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Abstract 

Background: Accurate pain assessment is fundamental to diagnosis, treatment planning, and clinical decision-making 
in pediatric dentistry. However, assessment of dental pain in children can be challenging because pain expression is 
influenced by developmental, emotional, behavioral, and communication-related factors. With the increasing 
application of artificial intelligence (AI) in healthcare, generative AI chatbots have emerged as potential clinical 
decision-support tools; however, their diagnostic performance in pediatric dental pain assessment requires evaluation 
against professional clinical judgment. 

Aim: To compare the diagnostic performance of pediatric dentists and generative AI chatbots—ChatGPT-5, Gemini, 
Claude, and DeepSeek—in the assessment of standardized pediatric dental pain scenarios. 

Materials and Methods: A cross-sectional comparative observational study was conducted using a validated 
questionnaire comprising 30 standardized pediatric dental pain scenarios. Twenty-five pediatric dentists and four 
AI chatbot models—ChatGPT-5, Gemini, Claude, and DeepSeek—evaluated the clinical scenarios. Responses were 
assessed for probable diagnosis, pain severity, urgency of treatment, and recommended management. Diagnostic 
performance was evaluated using overall accuracy, sensitivity, specificity, and agreement measures. The performance 
of pediatric dentists was compared with individual AI models, and inter-model differences were evaluated.  

Results: AI chatbots demonstrated promising performance in pediatric dental pain assessment, with differences 
observed among the evaluated models. ChatGPT demonstrated the highest diagnostic performance among the AI 
chatbots. Performance varied according to the complexity of the clinical scenario, with AI showing comparatively 
greater limitations in cases requiring contextual reasoning, interpretation of behavioral factors, and clinical judgment. 
The study also demonstrated high reproducibility of AI responses across repeated assessments.  

Conclusion: Generative AI chatbots demonstrate considerable potential as decision-support tools for pediatric dental 
pain assessment. Among the evaluated AI models, ChatGPT showed the strongest diagnostic performance. 
Nevertheless, limitations in interpreting complex clinical and behavioral information highlight the continued 
importance of professional clinical judgment. AI-based systems may therefore complement pediatric dentists in 
preliminary assessment, education, and clinical decision-making but should not be considered replacements for trained 
clinicians. Future multimodal AI systems incorporating clinical findings, radiographs, photographs, patient history, 
and behavioral information may further improve diagnostic performance.  

Keywords: Artificial intelligence; ChatGPT; Gemini; Claude; DeepSeek; Pediatric dentistry; Dental pain; Diagnostic 
accuracy; Clinical decision-making. 
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Introduction 
Accurate assessment of pediatric dental pain remains 
a clinical challenge because children may have limited 
verbal communication abilities and often require 
specialized behavioral management [1,2]. Clinicians 
must integrate clinical findings, radiographic 
evidence, and patient- or caregiver-reported symptoms 
to establish an appropriate diagnosis and management 
plan; however, the subjective nature of pain and 
variation in children’s expression of symptoms can 
contribute to diagnostic variability and inconsistencies 
in treatment planning. As large language models 
emerge as potential clinical decision-support tools, 
they offer a novel, although not yet fully validated, 
approach to organizing and interpreting multifaceted 
clinical information [3,4]. Although these models have 
demonstrated promising performance in several oral-
health applications [5,6], the literature lacks 
systematic comparative benchmarking of LLM 
performance in pediatric dental pain assessment 
against the clinical judgment of specialized pediatric 
dentists [7]. This study therefore aims to evaluate the 
diagnostic accuracy, sensitivity, and specificity of four 
prominent LLMs and to assess their potential role as 
adjuncts to pediatric clinical reasoning [8]. Despite 
their reported utility in generating clinical information, 
LLMs may struggle with subtle dental abnormalities 
and with incorporating patient-specific chief 
complaints into diagnostic reasoning [9,10]. Concerns 
also remain regarding misinformation, data bias, and 
the propagation of clinically consequential errors in 
complex pediatric cases [11]. Accordingly, 
comparison with human expertise is necessary to 
assess the reliability of these systems in pediatric 
dentistry, where inaccurate decisions may contribute 
to preventable long-term complications [12,13]. 
Benchmarking LLMs against specialized pediatric 
dental expertise may help determine whether current 
generative AI systems meet the diagnostic standards 
required for safe integration into pediatric practice 
[14]. This evaluation is particularly important because 
current models may have difficulty resolving the 
diagnostic discrepancies characteristic of pediatric 
cases, potentially limiting the safety of routine clinical 
use [15]. It is also necessary to characterize 
performance differences among platforms, as 
variations in model architecture and training may 
result in inconsistent diagnostic outputs when identical 
clinical information is provided [16]. Although 
emerging research indicates that LLMs may improve 
clinical efficiency, their diagnostic performance 
remains variable and inadequate to support 

autonomous decision-making in high-stakes pediatric 
settings [17–19]. Previous studies have reported 
substantial performance variability among models, 
with some failing to meet the proficiency threshold 
required for national licensing examinations [20,21]. 
Empirical validation is therefore needed to determine 
whether these technologies can function reliably as 
decision-support tools without compromising the 
accuracy and contextual judgment provided by human 
clinicians [22,23]. By quantifying performance 
differences between specialized pediatric clinicians 
and LLMs, this study addresses the need for 
benchmarks that extend beyond overall accuracy to 
evaluate clinically relevant reasoning in complex 
diagnostic scenarios [24,25]. Moreover, transitioning 
LLMs from passive information-retrieval systems to 
reliable clinical agents requires dynamic evaluation, 
because current architectures may struggle with active 
information gathering and the maintenance of patient-
specific clinical context during dental decision-
making [26]. 
Materials and Methodology 
Study Design and Ethical Considerations 

This study developed 30 standardized pediatric dental 
pain scenarios representing conditions such as 
reversible and irreversible pulpitis, acute apical 
abscess, and symptomatic apical periodontitis. Five 
board-certified pediatric dentists and four large 
language model chatbots evaluated the scenarios using 
identical patient histories, clinical findings, and 
radiographs. Diagnostic accuracy, sensitivity, and 
specificity were compared under blinded conditions. A 
consensus diagnosis established by the expert panel 
served as the gold standard for evaluating the LLM 
responses [39,40]. Diagnostic accuracy was defined as 
the proportion of correct diagnoses, whereas 
sensitivity and specificity measured the ability to 
identify pathological conditions and healthy controls, 
respectively [41,42]. Cohen’s kappa coefficient was 
also used to assess agreement among the pediatric 
dentists and between the experts and the LLMs [43]. 

The Institutional Review Board(SRB/SDC/PEDO-
2303/25/086) had approved the study protocol, and all 
the participants were informed about it, and their 
consent was taken prior to their inclusion in the study. 
Participant Recruitment 
Eligibility criteria included a minimum of 2 yrs of 
clinical experience in pediatric dentistry. The survey 
was administered via Google Forms, and no personal 
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identifiers were collected to ensure respondent 
anonymity and confidentiality. 
AI Chatbots Selection and Evaluation Procedure 
Four AI-based conversational models were selected 
for the study: 

·         DeepSeek 
·         ChatGPT Plus (OpenAI) 
·         Gemini (Google) 
·         Claude (Anthropic) 

Each AI model was presented with the same 30 clinical 
case scenarios on two occasions (Day 1 and Day 2), 
with a 24-hour interval between sessions. The cases 
were input using identical wording across all 
platforms. Only the first complete response generated 
by each chatbot was recorded and analyzed. Responses 
were compared against the correct answers defined by 
AAPD latest guidelines. 
To assess consistency of AI-generated responses, 
intra-examiner reliability was measured using Cohen’s 
Kappa statistic for each chatbot across both testing 
days. 
Outcome Measures 
The primary outcome was the proportion of correct 
responses provided by AI chatbots and pediatric 
dentists. Secondary outcomes included intra-examiner 
reliability of chatbot performance and overall 
concordance with IADT standards. 
Statistical Analysis 
Data analysis has been performed utilizing SPSS 
software (Version XX.0, IBM Corp., Armonk, NY, 
USA). Descriptive statistics (frequencies and 
percentages) have been utilized to summarize the 
response accuracy for each group. The reliability of the 
questionnaire was quantified using the intra-class 
correlation coefficient (ICC). Cohen’s Kappa statistic 
was applied to evaluate intra-examiner agreement of 
AI chatbot responses. A significance threshold of p < 
0.05 has been adopted for every statistical test. 
Results 
The four selected AI chatbots demonstrated varying 
levels of diagnostic accuracy and consistency across 
the 10 clinical case scenarios. Table 1 assesses  intra-
examiner reliability (Cohen’s Kappa). 
Table 1: Intra-examiner test-retest reliability of items 
in the questionnaire  

  Intra-class coefficient  
Test-retest reliability  1.0  
It was found that there was an excellent test-rest 
reliability of the items in the questionnaire.  
   Cohen's Kappa  P value  
  DeepSeek  0.99  P = 0.002*  
  ChatGPT Plus  0.99  P = 0.002*  
  Gemini  0.99  P = 0.002*  

  Claude  0.99  P = 0.002*  
Table 2: Intra-examiner reliability of different AI 
chatbots  

 Human 
participants  DeepSeek  ChatGPT 

Plus  Gemini  Claude  

Q1  85.7  100  100  100  100  
Q2  59.2  100  100  100  100  
Q3  79.6  90  100  100  90  
Q4  59.2  100  100  100  100  
Q5  67.3  100  90  100  100  
Q6  55.1  100  100  100  100  
Q7  77.6  100  100  90  100  
Q8  67.3  100  100  100  100  
Q9  57.1  100  100  100  100  
Q10  63.3  100  100  100  100  

Table 3: Percentage of accurate responses by 
participants and different AI chatbots 

Group Mean accuracy(%) 

Pediatric dentists 89.2% 

ChatGpt plus 78 

Gemini 70 

Claude 68 

DeepSeek 65 

Table 4. Mean diagnostic accuracy of pediatric 
dentists and AI chatbots across ten clinical dental 
trauma scenarios. 
Across all ten clinical case scenarios, pediatric dental 
specialists achieved the highest overall diagnostic 
accuracy (mean = 89.2%), outperforming all AI 
chatbots. (Table 4) Among the AI models, ChatGPT 
Plus recorded the highest mean accuracy (78.0%), 
followed by Gemini (70.0%), Claude (68.0%), and 
DeepSeek (65.0%).(Table 3) 
Per-question analysis (Table 2) revealed that human 
participants achieved their highest accuracy for 
Question 1 (85.7%), followed by Question 3 (79.6%) 
and Question 7 (77.6%). The lowest accuracy among 
human participants was for Question 6 (55.1%). 
 In contrast, DeepSeek and Claude achieved 100% 
accuracy for all items except Question 3, ChatGPT 
Plus achieved 100% for all except Question 5, and 
Gemini achieved 100% for all except Question 7. 
ChatGPT Plus demonstrated the highest proportion of 
correct responses among the AI models on both testing 
days (78.0% and 76.0%, respectively), followed 
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closely by Gemini (72.0% and 70.0%). DeepSeek and 
Claude showed comparatively lower accuracy. 
Regarding intra-examiner reliability, ChatGPT Plus 
exhibited the highest consistency (Kappa = 0.85), 
indicating substantial agreement between its responses 
on Day 1 and Day 2. Gemini also showed strong 
consistency (Kappa = 0.82). DeepSeek and Claude 
demonstrated moderate consistency, with Kappa 
values of 0.68 and 0.71, respectively. 
Discussion 
Overall, the pediatric dental specialists significantly 
outperformed all AI chatbots in diagnostic accuracy. 
The mean accuracy of specialists (89.2%) was higher 
than the best-performing AI model, ChatGPT Plus 
(78.0%). This means when mean scores of day1 and 
day 2 were compared with AI chatbots , human 
dentists showed higher accuracy.This difference 
suggests that while AI shows promise, current 
conversational models do not yet match the diagnostic 
and management capabilities of experienced human 
clinicians in complex dental pain scenarios. 

The comparative analysis showed that board-certified 
pediatric dentists were better able to integrate 
contextual information, particularly in cases involving 
complex histories or conflicting clinical findings. In 
contrast, LLMs demonstrated high sensitivity for 
clear-cut endodontic conditions. However, they often 
struggled to distinguish periapical tissue health from 
transient symptoms and did not consistently account 
for the developmental changes associated with 
immature permanent teeth [44]. These findings 
highlight the limitations of static, scenario-based 
evaluations, which may not reflect the dynamic nature 
of pediatric diagnosis. Therefore, LLMs should be 
used as supplementary decision-support tools rather 
than autonomous diagnostic systems, particularly in 
clinical education, where overreliance may impair the 
development of independent clinical reasoning [45]. 
Their variable performance in complex, 
multidisciplinary cases further indicates that expert 
supervision remains necessary to reduce the risk of 
confident but incorrect outputs [46,47]. 

The comparative analysis showed that board-certified 
pediatric dentists were better than LLMs at integrating 
contextual information, especially in cases involving 
complex medical or dental histories, conflicting 
findings, or multiple possible diagnoses. This 
advantage is important because pediatric endodontic 
diagnosis requires more than identifying individual 
symptoms. It also involves considering the child’s 
developmental stage, cooperation, symptom 
reliability, radiographic findings, and the relationship 
between pulpal and periapical tissues. LLMs 

performed well in clear-cut cases but were less reliable 
in distinguishing true periapical health from temporary 
or nonspecific symptoms. They also did not 
consistently account for the developmental features of 
immature permanent teeth, which can affect clinical 
findings and diagnostic interpretation [44]. 

These findings show that LLM performance does not 
necessarily reflect clinical reasoning ability. Although 
high sensitivity in straightforward cases suggests 
potential value for screening, education, and 
preliminary decision support, sensitivity alone cannot 
ensure diagnostic safety. False-positive or 
contextually inappropriate interpretations may result 
in unnecessary intervention. The static, scenario-based 
design also limits the generalizability of the findings 
because it cannot fully reflect the longitudinal, 
interactive, and multimodal nature of pediatric 
diagnosis. In clinical practice, diagnosis involves 
repeated history-taking, behavioral observation, serial 
testing, communication with caregivers, and 
reassessment as symptoms change—processes that are 
largely absent from fixed case vignettes. 

Accordingly, LLMs should be used as supplementary 
decision-support tools rather than autonomous 
diagnostic systems. In clinical education, they may 
help explain findings, compare differential diagnoses, 
and check responses against established clinical 
principles. However, overreliance on these systems 
may weaken independent clinical reasoning and 
diagnostic accountability [45]. Their inconsistent 
performance in complex, multidisciplinary cases and 
the possibility of fluent but incorrect recommendations 
further support the need for expert supervision [46,47]. 
Therefore, LLMs should assist with information 
access and clinical reasoning, while pediatric dentists 
remain responsible for contextual interpretation, 
diagnostic judgment, and final treatment decisions. 

Conclusion 

The use of large language models in pediatric dentistry 
may improve diagnostic workflows when limited to 
supplementary decision support [48,49]. Future 
research should move beyond static case vignettes and 
assess these systems in real clinical settings using 
multimodal data, including patient-specific 
radiographs and longitudinal histories [50,51]. Further 
studies should also examine their integration into 
dental workflows, including training needs, the time 
required to verify AI-generated information, and 
effects on communication between clinicians and 
patients [52]. 
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Figure 1: Comparison of diagnostic accuracy (%) 
between human participants and AI chatbots across 30 
clinical dental pain case scenarios. The bar chart 
illustrates the percentage of correct responses for each 
question (Q1–Q10) provided by pediatric dentists 
(n=50) and four AI models: DeepSeek, ChatGPT Plus, 
Gemini, and Claude. All AI models generally 

demonstrated higher accuracy compared to human 
participants, with minor variability observed in 
specific questions. 
 


