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A BST R AC T   

 

Aim: Artificial intelligence (AI) and large language models (LLMs) are increasingly used in medicine, yet 

their role in pediatric neurology remains unclear. Given the unique challenges in this field, evaluating the 

accuracy, reliability, and clinical applicability of AI-generated responses is essential. This study aimed to 

compare the performance of ChatGPT-3.5 and ChatGPT-4.0 in clinical decision-making in pediatric neurology 

based on expert evaluations using standardized rating criteria. 

Methods: This prospective observational study included 61 board-certified pediatric neurologists who 

assessed AI-generated responses to ten common pediatric neurology cases. Responses were evaluated on a 

five-point Likert scale for accuracy, reliability, clinical applicability, and comprehensibility. Since the same 

raters evaluated both models, comparisons were performed using the non-parametric Wilcoxon signed-rank 

test. Internal consistency was examined with Cronbach’s alpha, and correlations between experience and 

model ratings were analyzed using Pearson’s test. 

Results: GPT-4.0 achieved higher mean scores than GPT-3.5 across all domains, particularly for accuracy (4.2 

± 0.4 vs 3.5 ± 0.5, p = 0.38) and comprehensibility (4.3 ± 0.4 vs 3.6 ± 0.5, p = 0.62). Although GPT-4.0 

performed slightly better overall, none of the differences were statistically significant (p > 0.05). Cronbach’s 

alpha values indicated low internal consistency (ranging from 0.58 to 0.67), suggesting variability among 

raters. Expert experience showed no significant correlation with ratings, implying that AI evaluations were 

largely experienced-independent. 

Conclusion: While GPT-4.0 demonstrated modest improvements over GPT-3.5, neither model achieved 

sufficient reliability for independent clinical use in pediatric neurology. Addressing AI hallucinations, 

enhancing internal consistency in expert evaluations, and promoting safe clinical integration remain key 

priorities for future research. 

 

Keywords: Artificial intelligence, ChatGPT, clinical decision support, large language models, pediatric 

neurology. 

                                                                                                        

       Sevim Türay 

Department of Pediatric Neurology, Düzce University, 

Medical Faculty, Düzce, Türkiye 

E-mail: sevimturay@duzce.edu.tr      
 

Received: 2026-04-11 / Revisions: 2026-14-28 

Accepted: 2026-05-10 / Published: 2026-07-01 

 
 

 

 

 

In recent years, artificial intelligence (AI) 

has gained significant traction in the field of 

medicine, revolutionizing various aspects of 

clinical decision-making, diagnostics, patient 

management, and medical consultation [1,2]. 

AI-driven language models, particularly large 
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language models (LLMs), have demonstrated 

the ability to process vast amounts of medical 

literature and generate responses based on 

established clinical guidelines [3,4]. While 

these models have shown promising results in 

supporting healthcare professionals in adult 

medicine, their application in pediatric 

medicine remains an area of limited research. 

Pediatric patients present unique diagnostic and 

management challenges due to age-specific 

physiological variations, distinct disease 

presentations, and developmental 

considerations. Consequently, the reliability, 

accuracy, and clinical applicability of AI-

generated responses in pediatric neurology 

require thorough investigation [5-7]. 

Pediatric neurology is a highly specialized 

field that requires early diagnosis, 

individualized treatment strategies, and long-

term follow-up. Disorders such as epilepsy, 

cerebral palsy, neurodevelopmental delays, 

neuromuscular diseases, and metabolic 

syndromes necessitate a comprehensive, 

multidisciplinary approach. Unlike adult 

neurology, where patients can articulate 

symptoms in detail, pediatric cases often rely on 

caregiver-reported histories and observational 

assessments, making clinical decision-making 

even more complex. The integration of AI-

based tools in this domain could potentially 

enhance diagnostic accuracy and streamline 

management strategies, but the feasibility of 

such integration remains unexplored [8]. 

Recent advances in LLMs, such as 

ChatGPT-3.5 and ChatGPT-4.0, have enabled 

AI models to generate medically relevant 

responses based on extensive datasets, 

including peer-reviewed literature and clinical 

guidelines. However, despite their ability to 

simulate expert-level reasoning, concerns 

remain regarding their factual accuracy, 

reliability, and adherence to evidence-based 

medicine. While AI has demonstrated 

substantial efficacy in fields such as radiology, 

dermatology, cardiology, orthopedics, and 

physiotherapy, where pattern recognition and 

algorithmic interpretation play a crucial role, its 

utility in pediatric neurology remains uncertain 

[9-14]. The dynamic and evolving nature of 

pediatric disorders necessitates contextual 

understanding, real-time clinical judgment, and 

patient-centered care, which AI models may 

struggle to replicate. 

Prior research has explored the use of AI in 

adult neurology, particularly in areas such as 

stroke detection, seizure prediction, and 

neuroimaging analysis [15]. However, there is 

a notable gap in the literature regarding how AI-

generated responses compare to expert clinical 

reasoning in pediatric neurology. Given that 

pediatric neurological conditions often require 

age-specific considerations, a critical 

evaluation of AI performance in this field is 

essential. While some studies have assessed 

AI’s ability to interpret EEG findings in 

epilepsy or assist in motor function analysis in 

cerebral palsy, the role of AI in supporting 

pediatric neurologists in day-to-day clinical 

decision-making remains largely unexamined 

[16,17]. This study aims to evaluate the 

performance of ChatGPT-3.5 and ChatGPT-4.0 

in pediatric neurology clinical decision-making 

by assessing their accuracy, reliability, clinical 

applicability, and comprehensibility. To 

achieve this, responses generated by these 

models for ten common pediatric neurology 

scenarios were evaluated by 61 board-certified 

pediatric neurologists using a standardized 

Likert scale. The study also examines whether 

professional experience, academic background, 

and clinical setting influence the perception of 

AI-generated responses and evaluates the 

potential of AI as a clinical decision-support 

tool in pediatric neurology. 
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Understanding the strengths and limitations 

of AI in this context could provide valuable 

insights into its potential role in assisting 

pediatric neurologists, improving clinical 

workflows, and identifying areas where AI-

generated medical content may require 

refinement. This study represents one of the 

first attempts to systematically evaluate how AI 

performs in pediatric neurology and aims to 

establish a foundation for future research on AI-

assisted clinical decision-making in this field. 

 

 

 

2.1. Study Design and Participants: This 

observational and comparative study aimed to 

assess the performance of artificial intelligence-

based language models (GPT-3.5 and GPT-4.0) 

in providing clinically relevant and accurate 

responses to common pediatric neurology 

scenarios. A total of 61 pediatric neurologists 

voluntarily participated in the study. All 

participants had a minimum of five years of 

professional experience and represented a 

diverse range of backgrounds, including 

academic specialists, clinical practitioners, and 

those with combined academic and clinical 

roles. The study adhered to the ethical standards 

of the Declaration of Helsinki and was 

approved by the Düzce University Ethics 

Committee (Approval Number: 2025/48). Prior 

to participation, all individuals were informed 

about the study's objectives, methodology, and 

potential risks and benefits. Written informed 

consent was obtained from all participants. To 

ensure anonymity and reduce response bias, all 

evaluations were collected and analyzed in a 

blinded manner. The study was conducted 

following the STROBE (Strengthening the 

Reporting of Observational Studies in 

Epidemiology) guidelines, ensuring that all 

procedures adhered to standardized research 

and reporting principles. Participant 

confidentiality was strictly maintained, and all 

collected data were used exclusively for 

research purposes. 

2.2. Inclusion and Exclusion Criteria: 

Participants were selected based on predefined 

inclusion and exclusion criteria to ensure the 

study's validity and relevance to the research 

objectives. Board-certified pediatric 

neurologists with at least five years of 

professional experience were eligible to 

participate. Physicians actively working in 

clinical, academic, or combined roles in 

pediatric neurology were included in the study. 

All participants were required to provide 

written informed consent and complete the 

entire survey to ensure full dataset consistency. 

Exclusion criteria included physicians with less 

than five years of professional experience in 

pediatric neurology. Participants who did not 

complete the full evaluation survey were also 

excluded from the study. Additionally, 

individuals with a known conflict of interest or 

industry affiliation that might bias their 

responses were not included. Participants who 

failed to provide informed consent or withdrew 

from the study before completion were also 

excluded. 

2.3. Data Collection Method: Data 

collection was conducted via an online survey 

created using Google Forms. Participants were 

provided with detailed study information before 

completing the survey to ensure they 

understood the purpose and procedures of the 

research. The survey presented ten clinical 

pediatric neurology questions, alongside 

responses generated by GPT-3.5 and GPT-4.0. 

Participants were asked to evaluate these 

responses using a five-point Likert scale, where 

one indicated poor performance and five 

indicated excellent performance. Each response 

was assessed across four key evaluation 

2.  Materials and methods 
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criteria: accuracy, reliability, clinical 

applicability, and comprehensibility. To 

minimize bias, the AI-generated responses 

were presented in a randomized order, and 

participants were not informed about which AI 

model had produced each response during the 

evaluation process. The questionnaire used in 

this study was specifically developed by the 

author for the purpose of this research. An 

English version of the questionnaire has been 

provided as a supplementary file. 

2.4. Development of Clinical Questions: 

The clinical questions used in this study were 

carefully selected to reflect real-world pediatric 

neurology challenges commonly encountered 

in clinical practice. A structured approach was 

followed to develop these questions. The 

research team analyzed anonymized hospital 

records and reviewed published literature to 

identify frequent pediatric neurology cases over 

the past ten years. Key conditions included 

epilepsy, seizure disorders, neuromuscular 

diseases, neurodevelopmental delays, and 

metabolic disorders. Based on these findings, 

ten clinically relevant questions were drafted. 

To ensure clinical validity and relevance, three 

senior pediatric neurologists independently 

reviewed and refined these questions. For 

response generation, identical and standardized 

prompts were used for both GPT-3.5 and GPT-

4.0 to ensure methodological consistency. Each 

clinical question was entered into a new chat 

session without additional contextual 

information or prompt refinement. Default 

model settings were used during response 

generation, and no iterative prompting or 

response regeneration process was applied. All 

responses were generated in English and 

recorded in their original form prior to expert 

evaluation. The finalized set of questions 

encompassed diagnostic, therapeutic, and 

management aspects of pediatric neurology, 

ensuring a comprehensive evaluation of the AI 

models' capabilities. The complete list of 

clinical questions used in the study is presented 

in Table 1. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

2.5. Statistical Analysis: All statistical 

analyses were conducted using SPSS version 

22.0 (IBM Corporation, Armonk, NY, USA). 

percentages statistics, including means, 

standard deviations, frequencies, and 

percentages, were calculated to summarize the 

demographic characteristics of the participants. 

Since the same group of raters evaluated both 

AI models using ordinal Likert-type scales, the 

data were treated as paired and non-parametric. 

Therefore, comparisons between GPT-3.5 and 

Table 1. Clinical Questions Used in the Study. 

Question 

Number 
Clinical Question 

1 

What are the key questions to ask when obtaining a 

history from the parents of a child who has 

experienced a seizure? Categorize your response. 

2 

What are the critical aspects to assess during the 

physical examination of a child presenting with a 

seizure? 

3 

What diagnostic tests are required to confirm a 

diagnosis of epilepsy? What are the criteria for 

definitive diagnosis? 

4 

Which medications should be chosen for treating 

childhood absence epilepsy? What factors influence 

medication selection? Are there any drugs that should 

be avoided? 

5 
What are the risk factors that predict recurrence of 

febrile seizures? 

6 

What are the risk factors that predict the future 

development of epilepsy in children with febrile 

seizures? 

7 

In children with drug-resistant epilepsy, what lifestyle 

modifications should be considered? What 

recommendations should be given to families 

regarding dos and don’ts? 

8 

How should a patient presenting with status 

epilepticus be managed? What are the first- and 

second-line treatments for stopping the seizure? 

9 

In which pediatric neurological conditions is a 

ketogenic diet recommended, and when should it be 

avoided? 

10 
What are the treatment options for an infant diagnosed 

with infantile spasms based on etiology? 
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GPT-4.0 across the four evaluation domains 

(accuracy, reliability, clinical applicability, and 

comprehensibility) were performed using the 

Wilcoxon signed-rank test instead of 

independent t-tests. A p-value of less than 0.05 

was considered statistically significant. Internal 

consistency for each domain was assessed using 

Cronbach’s alpha coefficients, calculated 

separately for accuracy, reliability, clinical 

applicability, and comprehensibility, to 

evaluate the stability and reliability of expert 

ratings. Effect sizes (Cohen’s d) were also 

computed to quantify the magnitude of 

observed differences between the two models. 

To determine whether participants’ years of 

professional experience influenced their 

assessments, Pearson correlation analyses were 

conducted. The correlation coefficients (r) were 

analyzed to identify potential associations 

between clinical experience and model ratings. 

A G*Power analysis was conducted to 

determine the required sample size for adequate 

statistical power [18]. Assuming a medium 

effect size (Cohen’s d = 0.50), an alpha level of 

0.05, and a power of 0.80, the required 

minimum sample size was calculated as 43 

participants. Since the study included 61 

pediatric neurologists, the sample size was 

considered sufficient to detect meaningful 

differences while maintaining adequate 

statistical power for non-parametric analysis. 

[19]. All analyses adhered to standard statistical 

principles and reporting practices to ensure the 

validity and reliability of the findings. 

 

 

According to Table 2, the study included 61 

pediatric neurologists with varying levels of 

experience and professional backgrounds. The 

distribution of participants was as follows: 35% 

academicians, 35% clinician-academicians, and 

30% solely clinicians. The average professional 

experience of the participants was 10.2 years 

(SD = 3.1 years), ranging from 5 to 20 years. 

Table 3 presents the mean ± SD scores of 

GPT-3.5 and GPT-4.0 across the four 

evaluation domains: accuracy, reliability, 

clinical applicability, and comprehensibility. 

GPT-4.0 consistently received higher scores 

than GPT-3.5 in all domains; however, these 

differences were not statistically significant (p 

> 0.05). The largest numerical gap was 

observed in accuracy and comprehensibility, 

where GPT-4.0 exceeded GPT-3.5 by 

approximately 0.7 points on average. Internal 

consistency of expert ratings was assessed 

using Cronbach’s alpha, and the results are 

summarized in Table 4. The coefficients ranged 

from 0.58 to 0.67 across domains, indicating 

moderate agreement among raters. These 

findings suggest that some variability existed in 

expert scoring, potentially reflecting 

differences in subjective interpretation of AI-

generated responses. Effect size calculations 

(Cohen's d) showed small-to-negligible 

differences between models across all domains. 

Table 5 summarizes the correlation between 

years of professional experience and the 

assessment of GPT-3.5. No significant 

correlations were found (r ranging from -0.33 to 

0.05), indicating that the evaluations were 

largely independent of clinical experience. This 

finding suggests that pediatric neurologists, 

regardless of seniority, demonstrated consistent 

perceptions of AI-generated responses. 

Finally, Figure 1 illustrates the comparative 

performance of GPT-3.5 and GPT-4.0 across 

the four evaluation domains. Although GPT-4.0 

demonstrated consistently higher median 

scores, the statistical analysis confirmed that 

these differences were not significant, 

reinforcing that GPT-4.0 represents a modest, 

rather than substantial, improvement in 

pediatric neurology decision support. 

3. Results 
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Table 2. demographic information and professional experience of participants. 

Category Count (n) Percentage (%) Average Experience (Years) SD 

Academicians 21 35.0 9.5 2.8 

Clinician-Academicians 21 35.0 10.3 3.2 

Clinicians 19 30.0 10.9 3.4 

Total 61 100 10.2 3.1 

 
Table 3. Mean scores and standard deviations for GPT-3.5 and GPT-4.0. 

Criterion GPT-3.5 (Mean ± SD) GPT-4.0 (Mean ± SD) p-value 

Accuracy 3.5 ± 0.5 4.2 ± 0.4 0.38 

Reliability 3.4 ± 0.6 4.1 ± 0.5 0.37 

Clinical Applicability 3.3 ± 0.7 4.0 ± 0.6 0.44 

Comprehensibility 3.6 ± 0.5 4.3 ± 0.4 0.62 

 
Table 4. Internal consistency (Cronbach’s Alpha) of expert ratings across evaluation domains. 

Evaluation Domain Cronbach’s α Interpretation 

Accuracy 0.62 Moderate consistency 

Reliability 0.64 Moderate consistency 

Clinical Applicability 0.58 Low consistency 

Comprehensibility 0.67 Moderate consistency 

 
Table 5. Correlation between professional experience and GPT-3.5 ratings. 

Criterion Correlation Coefficient (r) 

Accuracy 0.048 

Reliability -0.147 

Clinical Applicability 0.024 

Comprehensibility -0.332 

 

                    
                         Figure 1. Comparison of GPT-3.5 and GPT-4.0 across evaluation criteria. 
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In this study, the performance of ChatGPT-3.5 

and ChatGPT-4.0 in supporting clinical 

decision-making in pediatric neurology was 

evaluated. A total of 61 pediatric neurologists 

assessed the responses generated by these 

models based on accuracy, reliability, clinical 

applicability, and comprehensibility. The 

findings indicated that GPT-4.0 consistently 

received higher ratings than GPT-3.5; however, 

the differences were not statistically significant. 

This suggests that while AI language models 

have the potential to aid clinical decision-

making in pediatric neurology, their current 

iterations still have notable limitations that must 

be addressed before full clinical integration. 

The use of AI-driven models in medicine has 

gained increasing attention, particularly in 

fields such as radiology, dermatology, 

cardiology, and adult neurology, where AI has 

been successfully integrated into clinical 

decision-support systems. For instance, AI 

algorithms have demonstrated high accuracy in 

radiological image analysis, achieving 

performance levels comparable to expert 

radiologists [20]. Similarly, AI has shown 

promise in electrocardiogram (ECG) 

interpretation, assisting cardiologists in early 

diagnosis and risk stratification [17]. 

Despite these advancements, AI applications 

in pediatric neurology remain underexplored. 

Some AI-based approaches have been 

investigated in epilepsy management, 

particularly in EEG analysis, where machine 

learning models have demonstrated the ability 

to detect seizure onset and classify epilepsy 

subtypes [15]. However, there has been limited 

research on how AI-generated text-based 

responses compare to expert clinical reasoning 

in pediatric neurology. Given the unique 

diagnostic and therapeutic challenges in 

pediatric patients, a critical evaluation of AI 

performance in this field is necessary [21,22]. 

The findings of this study suggest that while 

GPT-4.0 outperforms GPT-3.5 in various 

aspects, neither model has reached a level of 

reliability that would allow them to function as 

independent clinical decision-makers. 

One of the most critical concerns regarding 

AI-driven language models is "hallucination," 

the generation of inaccurate or entirely 

fabricated information. AI models can 

sometimes present incorrect medical details or 

provide misleading recommendations that do 

not align with established clinical guidelines 

[23,24]. In this study, while GPT-4.0 received 

higher ratings for accuracy, the model did not 

achieve absolute reliability, highlighting the 

need for further improvements in factual 

accuracy and adherence to evidence-based 

medicine. These findings emphasize that AI 

should be viewed as a complementary tool 

rather than a standalone system in pediatric 

neurology. 

Moreover, the moderate internal consistency 

observed across expert evaluations suggests 

variability in how clinicians interpret AI-

generated content. This heterogeneity likely 

reflects the subjective nature of evaluating text-

based outputs and highlights the need for 

standardized assessment instruments in future 

studies. Interestingly, the lack of correlation 

between professional experience and model 

ratings implies that perceptions of AI 

performance were relatively consistent across 

junior and senior neurologists, suggesting that 

these tools may be intuitively interpretable 

regardless of expertise level. In clinical 

practice, such neutrality could support the use 

of LLMs as “second-opinion” systems—

particularly for summarizing evidence, 

generating educational content, or offering 

structured clinical reasoning support—rather 

4. Discussion 
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than replacing physician judgment [14,21]. 

Ethical deployment of AI in pediatric neurology 

should align with established international 

principles, including the World Health 

Organization’s guidelines on the ethics and 

governance of AI in health and the American 

Academy of Neurology’s recommendations on 

responsible technology use [23]. Future 

research should validate these findings in multi-

center and cross-cultural contexts and assess 

emerging models such as GPT-5 and Med-

Gemini, which may provide improved domain 

adaptation, transparency, and safety in clinical 

decision support [3,4]. 

This study has several important limitations. 

First, the internal consistency of expert ratings, 

as indicated by Cronbach’s alpha values 

ranging from 0.58 to 0.67, was relatively low. 

This suggests moderate variability among 

raters, likely to reflect differences in subjective 

interpretation of AI-generated content. Future 

research should aim to improve inter-rater 

reliability by refining rating instruments and 

conducting psychometric validation. Second, 

the questionnaire used in this study was author-

developed and, while reviewed by three senior 

pediatric neurologists for content relevance, it 

did not undergo formal validation. This 

limitation should be considered when 

interpreting the findings, and future studies 

should include comprehensive content and 

construct validation of similar tools. Third, the 

analysis focused solely on ChatGPT-3.5 and 

ChatGPT-4.0, without comparison to other AI-

based language models such as Google Med-

PaLM, BioGPT, or other domain-specific AI 

systems. Future studies should include a 

broader range of models to provide a more 

comprehensive evaluation of their relative 

performance. Fourth, the study was limited to a 

set of ten clinical scenarios in pediatric 

neurology. Expanding the dataset to include a 

wider range of neurological conditions, 

particularly rare diseases and complex 

differential diagnoses, would enable a deeper 

assessment of AI capabilities in clinical 

reasoning. Fifth, the participant pool consisted 

of pediatric neurologists from a single 

geographic region and clinical network under 

one institutional ethics approval, which may 

introduce regional or institutional bias. Multi-

center and international validation studies are 

therefore required to enhance the 

generalizability of the findings. 

Finally, the results suggest that AI-based 

language models hold potential applications in 

pediatric neurology, but further research is 

needed to enhance their reliability and clinical 

applicability. Future investigations should 

evaluate AI integration in real-time clinical 

workflows and electronic health record (EHR) 

systems and explore multimodal AI approaches 

combining text analysis with imaging, genetic, 

and physiologic data. Moreover, testing 

emerging models such as GPT-5 or Med-

Gemini may offer valuable insights into 

performance evolution and domain 

specialization. 

4.1. Conclusion: In conclusion, this study 

represents one of the first systematic attempts 

to evaluate the performance of ChatGPT-3.5 

and ChatGPT-4.0 in pediatric neurology 

decision-making. The results demonstrate that 

GPT-4.0 performs modestly better than GPT-

3.5 in terms of accuracy, reliability, and 

comprehensibility, although these differences 

were not statistically significant. Given the 

limitations related to internal consistency, 

regional representation, and model scope, 

current large language models cannot yet be 

considered reliable tools for independent 

clinical use. AI hallucinations, lack of formal 

validation, and variable interpretability remain 

key barriers to clinical adoption. However, 
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LLMs may serve as valuable “second opinion” 

or educational support tools, assisting pediatric 

neurologists in literature summarization, 

patient counseling, and diagnostic reasoning 

under appropriate supervision. Ethical 

integration of AI into healthcare should align 

with emerging international frameworks, such 

as the World Health Organization guidelines on 

AI ethics and governance in health and the 

American Academy of Neurology 

recommendations on technology use. 

Ultimately, AI systems should complement—

not replace—clinicians, supporting evidence-

based and patient-centered care. Continued 

interdisciplinary collaboration, model 

refinement, and multi-center validation are 

essential for realizing the safe and meaningful 

integration of AI into pediatric neurology. 

 

Abbreviations: AI, artificial intelligence; GPT, 

generative pre-trained transformers; LLMs, 

large language models 
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