and cholesterol content, along­
side consideration of absolute fatty acid intakes.

Additionally, sodium intake in AI-gene­
rated plans showed a  markedly wider range 
(1 500.6–5 954.2 mg·d-1), and the median sodium 
intake in AI plans (2 336.5 mg·d-1) was slightly 
above the recommended < 2 300 mg·d-1 limit [31]. 
This wide variability is clinically relevant because 

sodium reduction is reported to lower blood 
pressure and, in some studies, is associated with 
a lower risk of cardiovascular disease [18]. 

Furthermore, recent genetic evidence supports 
sodium restriction as a preventive target by show­
ing a  positive causal association between sodium 
intake and multiple cardiovascular disease out­
comes [32]. Fibre intake was also higher in 
dietitian plans, likely due to greater use of whole 
grains, legumes, and vegetables. Even so, AI-gene­

rated plans generally met daily fibre goals (30-45 g 
per day [33]). This is clinically relevant because 
higher fibre intake is associated with improved 
satiety and more favourable cardiometabolic 
outcomes, and increasing fibre via whole grains, 
legumes, fruits, and vegetables is a common target 
in cardiovascular nutrition therapy.

Notable differences were observed in mi­
cronutrient adequacy relative to EAR between 
AI-generated and dietitian-designed meal 
plans. Dietitian-designed plans demonstrated 
consistently high micronutrient adequacy, with the 
vast majority of participants meeting or exceeding 
the EAR for most assessed vitamins and minerals, 
and only minimal inadequacies observed for vita­
min E and calcium.

In contrast, AI-generated meal plans were 
associated with a  higher proportion of intakes 
below the EAR for several micronutrients, par­
ticularly folate, vitamin C, calcium, magne­
sium, iron, and zinc. These results align with 
Hieronimus  et al. [34] who found that most AI-
generated omnivorous, vegetarian, and vegan diets 
met dietary reference intakes, though B12 defi­
ciency remained common in vegan plans, requiring 
supplementation. Similarly, Naja et al. [35] also 
noted that AI-based plans fell short of meeting 
recommended dietary allowances, particularly for 
calcium. These findings indicate that, although AI-
based meal planning can generate structured meal 
plans, it may insufficiently account for certain 
micronutrient requirements, resulting in poten­
tial imbalances in vitamin and mineral adequacy. 
This pattern, observed in the current study, may 
be partly explained by the underlying menu com­
position of AI-generated plans, which frequently 
included fish, eggs, vegetables, and healthy fat 
sources but provided limited portions of mineral-
dense foods. In particular, dairy products were 
typically offered in small quantities and milk was 
rarely included, potentially contributing to lower 
calcium adequacy. Similarly, the limited inclu­
sion of heme iron- and zinc-rich foods, such as red 
meat, together with modest portions of legumes, 
may explain the higher prevalence of iron and 
zinc intakes below the EAR. When evaluated 
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in terms of nutritional composition, the higher 
prevalence of intakes below the EAR for calcium, 
magnesium, folate, iron, and zinc in AI-generated 
plans is consistent with a  more limited presence 
of micronutrient-rich essential food groups in 
the menus. Specifically, the smaller portion sizes 
or less frequent inclusion of dairy products and 
dairy-fortified alternatives are associated with 
lower calcium intake, while reduced structured 
portions of whole grains and legumes are linked 
to decreased magnesium and folate intake and 
may also limit key dietary sources of iron and zinc. 
Additionally, the lower vitamin C intake observed 
in AI-generated plans may negatively affect iron 
bioavailability, further increasing the risk of iron 
deficiency. When interpreted in the context of the 
AHA dietary guidelines, these patterns suggest 
that, even when cardioprotective components such 
as fish are included, recommendations emphasis­
ing whole grains, plant-based protein sources, 
and low-fat or fat-free dairy products are not 
adequately implemented in AI-based meal plans.

The statistical tests used in the study were se­
lected in accordance with the distribution charac­
teristics of the data set and the sample size, and 
reporting these selections together with their 
effect sizes strengthened the clinical significance 
of the results. However, alternative modelling 
approaches (e.g., multivariate regression analy­
ses) may provide additional value in future studies. 
The post hoc power analysis highlights two aspects 
relevant for the interpretation of the findings. 
First, the power for small-to-moderate effects was 
limited: for example, in the comparison of energy 
intake, the observed effect size was r = 0.41, yield­
ing a power of 72.7 %, which suggests that smaller 
effects may have been missed. Second, the power 
for medium-to-large effects was high: for satu­
rated fat and other macronutrients, the power ex­
ceeded 98.0 % for r ≥ 0.71, and for paired t-tests, 
the power was ≥ 0.994 for dz ≥ 0.74. These results 
support the statistical reliability of the differences 
observed in these parameters. Furthermore, very 
high power levels (e.g., 0.999) suggest that addi­
tional sample size may not contribute significantly 
and that even clinically insignificant small differ­
ences may become statistically significant; there­
fore, findings should be interpreted within a clini­
cal/guideline context. Finally, it is important to 
note that post hoc power values are conditional on 
observed effect sizes and are not a  substitute for 
a priori sampling planning.

Conclusions

While AI-generated plans aligned well with 
some reference values, dietitian plans offered 
a better balance of saturated fat, cholesterol, and 
fibre-suggesting a  more sustainable option for 
long-term cardiometabolic health. A  combined 
approach that blends the speed and convenience 
of AI with professional dietitian guidance may 
offer the best results.

AI-based nutrition systems have made progress 
in energy estimation and nutrient recommenda­
tions, but they still fall short in accurately meeting 
energy and macronutrient needs. Key limitations 
of this study include: (1) the case profiles used in 
this study are simulation-based and do not reflect 
the heterogeneity that may be observed in real-life 
clinical parameters (such as blood pressure, lipid 
profile, HbA1c, and body composition) across age 
groups. Cardiometabolic risk profiles generally 
vary across different age groups; specific clinical 
values were kept constant in this study. This may 
limit the generalisability of how AI and dietitian 
performance might change in more realistic, age-
specific clinical scenarios. (2) Only a single output 
was collected for each instruction, and no repeat­
ed sampling was performed. Therefore, response 
variability across repeated runs of the same in­
struction and potential changes in outputs over 
time as the model is updated were not assessed. 
(3) Evaluation of one-day menus only, which may 
not reflect habitual intake or week-to-week va­
riability. (4) This simulation-based design did 
not account for factors that determine real-world 
dietary behaviours and outcomes, such as patient 
behaviour, adherence to prescribed diets, and so­
cioeconomic constraints. Therefore, the findings 
should be interpreted as a  controlled compari­
son of menu-generation performance rather than 
as evidence of effectiveness in real-world clinical 
practice. (5) Nutrient analysis was conducted using 
the Turkish BeBiS food composition database, 
which may limit generalisability to other popula­
tions and food environments. The BeBiS program 
cannot calculate trans fat and free sugar levels; 
therefore, analyses related to these parameters 
could not be performed.

This study has shown that AI-generated nutri­
tional plans are not sufficiently clinically optimised 
in the context of cardiovascular disease. While n-3 
and n-6 fatty acids were higher in AI-generated 
menus, total fat, the saturated fat percentage, 
and dietary cholesterol were found to be above 
recommended limits. Furthermore, deficiencies 
in some essential minerals were remarkably high. 
These findings indicate that current AI systems 
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cannot provide the therapeutic accuracy required 
for cardiovascular risk management. Especially in 
individuals for whom strict control of cardiometa­
bolic parameters such as saturated fat, cholesterol, 
and sodium is necessary, AI-generated menus 
are unsuitable for clinical use. Therefore, the use 
of AI outputs as a  standalone medical nutrition 
therapy tool in individuals with cardiovascular 
disease is not recommended. Although AI systems 
have the potential to save time in the menu gene­
ration process, the results obtained in this study 
show that they do not constitute a reliable alterna­
tive in clinical practice due to the substantial de­
viation of diet quality from therapeutic goals.

Future studies should use age-stratified, 
realistic cardiometabolic profiles (e.g., age-specific 
ranges for blood pressure, lipid profile, HbA1c, 
and body composition) to improve clinical trans­
latability. In particular, focusing on narrower age 
bands (e.g., 50–75 years) and varying risk profiles 
within each band may better reflect real-world 
heterogeneity.
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