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ABSTRACT – Objective: The aim of this study was to evaluate the performance of free-tier large language models 
(LLMs) in providing dietary recommendations for inherited metabolic disorders (IMDs), with a focus on scientific 
accuracy, completeness, and response consistency of generated responses across models under real-world con-
ditions. 

Materials and Methods: This cross-sectional benchmarking study assessed four LLMs – ChatGPT, GitHub Copi-
lot, Gemini and Claude – using 30 standardized clinical questions on dietary management in IMDs. Models were te-
sted under real-world free-tier conditions, without fine-tuning or prompt engineering. Each question was submit-
ted three times to each model. Responses were independently evaluated by three metabolic dietitians using a 
6-point ordinal scale for scientific accuracy and completeness, while response consistency was assessed across 
repeated outputs. Inter-rater agreement was assessed using the intraclass correlation coefficient (ICC).
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Results: A total of 359 unique responses were collected for evaluation. Safety guardrails were activated in 18.4% 
of responses, with substantial variability across models and clinical domains. Of these, 80.3% resulted in a complete 
block and were excluded from the analysis. Consequently, the final sample consisted of 306 responses. Model perfor-
mance was heterogeneous: ChatGPT achieved the highest and most consistent scores, with no severe inaccuracies 
or omissions. Copilot, Gemini and Claude showed intermediate performance, with relevant variability. Across clinical 
domains, responses related to diet planning and clinical monitoring were generally more stable, whereas dietary sup-
plementation and nutritional requirements showed greater variability and clinically relevant errors. Poor response 
consistency was observed in 64.7% of responses, indicating limited consistency across repeated identical prompts. 
Inter-rater agreement is defined as poor for accuracy, completeness, and response consistency.

Conclusions: The performance of free-tier LLMs in IMD dietary management is heterogeneous, with substan-
tial limitations in response consistency and in clinically complex scenarios. These findings indicate that current 
models are not yet suitable for autonomous clinical use and can be dangerous to use without a healthcare profes-
sional’s oversight.

Keywords: Artificial intelligence, Large language models, Dietetics, Inherited metabolic disorder, Clinical decision 
support.

Abbreviations: AI, artificial intelligence; CKD, chronic kidney disease; IMD, inherited metabolic disorder; IMDs, inhe-
rited metabolic disorders; ICC, intraclass correlation coefficient; Q1, first quartile; Q3, third quartile; LLM, large lan-
guage model; LLMs, large language models; MMA, methylmalonic acidemia; RAG, retrieval-augmented generation.

Graphical Abstract. Comparative evaluation of four free-tier large language models in answering patient-like 
questions on dietary management of inherited metabolic disorders, assessing scientific accuracy, completeness, 
and response consistency under real-world conditions, and demonstrating heterogeneous performance with lim-
itations for autonomous clinical use.

INTRODUCTION 

Internet searches for health-related information represent a rapidly expanding phenomenon in modern 
healthcare communication. Advances in artificial intelligence (AI) have led to the development of large 
language models (LLMs), such as ChatGPT, which use natural language processing and machine learning 
techniques to generate contextually appropriate, human-like responses to user queries1. These systems 
are increasingly able to synthesize information and provide coherent, interactive answers, contributing 
to growing interest in their use as accessible tools for preliminary medical and health-related guidance2. 
These tools may offer advantages by providing real-time, personalized information and enhancing patient 
engagement3. More broadly, AI and machine learning methods are increasingly being applied in nutri-
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tion research to address high-dimensional datasets, enable predictive modeling, and support personalized 
dietary recommendations4. These approaches range from classical statistical learning techniques to ad-
vanced deep learning architectures, including models such as LLMs that can process unstructured clinical 
and nutritional text data5. However, despite their rapid adoption, the effectiveness and reliability of LLMs 
in providing domain-specific guidance remain insufficiently characterized. Recent scoping evidence indi-
cates that, although a growing number of studies have explored applications of LLMs in nutrition and di-
etetics, most investigations are based on hypothetical scenarios rather than real-world clinical implemen-
tations, with limited use of domain-specific or retrieval-augmented approaches6. In particular, their utility 
in nutritional counseling and dietary management has not been fully evaluated, especially in the context 
of rare and complex conditions such as inherited metabolic disorders (IMDs). Dietary management in IMDs 
is particularly challenging because recommendations are disease-specific, age-dependent, and frequently 
require continuous adjustment according to biochemical monitoring and metabolic control. The aim of 
this study was to evaluate the scientific accuracy, completeness, and response consistency of responses 
generated by four freely available LLMs (ChatGPT, GitHub Copilot Free, Gemini, and Claude) to standard-
ized patient-oriented questions concerning dietary management in IMDs. Responses were independently 
assessed by expert metabolic dietitians according to current clinical guidelines. 

MATERIALS AND METHODS

Study Design

To address the current lack of evidence regarding the reliability of freely available LLMs in providing dietary 
recommendations for IMDs, we conducted a cross-sectional comparative study. Four LLMs (ChatGPT, 
GitHub Copilot Free, Gemini, and Claude) were assessed under real-world conditions using their publicly 
accessible free versions, without fine-tuning, retrieval-augmented generation (RAG), or domain-specific 
prompt engineering. The overall study design is summarized in Figure 1. The study consisted of three se-
quential phases: (i) development of standardized patient-style questions, (ii) response generation by each 
LLM under identical conditions, and (iii) blinded evaluation of responses by expert metabolic dietitians. 

Figure 1. Study design illustrating the evaluation of free-tier LLM responses to patient-style dietary management 
queries for IMDs.
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Questions Development 

A standardized set of 30 clinically relevant questions was developed to cover the main domains of dietary 
management in IMDs (Appendix 1): nutrient requirements and restrictions (n = 10), diet planning (n = 5), 
dietary supplements (n = 5), and clinical considerations and monitoring (n = 10).

The complete set of questions is available in Appendix 1, while Table 1 provides an overview of the in-
vestigated dietary management domains together with representative questions submitted to the LLMs. 
Questions were developed by two experienced metabolic dietitians based on current dietary guidelines 
for IMDs and independently reviewed by a third metabolic dietitian. As the study involved experts from 
different countries, all questions were standardized and submitted to the LLMs in English. Content va-
lidity was established through alignment with current international guideline recommendations7-18 and 
representative real-world clinical scenarios. The question set was designed to encompass different levels 
of complexity, ranging from basic nutritional knowledge to advanced clinical decision-making. Any dis-
agreements regarding the wording or content of the questions were resolved by consensus. Investigators 
involved in question development did not participate in LLM testing or response evaluation. 

Table 1. Main investigated topics and categories with representative questions submitted to the LLMs.

	 Nutrient 	 Diet planning	 Dietary 	 Clinical
	   requirements			     supplements	   considerations 
	   and restrictions					       and monitoring

Disorders of protein	 •	 Low-protein foods	 •	 Meals at 	 •	PS recommended	 •	Night-time DBS
  or amino acid 	 •	 High in lysine foods		  a restaurant		  dose		  collection
  metabolism GA I, 	 •	 Low in Phe foods			   •	Gastrointestinal 	 •	DBS results
  TYR II, UCD, MSUD,	 •	 Breastfeeding				    symptoms 	 •	Pregnancy
  PKU, MMA, CTLN 1						      following PS use	 •	Emergency feeds 
								        (vomiting)

Disorders of carbo-	 •	 Lactose-free 	 •	 Ketones levels	 •	Multivitamin 	 •	Obesity and
  hydrate metabolism 		  dairy products	 •	 Daily snacks		  supplements		  weight loss
  GAL, HFI, GSD I, 	 •	 Ketogenic diet	 •	 Ideas for
  GSD III, GSD V	 •	 Fructose in 		  breakfast
		  vegetables
		
Defects of fatty acid 	 •	 Low-fat foods	 •	 Number of meals	 •	Maltodextrin 	 •	Sports
  beta-oxidation VLCAD, 				    during the day 		  use and physical 	 •	Hiking
  LCHAD, CPT 2				    and night		  activity

CPT II, carnitine palmitoyltransferase II deficiency; CTLN1, citrullinemia type I; DBS, dried blood spot; GA 
I, glutaric aciduria type I; GAL, galactosemia; GSD I, glycogen storage disease type I; GSD III, glycogen sto-
rage disease type III; GSD V, glycogen storage disease type V; HFI, hereditary fructose intolerance; LCHAD, 
long-chain 3-hydroxyacyl-CoA dehydrogenase deficiency; MMA, methylmalonic acidemia/aciduria; MSUD, 
maple syrup urine disease; Phe, phenylalanine; PKU, phenylketonuria; PS, protein substitute; TYR II, tyrosi-
nemia type II; UCD, urea cycle disorders; VLCAD, very-long-chain acyl-CoA dehydrogenase deficiency.

LLMs Selection 

Four freely available LLMs were evaluated: 1. ChatGPT (OpenAI, free version), accessed through Ope-
nAI’s publicly available web interface. The exact model version and inference configuration were not 
disclosed by the provider. 2. GitHub Copilot Free (GitHub/Microsoft), accessed through the GitHub Co-
pilot interface. This platform dynamically routes user requests to different LLMs depending on system 
availability, without disclosing the specific model used for each interaction. 3. Gemini (Google, free 

https://jim.simmesn.org/wp-content/uploads/2026/07/Appendix-1.pdf
https://jim.simmesn.org/wp-content/uploads/2026/07/Appendix-1.pdf
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version), accessed through Google’s publicly available web interface. Although access was provided to 
the Gemini family of models, the exact model variant and configuration were not specified. 4. Claude 
(Anthropic, free version), accessed through Anthropic’s publicly available web interface. The precise 
model version and inference parameters were not disclosed. All models were evaluated using their pub-
licly accessible free versions without subscription plans, custom instructions, fine-tuning, or external 
knowledge integration. Testing was conducted under routine user conditions, with the understanding 
that free-tier services may be subject to usage limits and dynamic model allocation policies.

Model Testing Procedure

All LLMs were evaluated using their default configurations without fine-tuning, custom instructions, or ad-
ditional prompt engineering. Each model was accessed through a newly created, neutral free-tier account 
with no prior interaction history. To minimize potential personalization effects, each query was submitted 
in a separate chat session, thereby preventing conversational memory from influencing subsequent re-
sponses. Identical, clinically phrased prompts were submitted to all models. Each question was entered 
three times independently for each LLM to assess response consistency. Model testing was performed by 
three metabolic dietitians from three different countries (Brazil, Austria, and Italy), who were responsible 
for submitting the standardized questions and collecting the generated responses. These investigators 
were not involved in either question development or response evaluation. All interactions with the LLMs 
were conducted through their respective publicly available web interfaces between February and March 
2026. Testing sessions were distributed across different days to reduce the potential influence of transient 
server load or temporary model updates. The exact version of the model and its inference configuration 
were not made available by the provider. Because LLM providers implement silent updates and automatic 
changes without notifying users, it was not possible for users of the free versions to determine or verify 
the specific model version generating the response. No follow-up questions or clarifications were provided 
after the initial prompt, and responses were recorded without modification. 

Response Evaluation

Responses were independently evaluated by three metabolic dietitians from three different countries (Italy, 
the United Kingdom, and Spain), all with extensive experience in the clinical management of IMDs and a 
peer-reviewed publication record in the field. To minimize assessment bias, all responses were anonymized, 
randomized, and evaluated in a blinded manner with respect to model identity. Each evaluator independent-
ly assessed all responses using predefined scoring criteria. As all prompts and responses were generated in 
English, evaluations were also performed in English. All evaluators were proficient in English and had more 
than 10 years of experience in the clinical management of IMDs, ensuring reliable and consistent assessment. 

Outcome Measures

  •	Scientific accuracy was defined as the extent to which each response was consistent with current 
evidence-based dietary guidelines for IMDs. Each response was rated using a 6-point ordinal scale: 
0 = serious scientific inaccuracies; 1 = major inaccuracies; 2 = some inaccuracies; 3 = mostly accurate 
with minor errors; 4 = accurate with only very minor or negligible errors; and 5 = completely accurate 
according to current evidence-based guidelines. Higher scores indicated greater scientific accuracy. 

  •	Completeness was defined as the extent to which each response addressed all clinically relevant 
elements required to provide a comprehensive answer to the question. Responses were rated using 
a 6-point ordinal scale: 0 = fails to address the question; 1 = addresses very few relevant aspects; 2 
= addresses some relevant aspects; 3 = addresses most relevant aspects; 4 = addresses all relevant 
aspects with minor omissions or limited depth; and 5 = fully addresses all relevant aspects of the 
question. Higher scores indicated greater completeness. 

  •	Response consistency: Response reproducibility was defined as the consistency of responses gener-
ated by the same LLM when presented with identical prompts across repeated independent runs. For 
each question–model pair, three independently generated responses were compared descriptively 
to assess within-model response consistency. Responses were classified as fully consistent (score = 
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2), partially consistent (score = 1), or inconsistent (score = 0). A score of 2 indicated that all three re-
sponses conveyed essentially the same information with only negligible wording differences; a score 
of 1 indicated minor variations in wording or emphasis without changes in the overall content; and a 
score of 0 indicated substantial differences in the information or recommendations provided.

  •	 Inter-rater agreement. Agreement among the three independent evaluators was assessed for each out-
come domain (scientific accuracy, completeness, and response consistency) using the intraclass correla-
tion coefficient (ICC). A two-way random-effects model with absolute agreement was used, as all re-
sponses were independently evaluated by the same three raters, who were considered representative of 
a broader population of expert metabolic dietitians. ICC values were interpreted according to commonly 
accepted criteria: <0.50, poor; 0.50-0.75, moderate; 0.75-0.90, good; and >0.90, excellent agreement. In 
addition, the percentage agreement among evaluators was calculated as a descriptive measure.

Statistical Analysis

All outcomes were analyzed using descriptive statistics. For scientific accuracy and completeness, scores 
assigned by the three independent evaluators were aggregated at the response level using two comple-
mentary approaches. First, the mean score across evaluators was calculated for each response, and the 
resulting values were summarized using the median and first and third quartiles (Q1-Q3). Second, the 
median score across evaluators was calculated for each response and subsequently summarized using the 
overall median and Q1-Q3. These two approaches were reported to provide complementary estimates 
of central tendency and variability, with the median-based aggregation providing a more robust measure 
less influenced by potential outlier ratings among evaluators. Response-level median scores were used to 
identify extreme performance outcomes. Severe inaccuracy and severe incompleteness were defined as 
median scores ≤1.5 on the 6-point ordinal scale. For response reproducibility, consistency scores derived 
from repeated runs of each LLM were summarized descriptively using median values and Q1-Q3. Poor 
response reproducibility was defined as a median consistency score <2. Inter-rater agreement among the 
three independent evaluators was assessed for each outcome domain (scientific accuracy, completeness, 
and response consistency) using the ICC, as described above. A two-way random-effects model with ab-
solute agreement and average measures [ICC(2,k)] was applied. ICC values were interpreted according 
to commonly accepted criteria: <0.50, poor; 0.50-0.75, moderate; 0.75-0.90, good; and >0.90, excellent 
agreement. Safety guardrails identified in LLM-generated responses were characterized using descriptive 
analyses. No comparative inferential analyses between LLMs were performed.

Ethical Considerations

This study evaluated only AI-generated outputs; no human participants or patient data were included. 
Expert participation was voluntary.

RESULTS

A total of 360 AI-generated responses were initially collected across four free-tier LLMs. Before the blinded 
evaluation phase, one response was excluded due to a data collection error, as a duplicated response had 
been inadvertently recorded for a different query (diet planning domain, Question 2, Gemini – Model C). 
The final dataset, subjected to expert evaluation and statistical analysis, therefore consisted of 359 unique 
responses. When LLMs were unable to fully address specific medical queries, safety guardrails were acti-
vated in 18.4% of cases (66/359). Of these, 80.3% (53/66) resulted in a complete block with no scientific 
content and were excluded from the analysis. Consequently, the final sample consisted of 306 responses.

Overall Model Performance

Overall performance varied across platforms. ChatGPT (Model A) showed the highest overall perfor-
mance, with a consensus median scientific accuracy score of 4.0 (4.0-4.0) and a median of averaged 
scores of 4.0 (3.3-4.3). Completeness was also high, with a consensus median score of 4.0 (4.0-4.0) and 
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a median of averaged scores of 4.0 (3.7-4.3). In contrast, GitHub Copilot (Model B) showed low perfor-
mance in scientific accuracy, with a consensus median scientific accuracy score of 3.0 (2.0-3.0) and a 
median of averaged scores of 3.3 (3.0-3.7). Completeness followed a different pattern, with a consensus 
median score of 4.0 (3.0-4.0) and a median of averaged scores of 3.3 (3.0-3.7). Gemini (Model C) and 
Claude (Model D) showed comparable performance. Gemini had a consensus median scientific accuracy 
score of 3.0 (2.0-4.0) and a median of averaged scores of 3.3 (2.7-3.7); completeness was similar, with a 
consensus median score of 3.0 (3.0-3.0) and a median of averaged scores of 3.3 (3.0-3.7). Claude had a 
consensus median scientific accuracy score of 3.0 (3.0-4.0) and a median of averaged scores of 3.3 (2.7-
3.7). Completeness was slightly lower, with a consensus median score of 3.0 (3.0-3.0) and a median of 
averaged scores of 3.0 (2.7-3.3). Table 2 summarizes the performance of the evaluated models.

Table 2. Summary of the overall model performance, reporting scientific accuracy 
and completeness, together with the number of severe inaccuracies and instances of severe 
incompleteness for each model.

Model	 Scientific	 Completeness*	 Severe	 Severe
	   accuracy*		    inaccuracies % 	   incompleteness %
			     (n/total number 	   (n/total number
			     of responses)	   of responses)

Model A	 4.0 (4.0-4.0)/	 4.0 (4.0-4.0)/	 0.0% (0/90)	 0.0% (0/90)
  (ChatGPT)	   4.0 (3.3-4.3)	   4.0 (3.7-4.3)
Model B	 3.0 (2.0-3.0)/	 4.0 (3.0-4.0)/	 2.4% (1/42)	 0.0% (0/42)
  (Copilot)	   3.3 (3.0-3.7)	   3.3 (3.0-3.7)
Model C	 3.0 (2.0-4.0)/	 3.0 (3.0-3.0)/	 6.0% (5/84)	 6.0% (5/84)
  (Gemini)	   3.3 (2.7-3.7)	   3.3 (3.0-3.7)
Model D	 3.0 (3.0-4.0)/	 3.0 (3.0-3.0)/	 8.9% (8/90)	 0.0% (0/90)
  (Claude)	   3.3 (2.7-3.7)	   3.0 (2.7-3.3)
Total	 –	 –	 4.6% (14/306)	 1.6% (5/306)

*Data are presented as consensus median (Q1-Q3)/median of averaged scores (Q1-Q3). Severe inaccuracies and in-
completeness are defined as a consensus median score ≤1.5. For Scientific Accuracy: 0 = serious scientific inaccuracies; 
1 = major inaccuracies; 2 = some inaccuracies; 3 = mostly accurate with minor errors; 4 = accurate with only very minor 
or negligible errors; 5 = completely accurate based on current evidence-based guidelines. For Completeness: 0 = fails 
to address the question; 1 = addresses very few aspects; 2 = addresses some aspects; 3 = addresses most aspects; 4 = 
addresses all aspects with minor omissions or limited depth; 5 = fully addresses all aspects of the question.

Performance by Clinical Domain

Performance varied across clinical domains, reflecting differences in task complexity. In the domain of 
“nutrient requirements and restrictions”, models achieved a consensus median scientific accuracy score 
of 3.0 (3.0-4.0) and a median of averaged scores of 3.3 (2.7-3.7). Completeness followed a similar distri-
bution, with a consensus median score of 3.0 (3.0-4.0) and a median of averaged scores of 3.3 (3.0-3.7). 
“Diet planning” showed similar performance, reaching a consensus median score of 3.0 (3.0-3.0) and 
a median of averaged scores of 3.3 (3.3-3.3) for both scientific accuracy and completeness, reflecting 
absolute consistency in the averaged metrics.

The highest scientific accuracy was observed in the “dietary supplement” domain, which reached a 
consensus median score of 4.0 (4.0-4.0) and a median of averaged scores of 3.8 (3.8-3.8). Completeness 
in this domain presented a median score of 4.0 (4.0-4.0) and a median of averaged scores of 3.7 (3.7-3.7).

In contrast, the “clinical considerations and monitoring” domain showed comparable performance, 
with a slightly higher average accuracy. For scientific accuracy, this domain achieved a consensus medi-
an score of 3.0 (3.0-4.0) and a median of averaged scores of 3.7 (3.0-4.0). For completeness, it reached 
a consensus median score of 3.0 (3.0-4.0) and a median of averaged scores of 3.3 (3.3-3.7). Table 3 sum-
marizes the performance across the clinical domain.
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Critical Failures: Severe Inaccuracies and Incompleteness 

Overall, severe scientific inaccuracies were identified in 4.6% of responses (14/306), while severe incom-
pleteness was observed in 1.6% (5/306). When stratified by LLM, the distribution of critical failures was 
uneven. Claude accounted for the highest rate of severe inaccuracies (8.9%, 8/90). Gemini and GitHub 
Copilot showed lower rates, observed in 6.0% (5/84) and 2.4% (1/42) of responses, respectively. Gemini 
was the only model presenting severe incompleteness (6.0%, 5/84). ChatGPT did not generate any re-
sponses classified as severely inaccurate or severely incomplete based on the consensus median score.

When the 14 severe scientific inaccuracies were stratified by clinical domain, a notable pattern 
emerged in the “dietary supplement” domain: despite having the highest overall median accuracy, this 
domain contained the highest number of severe errors (10.0%, 5/50). The remaining severe inaccuracies 
were distributed across “nutrient requirements and restrictions” (4.6%, 5/108), “clinical considerations 
and monitoring” (3.0%, 3/101), and “diet planning” (2.1%, 1/47).

Regarding severe incompleteness, the five identified cases were concentrated within specific clinical 
domains. The highest number of critical omissions occurred in the “dietary supplement” domain (4.0%, 
2/50), followed by “nutrient requirements and restrictions” (1.9%, 2/108) and “clinical considerations 
and monitoring” (1.0%, 1/101). Table 2 summarizes the performance of the evaluated models with re-
spect to scientific accuracy, completeness, number of severe inaccuracies, and severe incompleteness. 
Table 3 presents an analogous analysis within the clinical domain. 

Response Consistency 

The models showed limited consistency when the same query was submitted multiple times. Overall, 
64.7% of responses (198/306) were classified as inconsistent or only partially consistent across the three 
repetitions. Detailed results of the response consistency analysis, stratified by model and clinical do-
main, are presented in Tables 4 and 5.

Table 3. Summary of the performance across clinical domains, reporting clinical accuracy 
and completeness, together with the number of severe inaccuracies and instances of severe 
incompleteness for each domain.

Clinical	 Scientific	 Completeness*	 Severe	 Severe
  domain	   accuracy*		    inaccuracies % 	   incompleteness %
			     (n/total number 	   (n/total number
			     of responses)	   of responses)

Nutrient	 3.0 (3.0-4.0)/	 3.0 (3.0-4.0)/	 4.6% (5/108)	 1.9% (2/108)
  requirements 	   3.3 (2.7-3.7)	   3.3 (3.0-3.7)
  and restrictions
Diet planning	 3.0 (3.0-3.0)/	 3.0 (3.0-3.0)/	 2.1% (1/47)	 0.0% (0/47)
	   3.3 (3.3-3.3)	   3.3 (3.3-3.3)
Dietary 	 4.0 (4.0-4.0)/	 4.0 (4.0-4.0)/	 10.0% (5/50)	 4.0% (2/50)
  supplements	   3.8 (3.8-3.8)	   3.7 (3.7-3.7)
Clinical 	 3.0 (3.0-4.0)/	 3.0 (3.0-4.0)/	 3.0% (3/101)	 1.0% (1/101)
  considerations 	   3.7 (3.0-4.0)	   3.3 (3.3-3.7)
  and monitoring
Total	       –	       –	 4.6% (14/306)	 1.6% (5/306)

*Data are presented as consensus median (Q1-Q3)/median of averaged scores (Q1-Q3). Severe inaccuracies and in-
completeness are defined as a consensus median score ≤ 1.5. For Scientific Accuracy: 0 = serious scientific inaccuracies; 
1 = major inaccuracies; 2 = some inaccuracies; 3 = mostly accurate with minor errors; 4 = accurate with only very minor 
or negligible errors; 5 = completely accurate based on current evidence-based guidelines. For Completeness: 0 = fails 
to address the question; 1 = addresses very few aspects; 2 = addresses some aspects; 3 = addresses most aspects; 4 = 
addresses all aspects with minor omissions or limited depth; 5 = fully addresses all aspects of the question.    
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Inter-rater Agreement

Inter-rater agreement was poor across all outcome domains. For scientific accuracy, the ICC(2,k) was 
0.468 (95% CI: 0.36-0.56; p<0.001), indicating poor agreement among evaluators. Similarly, completeness 
showed poor agreement, with an ICC(2,k) of 0.351 (95% CI: 0.20-0.47; p<0.001). Finally, response reproduc-
ibility also demonstrated poor agreement, with an ICC(2,k) of 0.312 (95% CI: -0.01-0.53; p<0.001) (Table 6). 

Table 5. Response consistency across clinical domains, reporting the proportion of responses 
with poor response consistency (median consistency score <2) and those with full consistency
(consistency score=2).

Clinical Domain 	 Poor consistency, 	 Fully consistency 
	   (score <2)% (n)	   (score = 2), % (n)

Nutrient requirements and restrictions	 66.7% (72/108)	 33.3% (36/108)
Diet planning	 74.5% (35/47)	 25.5% (12/47)
Dietary supplements	 58.0% (29/50)	 42.0% (21/50)
Clinical considerations and monitoring	 66.4% (62/101)	 33.6% (39/101)
Total	 64.7% (198/306)	 35.3% (108/306)

Table 4. Response consistency across models, reporting the proportion of responses
with poor response consistency (median consistency score <2) and those with full consistency 
(consistency score=2).

Model 	 Poor consistency (score <2), 	 Fully consistent (score=2),
	   % (n/total number	    % (n/total number 
	   of responses)	   of responses)

Model A (ChatGPT)	 60.0% (54/90)	 40.0% (36/90)
Model B (Copilot)	 92.9% (39/42)	 7.1% (3/42)
Model C (Gemini)	 82.1% (69/84)	 17.9% (15/84)
Model D (Claude)	 40.0% (36/90)	 60.0% (54/90)
Total	 64.7% (198/306)	 35.3% (108/306)

Table 6. Inter-rater agreement for each evaluation metric, reporting ICC(2,k) values 
and corresponding 95% confidence intervals (CI) for scientific accuracy, completeness, 
and response reproducibility. 

Metric	 ICC(2,k)	 95% CI	 p-value	 Interpretation

Scientific accuracy	 0.468	 0.36, 0.56	 <0.001	 Poor 
Completeness	 0.351	 0.2, 0.47	 <0.001	 Poor 
Response consistency	 0.312	 -0.01, 0.53	 <0.001	 Poor 

Data interpretation: <0.50, poor; 0.50-0.75, moderate; 0.75-0.90, good; and >0.90, excellent agreement.
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Safety Guardrails

Safety guardrails were activated in 18.4% of cases (66/359) when LLMs were unable to fully address 
specific medical queries. Among these, 80.3% (53/66) resulted in a complete response block with no 
scientific content, whereas 19.7% (13/66) generated a partial response that included a recommendation 
to seek clinical consultation while still providing scientific information.

Considering the median scientific accuracy and completeness scores across all 359 responses, an im-
portant association with the activation of safety filters emerged. Specifically, a median scientific accuracy 
score of 0.0 was observed in 7 of the 359 responses, and all of these cases were associated with the acti-
vation of safety mechanisms. Of these seven responses, 1/7 belonged to the “diet planning” domain and 
6/7 to the “dietary supplement” domain. Looking at the model, 4/7 responses were generated by Copilot 
(Model B) and 3/7 by Gemini (Model C), with most cases occurring during Testing 3 (5/7) rather than Test-
ing 2 (2/7). Similarly, 8 responses received a median completeness score of 0.0, all associated with safety 
filter activation. These cases involved the “diet planning” (2/8), “dietary supplement” (5/8), and “clinical 
considerations and monitoring” (1/8) domains. Copilot (Model B) and Gemini (Model C) each accounted 
for four responses, with most cases occurring during Testing 3 (6/8) rather than Testing 2 (2/8). 

Excluding responses with a median score of 0.0 (i.e., fully blocked outputs), 59 responses remained 
for the analysis of scientific accuracy and 58 for completeness. For the 59 responses assessed for scien-
tific accuracy, safety mechanisms led to complete blocks in 39 cases, partial blocks in 13 cases, and brief 
pathology-only explanations in seven cases. A similar distribution was observed for the 58 responses 
assessed for completeness, with 39 cases resulting in a complete block, 12 in a partial block, and seven 
providing only a brief pathological overview before termination. 

For scientific accuracy, safety mechanism activation was highest in GitHub Copilot (Model B; 53.3%, 
48/90), followed by Gemini (Model C; 20.2%, 18/89), while no activations were observed for ChatGPT 
(Model A) or Claude (Model D). A qualitative divergence was observed in the implementation of safety 
filters across LLMs. Model B (GitHub Copilot) exhibited a more rigid safety architecture, with restrictions 
manifesting almost exclusively as complete blocks (87.5%, 42/48) or, in a minority of cases, as brief pathol-
ogy-only explanations (12.5%, 6/48). No mid-generation terminations were observed. In contrast, Model C 
(Gemini) showed a more reactive filtering behavior, with 72.2% (13/18) of safety interventions resulting in 
partial blocks characterized by mid-output interruption. Notably, Model C accounted for all partial blocks 
observed in the study, indicating a distinct approach to clinical content restriction compared with Model B.

Activation varied across clinical domains, peaking in “dietary supplement” (21.7%, 13/120) and “diet 
planning” (20.3%, 12/59), and being lowest in “nutrient requirements and restrictions” (15.0%, 23/120).  
Safety restriction patterns varied by clinical domain. Clinical considerations and monitoring elicited the 
most rigid responses, with 82.6% (19/23) resulting in complete blocks. In contrast, nutrient require-
ments and restrictions showed a more heterogeneous distribution (seven complete blocks, six partial 
blocks, and five brief pathology-only responses).

Substantial geographic and session-based variability was also observed, with activation occurring 
during Testing 2 in Brazil (18.3%, 22/120) and peaking during Testing 3 in Austria (37.0%, 44/129), while 
no activations were observed during Testing 1 in Italy.

Responses in which the safety mechanism was applied were not evaluated uniformly by the three 
evaluators. Regarding scientific accuracy (0.0-5.0 scale), 32.3% (64/198) received a score of 0.0, 13.1% 
(26/198) a score of 1.0, 41.9% (83/198) a score of 2.0, 7.1% (14/198) a score of 3.0, 4.0% (8/198) a score 
of 4.0, and only 1.5% (3/198) achieved the maximum score of 5.0. Evaluator 2 applied a stricter scoring 
approach, assigning 0.0 in 86.4% of cases (57/66), whereas Evaluator 1 and Evaluator 3 predominantly 
assigned scores of 2.0 (54.5%, 36/66 and 71.2%, 47/66, respectively). Out of 1,077 total evaluations, 
only 8 (0.7%) received a scientific accuracy score of 0.0 without safety mechanism activation, reflecting 
incorrect rather than safety-restricted responses.

DISCUSSION

In this study, the performance of free-tier LLMs applied to dietary management in IMDs varied consid-
erably across all models in terms of accuracy, completeness, and consistency of responses. 

Among the investigated models, ChatGPT (Model A) showed the most consistent performance, suggesting 
greater robustness than other systems assessed, whereas Claude (Model D) accounted for the most severe in-
accuracies. Copilot (Model B), Gemini (Model C), and Claude (Model D) achieved acceptable median scores but 
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showed relevant variability, especially across repeated or more complex clinical queries. The models generally 
demonstrated a consistent ability to handle basic nutritional information. Across clinical domains, “dietary 
supplements” received higher and more stable scores, but also the most severe inaccuracies.  “Nutrient re-
quirements and restrictions”, “diet planning” ” and “clinical considerations and monitoring” showed moderate 
performance, lower consistency and greater variability. This suggests that domains requiring more nuanced or 
guideline-dependent reasoning remain challenging for these models. The uneven distribution of severe errors 
also indicates that summary measures alone may mask high-risk outliers, and the broader distribution in the 
interquartile ranges, particularly in decision-sensitive clinical scenarios, highlights the inherent ambiguity and 
higher risk of inconsistent or incomplete advice. Response consistency analyses further showed inconsistency 
across prompt repetitions, indicating limited stability of free-tier models in generating clinical recommen-
dations. Finally, the poor inter-rater agreement among expert evaluators reflects the inherent ambiguity of 
AI-generated clinical text and the difficulty of its consistent interpretation in specialized clinical contexts.

The results of this study show that safety guardrails play a central role in shaping both the complete-
ness and the scientific accuracy of LLM outputs in clinical contexts. The strong parallelism observed 
between these two metrics suggests that when safety mechanisms are activated, they consistently limit 
not only the presence of clinical content but also its depth and correctness. Safety mechanism activation 
was not uniform across models, with Model B and Model C accounting for all observed interventions, 
while no activations were recorded for Model A and Model D. This highlights substantial heterogeneity 
in how different LLMs implement safety constraints in response to similar clinical queries. The nature of 
the safety intervention differed across models, ranging from complete response blocks to partial out-
puts or brief pathology-only explanations. In particular, Model B predominantly produced full blocks, 
whereas Model C more frequently generated partial responses, suggesting different operationalizations 
of content restriction. These patterns were also reflected in the variability observed across clinical do-
mains, where more sensitive or high-risk topics elicited stronger safety responses. Taken together, these 
findings indicate that safety guardrails are not merely binary filters but rather structured mechanisms 
that significantly influence both the availability and the form of clinical information provided by LLMs. 
The variability observed across LLMs, geographic locations, and testing periods may also be partially 
influenced by platform-level safety and control mechanisms, rather than by intrinsic model differences 
alone. Potential contributing factors include iterative system updates, regional policy differences, and 
variations in medical safety filtering configurations across platforms19.

Evidence from nutrition and clinical settings supports both the potential and the limitations of dis-
ease-specific LLM applications. In diabetes care, ChatGPT has generally shown acceptable performance 
when addressing common patient questions2,20; however, occasional inaccuracies and excessive or 
mixed-quality information raise concerns about response reliability20,21. In type 2 diabetes and metabolic 
syndrome, ChatGPT outputs were often clear and coherent but showed gaps in key components, includ-
ing weight-loss strategies, energy-deficit recommendations, nutrient-specific guidance, and monitoring22. 
Although LLMs can generate plausible nutritional advice, they may deviate from established clinical guide-
lines or dietitian-designed references, particularly in more complex and multi-step interventions23.

In chronic kidney disease (CKD), ChatGPT and other models achieved moderate-to-high accuracy in struc-
tured tasks such as identifying potassium and phosphorus content in foods; however, performance appears 
to depend on task complexity and is less reliable when generating personalized, stage-specific dietary recom-
mendations, which require the integration of guidelines and patient-specific factors24,25. In addition, guide-
line-based evaluations of CKD dietary scenarios showed inconsistent energy, macro- and micronutrient tar-
gets, marked inter-model variability and no full compliance with established nutritional recommendations26. 
Expert assessments further confirm discrepancies in perceived accuracy, comprehensiveness, and clinical 
applicability across models, with performance depending on task formulation and model type26. 

In celiac disease, LLMs showed generally high accuracy and clarity; however, the non-negligible rates 
of misinformation (ranging from approximately 13% to 24%) have raised concerns about unsupervised 
patient use27. Mean quality scores of LLMs’ responses may be high, around 4.3/5, yet variability persists 
across models and question types, especially for diagnostic content28.

In IMDs such as methylmalonic acidemia (MMA), where treatment requires precise, individualized, 
and tightly controlled dietary interventions, ChatGPT displayed low appropriateness, with many dietary 
recommendations judged as inadequate29. 

In general nutrition advice, ChatGPT was described as an effective tool1 and as providing answers 
similar to or even superior to those of dietitians, in terms of scientific correctness, practical applicability, 
and clarity3. However, limitations emerge with complex individualized nutritional care and in domains 
characterized by scientific uncertainty and heterogeneous evidence, such as dietary supplements. In-
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deed, accuracy remains considerably lower than that observed in structured nutrition tasks, and vulner-
ability to misinformation increases along with inconsistent or controversial evidence30. 

Compared with more prevalent chronic conditions, IMDs involve highly specialized and strictly indi-
vidualized dietary management, characterized by precise quantitative restrictions and disorder-specific 
metabolic requirements. This level of complexity may challenge LLMs, as it demands highly detailed, 
condition-specific metabolic knowledge that is less frequently encountered in general clinical nutrition 
literature, potentially limiting the consistency and completeness of generated recommendations. 

Overall, LLM performance appears stronger in low-complexity informational tasks and progressively 
less reliable with increasing clinical specificity and personalization. This pattern may reflect the proba-
bilistic architecture of LLMs, which generate outputs through statistical inference over learned repre-
sentations rather than explicit rule-based reasoning31. Because knowledge is distributed across high-di-
mensional semantic spaces, model performance depends on the density and coherence of the activated 
semantic region and on the constraints provided by the prompt32,33. General queries usually align with 
well-represented semantic regions, whereas highly specialized clinical inputs may activate sparse or 
overlapping domains, increasing the risk of semantic drift and hallucinations34,35. Transparent reporting 
of model conditions is methodologically essential, as generation settings can introduce variability in 
model outputs, potentially affecting response consistency and comparability across runs. Thus, identical 
inputs may yield different responses across runs, especially in complex clinical scenarios where prompt 
ambiguity interacts with probabilistic decoding36.

In real-world settings, the LLM response variability may be further amplified by underspecified or incon-
sistently formulated user queries. Additionally, professional output interpretation may differ, with clinicians 
prioritizing medical plausibility and dietitians emphasizing nutritional accuracy and practical applicability.

Collectively, these findings highlight the limited reliability of current LLMs for clinical use, with pa-
tient safety remaining critical, especially when inaccurate recommendations may have direct clinical 
consequences. While LLMs may offer advantages in accessibility, scalability, and patient engagement, 
they should be considered as assistive tools for clinical nutrition, operating under human oversight rath-
er than autonomous decision-making systems37. A cautious and structured integration of LLMs into 
clinical nutrition, primarily for information access and educational support, rather than as standalone 
systems for dietary decision-making, is therefore desirable. 

The development of domain-specific, retrieval-enhanced systems grounded in validated clinical da-
tabases represents a necessary step toward safer deployment in medical contexts38. Although gener-
ative AI systems are rapidly expanding in personalized dietary applications, most current implementa-
tions remain largely preference-driven rather than biologically grounded39. Clinically reliable AI-driven 
nutrition will require improved model architectures, standardized reporting frameworks, and stronger 
integration of biological data sources. General LLMs, which are not systematically trained on structured 
food-nutrition mappings or ontology-aligned datasets, have shown reduced performance in nutrient es-
timation, food classification, and semantic entity linking, whereas domain-specific models fine-tuned on 
large-scale, task-aligned datasets achieved higher accuracy and semantic consistency across nutritional 
profiling and structured classification tasks40. This could be achieved through supervised fine-tuning on 
curated clinical nutrition datasets, integration of structured food composition databases, and alignment 
with biomedical ontologies to improve consistency in nutrient representation and clinical reasoning.

This study has several limitations that should be acknowledged. First, the number of evaluators 
was limited, as this was a preliminary exploratory study designed to assess feasibility and generate 
initial insights rather than to provide definitive conclusions. The large number of evaluated responses 
also imposed a substantial cognitive and time burden, which may have contributed to inter-evalu-
ator variability. Second, the study employed a predominantly descriptive and qualitative analytical 
approach, which, while appropriate for exploratory purposes, does not allow for formal inferential 
comparisons. Third, only four LLMs were included, which limits the generalizability of the findings 
across the rapidly evolving landscape of AI systems. In addition, given the fast pace of development 
in this field, model performance and configurations may change over time, meaning that results may 
not fully reflect future or updated versions of the same systems. Finally, all LLMs were accessed via 
free-tier interfaces with quotas, rate limits, and restricted availability, representing a further limita-
tion. Exact model versions, configurations, and routing procedures were often undisclosed, limiting 
response consistency and direct comparison across platforms. Inter-evaluator variability may also 
have been influenced by heterogeneous response formats, including partial or safety-filtered out-
puts, and by varying levels of evaluator familiarity with specific clinical domains, which could have led 
to differences in scoring interpretation across conditions.
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Future research should also define the levels of dietary education and counseling that can be safely sup-
ported by LLMs in IMDs. Transversal educational content may be more amenable to AI assistance, whereas 
counseling involving treatment complexity, metabolic control, clinical monitoring, or patient-specific dietary 
adaptation should remain highly personalized and supervised by specialized professionals.

CONCLUSIONS

Free-tier LLMs can generate clinically plausible responses in metabolic dietetics but remain insufficient-
ly accurate, complete, and consistent for autonomous use in IMD dietary management. Their perfor-
mance appears acceptable for general information retrieval and potentially for standardized education-
al support; however, it declines in domains requiring individualized interpretation, guideline integration, 
monitoring, and risk-sensitive decision-making. LLMs should therefore be considered assistive tools and 
used only under specialist supervision, as current models are not yet suitable for autonomous clinical 
use and can be dangerous to use without a healthcare professional’s oversight. Future work should de-
fine which levels of dietary education and counseling may be safely delegated to AI and should prioritize 
domain-specific, retrieval-enhanced systems grounded in validated metabolic nutrition resources.
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