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	 Background:	 Large language models (LLMs) are increasingly used in healthcare; concerns persist regarding the accuracy of 
generated bibliographic references. The effect of prompt design on reference reliability has not been clearly es-
tablished. This comparative experimental study evaluated the impact of prompt specificity on LLM-generated 
reference accuracy in endodontics and compared model performance.

	 Material/Methods:	 We used ChatGPT 5 and Claude Sonnet 4.6. Ten predefined endodontic queries were combined with 3 prompt 
types of increasing specificity. Each model generated 5 references per query-prompt combination (total: 300 
references). References were verified using PubMed, Google Scholar, and CrossRef. Accuracy was classified as 
fabricated (0), partially accurate (1; existing references containing  1 bibliographic inaccuracy), or fully accu-
rate (2). Digital object identifier (DOI) accuracy was assessed separately. Statistical analyses were performed 
using mixed-effects models and Pearson’s chi-square test or Fisher’s exact test.

	 Results:	 Accuracy scores tended to increase with greater prompt specificity (P = 0.249). Claude demonstrated signifi-
cantly higher accuracy than ChatGPT (mean score: 1.79 vs 1.25; P < 0.001). DOI accuracy did not differ among 
prompt groups (P = 0.338); it was significantly higher for Claude than for ChatGPT (90.0% vs 35.3%; P < 0.001). 
ChatGPT produced significantly more title, journal, and DOI errors (P < 0.001); author and year errors were sim-
ilar between models.

	 Conclusions:	 Prompt specificity had limited effects on reference accuracy; model selection played a greater role. DOI accu-
racy was strongly model-dependent and largely unaffected by prompt design under the test conditions, high-
lighting the need for external verification of LLM-generated references.
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Introduction

The rapid development of large language models (LLMs), includ-
ing systems such as ChatGPT and Claude, has reshaped access 
to scientific information in healthcare and dental research [1-
3]. These models are increasingly used for tasks such as litera-
ture retrieval, evidence synthesis, clinical decision support, and 
education [4-7]. In endodontics, recent evidence suggests that 
LLMs can generate clinically relevant responses for diagnostic 
scenarios, treatment planning, and the management of proce-
dural complications, highlighting their potential as adjunctive 
tools in both research and clinical practice [8,9]. Endodontics 
was selected as the focus of this study because it is a highly ev-
idence-based dental specialty that frequently relies on precise 
bibliographic referencing and rapidly evolving scientific literature.

Despite these promising applications, concerns persist regard-
ing the reliability and factual accuracy of LLM-generated out-
puts. A well-recognized limitation is the phenomenon of “hal-
lucination,” in which models produce information that appears 
plausible but lacks verifiable evidence [10-12]. In academic 
contexts, this issue is particularly relevant when LLMs gener-
ate bibliographic references that are partially inaccurate or en-
tirely fabricated. Previous studies in medical and dental fields 
have shown that LLM-generated citations may include incor-
rect authors, mismatched journal names, inaccurate publica-
tion details, and invalid digital object identifiers (DOIs), rais-
ing concerns about their suitability for scientific use [12-14].

Accurate referencing is essential to scientific integrity, particularly in 
the context of emerging artificial intelligence (AI) applications [13]. 
Citations play central roles in supporting claims, maintaining trans-
parency, and enabling reproducible research. Inaccurate or unver-
ifiable references can undermine the credibility of scientific work 
and contribute to the spread of misleading information, especial-
ly in specialized fields such as endodontics, where clinical deci-
sions often depend on high-quality evidence. In endodontics, in-
accurate or unverifiable references may affect the interpretation 
of scientific evidence and hinder evidence-based clinical decision-
making. Therefore, bibliographic accuracy is a matter of academ-
ic reporting and an important prerequisite for the responsible use 
of AI-generated information in clinical practice.

Recent investigations have shown that inaccuracies in LLM-
generated references may arise both from completely fabricat-
ed citations and from “partial hallucinations,” in which correct 
bibliographic elements are combined with incorrect or incon-
sistent details [15]. Current evidence also suggests that dif-
ferent LLMs exhibit distinct error patterns; some models are 
more prone to metadata-related inaccuracies than others [16].

Whereas existing studies have primarily focused on overall 
accuracy and hallucination patterns, the factors influencing 

bibliographic reliability remain insufficiently explored. In par-
ticular, the role of prompt design—an essential component of 
human-AI interaction—has not been systematically evaluated 
in the context of reference generation. Given that LLM outputs 
are highly sensitive to input phrasing, variations in prompt 
specificity might influence the accuracy and structure of gen-
erated references [17]. Such potential influence has contrib-
uted to the emergence of prompt engineering as a strategy to 
improve output quality; however, its ability to ensure biblio-
graphic accuracy remains unclear, particularly in endodontics.

Therefore, the aim of the present study was to evaluate the 
effect of prompt specificity on the accuracy of bibliographic 
references generated by LLMs in endodontics and to compare 
the performance of 2 contemporary models.

This study was designed to test the following prespecified hy-
potheses: (1) increasing prompt specificity from Group A to 
Group C would improve overall reference accuracy scores; (2) 
increasing prompt specificity would improve DOI accuracy; 
and (3) model selection would significantly affect both over-
all accuracy and DOI accuracy. The primary outcome was pre-
defined as overall reference accuracy score, whereas DOI ac-
curacy was considered a secondary outcome.

Material and Methods

Study Design

This study was designed to evaluate the effect of prompt spec-
ificity on the accuracy of LLM-generated bibliographic referenc-
es. A comparative experimental design was used in which dif-
ferent prompt structures were applied to the same predefined 
set of endodontic queries.

Models Evaluated

ChatGPT (GPT-5, OpenAI, San Francisco, CA, USA) and Claude 
(Sonnet 4.6, Anthropic, San Francisco, CA, USA) were evalu-
ated through their publicly available web interfaces in April 
2026. No additional system-level configurations or parameter 
adjustments were applied.

Ethical Considerations

Ethical approval was not required for this study because it did 
not involve human participants, animal subjects, or patient data.

Query Selection

In total, 10 predefined endodontic queries were developed to 
represent clinically relevant and commonly investigated topics 
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in endodontics. The queries covered a range of subjects, in-
cluding postoperative pain, irrigation, working length determi-
nation, canal morphology, and treatment outcomes.

All queries were prepared in English and remained unchanged 
across all experimental conditions. The full list of queries and 
prompt structures is provided in the Supplementary Material. 
The selected queries were intended to represent common clin-
ical and research topics in endodontics, ensuring both themat-
ic diversity and clinical relevance. 

Prompt Design

Prompts were categorized into 3 groups based on their level 
of instructional specificity:
Group A (Simple Prompt):
A general instruction requesting references without addition-
al constraints.
Group B (Constraint-Based Prompt):
A prompt specifying that the references should be indexed 
in PubMed.
Group C (Accuracy-Focused Persona Prompt):
A prompt instructing the model to act as an expert academic 
librarian and generate only real, verifiable references with cor-
rect DOI information, without including fabricated citations.

All prompts were predefined and applied identically across 
both models to ensure consistency. These prompt categories 
were intended to reflect increasing levels of instructional spec-
ificity and to simulate common real-world user interactions, 
ranging from general queries to more constrained and accu-
racy-focused requests.

Reference Generation

For each query, all 3 prompt types were independently sub-
mitted to each model. Each prompt was entered in a sepa-
rate, independent session to avoid contextual influence from 
previous interactions.

For every query-prompt combination, the models were in-
structed to generate 5 references. In total, 300 references 
were generated (10 queries × 3 prompt groups × 2 models × 5 
references). A single-response approach was adopted to sim-
ulate a real-world usage scenario in which users typically rely 
on a single model output per query rather than performing 
repeated sampling.

Reference Verification

Each generated reference was independently verified across 
multiple bibliographic databases, including PubMed, Google 
Scholar, and CrossRef. PubMed served as the primary database 

because of its widespread use in clinical research and its es-
tablished role as a standard indexing source for biomedical 
literature.

The following bibliographic components were assessed: ex-
istence of the reference, author names, article title, journal 
name, publication year, and DOI accuracy. Author-list trunca-
tion using “et al.” was not considered an error when the first 
author or initial authors were correctly reported and the refer-
ence corresponded to a verifiable article. However, incorrect or 
inconsistent author information was classified as an error. All 
references were independently evaluated by 2 investigators, 
and discrepancies were resolved by consensus. 

Scoring System

Each reference was assigned an accuracy score as follows: 
score 0 (fabricated; the reference was not found in any da-
tabase), score 1 (partially accurate; the reference existed but 
contained ≥ 1 bibliographic inaccuracy), and score 2 (fully ac-
curate; all bibliographic details were correct). DOI accuracy was 
recorded separately as correct or incorrect. A reference was 
classified as fabricated only if no corresponding record could 
be identified in any of the consulted databases.

Error Classification

Errors were categorized as fabricated references, incorrect DOIs, 
author mismatches, title inaccuracies, journal mismatches, and 
year inconsistencies. These categories were selected because 
they represent the principal bibliographic elements required 
for accurate identification, retrieval, and verification of scien-
tific publications; they have often been evaluated in previous 
studies concerning the accuracy of LLM-generated citations.

Statistical Analysis

No formal power analysis was performed because the study de-
sign was based on a predefined and balanced experimental struc-
ture intended to ensure standardized comparisons across models, 
prompt groups, and query categories. The number of generated 
references was determined by the experimental design rather 
than participant recruitment; all predefined query-prompt-mod-
el combinations were included in the analysis. Statistical analy-
ses were performed at the output level to address clustering of 
references within each query-prompt-model combination and 
to enable standardized comparisons of mean accuracy and DOI 
accuracy across models and prompt groups. Mixed-effects mod-
els were used, whereby model, prompt group, and their inter-
action comprised fixed effects and query served as a random 
effect. Mean accuracy scores and DOI accuracy rates were ana-
lyzed as dependent variables. Comparisons of categorical error 
frequencies between groups were performed using Pearson’s 
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chi-square test or Fisher’s exact test, as appropriate, based on 
expected cell counts. Odds ratios (ORs) with 95% confidence in-
tervals (CIs) were also calculated for model-based error compar-
isons. P values < 0.05 were considered statistically significant.

Results

Overall, 60 outputs (2 models × 3 prompt groups × 10 queries) 
and 300 references were included in the analysis. Output-level 
analyses were conducted to address clustering of references 
within each query-prompt-model combination.

Output-Level Analysis

The descriptive results are presented in Table 1. Across all 
prompt groups, Claude consistently exhibited higher mean 
accuracy scores and DOI accuracy rates than ChatGPT (mean 
accuracy score: 1.79 vs 1.25, P < 0.001; DOI accuracy: 90.0% 
vs 35.3%, P < 0.001).

Mixed-effects analysis demonstrated a significant main effect 
of model on mean accuracy score (F(1,54) = 85.95, P < 0.001), 
indicating that overall reference accuracy significantly differed 
between models. In contrast, prompt group was not statistical-
ly significant (F(2,54) = 1.43, P = 0.249). No significant model-
by-prompt interaction was observed (F(2,54) = 0.35, P = 0.704), 
indicating that the effect of prompt specificity did not vary ac-
cording to model (Table 2).

A similar pattern was observed for DOI accuracy. Model se-
lection had a significant effect (F(1,54) = 133.91, P < 0.001), 
whereas prompt group did not (F(2,54) = 1.11, P = 0.338). The 
interaction between model and prompt group also was not sig-
nificant (F(2,54) = 0.37, P = 0.693) (Table 2). This finding may 
be relevant when LLM-generated references are used for lit-
erature retrieval and verification.

Reference-Level Accuracy

At the reference level, Claude produced a substantially high-
er proportion of fully accurate references compared with 
ChatGPT. Specifically, 79.3% of Claude-generated references 

Model Prompt group Mean accuracy score, mean ± SD DOI accuracy, mean ± SD

ChatGPT A 1.22 ± 0.26 0.36 ± 0.22

ChatGPT B 1.24 ± 0.21 0.30 ± 0.22

ChatGPT C 1.28 ± 0.21 0.40 ± 0.25

Claude A 1.70 ± 0.22 0.86 ± 0.13

Claude B 1.78 ± 0.26 0.90 ± 0.17

Claude C 1.88 ± 0.19 0.96 ± 0.08

Table 1. Mean accuracy scores and DOI accuracy rates according to model and prompt group (output-level analysis).

Note: Values are presented as mean ± standard deviation. Each value represents an output-level estimate aggregated across queries 
(unique combination of model, prompt group, and query; n = 10 outputs per cell). DOI accuracy values represent output-level mean 
proportions (eg, 0.86 = 86% DOI accuracy). Abbreviations: DOI, digital object identifier; SD, standard deviation.

Outcome Effect F df P value

Mean accuracy Model 85.95 1, 54 < 0.001

Prompt group 1.43 2, 54 0.249

Model × Prompt group 0.35 2, 54 0.704

DOI accuracy Model 133.91 1, 54 < 0.001

Prompt group 1.11 2, 54 0.338

Model × Prompt group 0.37 2, 54 0.693

Table 2. Mixed-effects analysis of mean accuracy and DOI accuracy at the output level.

Note: Mixed-effects models were used to evaluate the effects of model, prompt group, and their interaction on output-level mean 
accuracy and DOI accuracy. Abbreviation: DOI, digital object identifier.
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were fully accurate (score = 2), whereas only 25.3% of ChatGPT-
generated references met this criterion. In contrast, most 
ChatGPT-generated references were classified as partially accu-
rate (score = 1), representing 74.0% of all references (Table 3).

Error Pattern Analysis

Error pattern analysis showed that DOI-related inaccuracies 
were the most frequent type of error, followed by title- and 
journal-related errors. These errors were significantly more 
common in ChatGPT outputs than in Claude outputs (P < 0.001 
for all comparisons).

Specifically, DOI errors were observed in 62.7% of ChatGPT-
generated references, compared with 9.3% of Claude-generated 
references. Title errors were identified in 46.7% of ChatGPT 
outputs and 5.3% of Claude outputs, whereas journal-related 
errors occurred in 26.7% and 4.0% of references, respectively.

In contrast, no statistically significant differences were found 
between models for author-related errors (P = 1.000) or year-
related errors (P = 0.680), indicating that these types of in-
accuracies were relatively infrequent and comparable across 
models (Table 4). The largest effect sizes were observed for 
DOI- and title-related errors. Compared with Claude-generated 
references, ChatGPT-generated references showed substantial-
ly higher odds of DOI errors (OR = 16.39, 95% CI: 8.55-31.25), 
title errors (OR = 15.63, 95% CI: 7.09-34.48), and journal er-
rors (OR = 8.70, 95% CI: 3.57-21.28) (Table 4).

Prompt-group analyses demonstrated significant differences 
in title-, journal-, and author-related errors, whereas DOI- and 
year-related errors did not significantly differ among prompt 
groups (Table 5). According to Cramer’s V values, the observed 
effect sizes were small to modest. 

Model Score 0, n (%) Score 1, n (%) Score 2, n (%) Total, n

ChatGPT 	 1	(0.7) 	 111	(74.0) 	 38	(25.3) 150

Claude 	 1	(0.7) 	 30	(20.0) 	 119	(79.3) 150

Table 3. Distribution of reference-level accuracy scores by model.

Accuracy score: 0 = fabricated; 1 = partially accurate; 2 = fully accurate.

Error type ChatGPT, n (%) Claude, n (%) OR (95% CI) P value

Title error 	 70	 (46.7) 	 8	 (5.3) 	 15.63	 (7.09-34.48) < 0.001

Journal error 	 40	 (26.7) 	 6	 (4.0) 	 8.70	 (3.57-21.28) < 0.001

DOI error 	 94	 (62.7) 	 14	 (9.3) 	 16.39	 (8.55-31.25) < 0.001

Author error 	 18	 (12.0) 	 19	 (12.7) 	 0.94	 (0.47-1.87) 1.000

Year error 	 4	 (2.7) 	 2	 (1.3) 	 2.03	 (0.37-11.24) 0.680

Table 4. Comparison of error types between models.

Note: ORs represent the odds of error occurrence in ChatGPT relative to Claude. P values were calculated using Fisher’s exact test. 
Abbreviations: CI, confidence interval; DOI, digital object identifier; OR, odds ratio.

Error type Group A, n/N (%) Group B, n/N (%) Group C, n/N (%) Test P value Cramer’s V

DOI error 	 37/100	(37%) 	 39/100	(39%) 	 32/100	(32%) c2 0.569 0.061

Title error 	 24/100	(24%) 	 37/100	(37%) 	 17/100	(17%) c2 0.005 0.189

Journal error 	 13/100	(13%) 	 24/100	(24%) 	 9/100	(9%) c2 0.010 0.176

Author error 	 18/100	(18%) 	 6/100	(6%) 	 13/100	(13%) c2 0.035 0.150

Year error 	 3/100	(3%) 	 2/100	(2%) 	 1/100	(1%) Fisher’s exact 0.600 0.058

Table 5. Prompt-group comparisons of reference error types.

Abbreviation: DOI, digital object identifier.
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Discussion

The present study evaluated the effect of prompt specifici-
ty on the accuracy of bibliographic references generated by 
LLMs and compared the performance of 2 contemporary mod-
els. The findings partially supported the predefined hypothe-
ses. Although a gradual increase in accuracy scores was ob-
served with increasing prompt specificity, this effect was not 
statistically significant. In contrast, model selection had sig-
nificant impacts on overall accuracy and DOI accuracy, sug-
gesting that model-dependent factors play a more decisive 
role than prompt design.

Previous studies have shown that LLM-generated references 
can contain hallucinations, metadata-related inaccuracies, and 
model-dependent differences. However, the effect of prompt 
specificity on bibliographic reliability has not been systemati-
cally evaluated within a controlled, domain-specific context. In 
this context, the present study provides a focused and incre-
mental contribution by examining reference accuracy in end-
odontics, distinguishing between overall accuracy and DOI ac-
curacy, and demonstrating that prompt specificity influences 
certain metadata-related errors—but not DOI accuracy—un-
der the test conditions. Additionally, the single-response de-
sign reflects a real-world usage scenario and enables more 
practical interpretation of model performance.

It has been noted that only a limited proportion of LLM-
generated references are fully accurate, with high rates of 
fabricated and partially inaccurate citations. For example, 
Bhattacharyya et al [18] demonstrated that a minority of ref-
erences generated by ChatGPT were entirely correct, under-
scoring the risk of bibliographic inaccuracies in AI-generated 
content. Within endodontics, the effect of prompt specificity 
on bibliographic reference accuracy has not been specifically 
examined in a structured comparative framework. The present 
study extends the existing literature by providing a domain-
specific analysis and distinguishing between overall accuracy 
vs DOI accuracy. The findings indicate that prompt specificity 
does not significantly influence DOI reliability, although it af-
fects certain metadata-related errors. The present results imply 
that model selection, rather than prompt refinement alone, is 
a more decisive factor in determining bibliographic reliability.

Accuracy scores gradually increased with greater prompt spec-
ificity; however, this pattern was not statistically significant. 
Previous research has also shown that increases in prompt spec-
ificity do not necessarily improve citation accuracy. Linardon 
et al [19] reported that more specific or constrained prompts 
can even increase the likelihood of fabricated or inaccurate 
references, particularly in specialized topics. These findings 
suggest that prompt engineering alone is insufficient to en-
sure bibliographic reliability, given that its effect on accuracy 

appears limited despite widespread use. Model outputs may 
be more strongly influenced by underlying architecture and 
training data than by prompt refinement alone [17].

In contrast, the models substantially differed. Claude dem-
onstrated better performance across all major outcome mea-
sures, including overall accuracy and DOI accuracy. A differ-
ence in DOI accuracy is particularly important because the DOI 
serves as a key identifier for verifying and retrieving scientif-
ic literature. Previous cross-disciplinary studies have also fo-
cused on the DOI as a particularly error-prone component in 
LLM-generated citations, with a high prevalence of incorrect 
or nonfunctional identifiers [20]. These findings further em-
phasize the need for external verification of DOI information 
in LLM-generated references and highlight the importance of 
model selection when LLMs are used in academic and clini-
cal contexts [2,21].

Analysis of error patterns provides further insight into the 
nature of inaccuracies in LLM-generated references. ChatGPT 
showed significantly higher rates of title, journal, and DOI er-
rors, suggesting a greater tendency toward distortion of bib-
liographic metadata rather than complete fabrication. In con-
trast, author and year errors were relatively infrequent and 
comparable between models. These findings support the dis-
tinction between fabricated references and partially inaccu-
rate references; they suggest that most errors arise from in-
correct reconstruction of bibliographic details, rather than from 
the generation of entirely nonexistent articles. This distinction 
may also explain the relatively low number of fully fabricated 
references observed in the present study. Because complete 
hallucinations and partial hallucinations were classified sepa-
rately, the strict definition of fabrication may have reduced the 
observed frequency of fully hallucinated outputs. Other clas-
sification approaches may yield higher estimates of complete 
hallucination rates. Additionally, some LLM instances, partic-
ularly those involving ChatGPT, tended to shorten author lists 
using “et al.”; such cases were not classified as errors when 
the cited article was verifiable and the reported author infor-
mation was otherwise consistent.

Prompt specificity influenced certain metadata-related errors, 
including title, journal, and author inaccuracies. However, DOI-
related errors were largely unaffected by prompt design. This 
finding suggests that DOI generation depends on deeper inter-
nal mechanisms within LLMs that are less responsive to sur-
face-level prompt modifications. From a practical perspective, 
this finding indicates that even carefully designed prompts may 
be insufficient to ensure reliable DOI output.

From a clinical perspective, these findings are directly relevant 
to endodontic research and clinical decision-making, where 
accurate referencing remains essential for evidence-based 
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practice and the interpretation of emerging scientific litera-
ture. Recent studies have shown that LLMs can provide clin-
ically relevant responses in endodontic diagnosis, treatment 
planning, patient communication, and decision-support ap-
plications [8-10]. However, the present findings suggest that 
bibliographic foundations supporting such outputs are not 
consistently reliable. Ozbay et al [8] reported that LLMs may 
assist clinical decision-making in endodontics, whereas Demir 
Cicek and Cicek [9] highlighted the potential roles of LLMs in 
patient education regarding root canal treatment. Notably, 
Suarez et al [10] demonstrated that although ChatGPT showed 
high response consistency, its accuracy remained limited. The 
present findings extend these observations by revealing that 
inaccuracies in generated references might represent an ad-
ditional challenge when LLM outputs are used to support ev-
idence-based endodontic practice. Although LLMs can facili-
tate rapid insights, their outputs require careful verification 
before use. In particular, DOI information should not be con-
sidered accurate without external validation. These findings 
suggest that clinicians and researchers should exercise cau-
tion when using LLM-generated references, particularly with 
respect to DOI-based verification. Inaccurate references may 
contribute to misinformation, thus affecting both scientific re-
porting and evidence-based clinical practice.

Previous medical and dental studies have shown that LLM-
generated references may appear plausible while contain-
ing substantial bibliographic inaccuracies [12,14]. The pres-
ent findings extend this concern to endodontics and suggest 
that DOI accuracy is among the most vulnerable components 
of LLM-generated citations.

Several limitations of this analysis should be considered. First, 
each model was queried only once per topic; only a single re-
sponse was obtained for each query-prompt combination. 
Because LLMs are probabilistic, repeated queries can yield dif-
ferent outputs. Accordingly, the present findings should be as-
sumed to reflect single-instance interactions, rather than over-
all model consistency. Second, the analysis was limited to a 
predefined set of endodontic queries, and the findings may 
not be generalizable to other domains. Third, formal a priori 
power analysis was not performed because the study utilized 
a fixed, balanced design based on predefined query-prompt-
model combinations, rather than conventional participant re-
cruitment. Consequently, the study may have had limited abil-
ity to detect smaller effect sizes, and the findings should be 
interpreted within this methodological context. Fourth, only 2 
LLMs were evaluated, which may limit the generalizability of 
the findings to other available models. Fifth, formal inter-rater 

reliability statistics were not calculated, although all referenc-
es were independently evaluated by 2 investigators and dis-
crepancies were resolved through consensus. Therefore, the 
consistency of evaluations between investigators could not be 
formally quantified. Finally, model performance may change 
over time due to system updates, which could affect repro-
ducibility [22].

Despite these limitations, the present study provides a struc-
tured and reproducible framework for evaluating the biblio-
graphic accuracy of LLM-generated references. Future research 
may build on this approach by including additional models, re-
peated-query designs, or alternative prompt strategies, as well 
as by examining domain-specific differences in performance. 
These findings support the careful and critically informed use 
of LLMs in scientific writing.

Conclusions

Within the limitations of this study, prompt specificity had 
limited effects on the accuracy of LLM-generated referenc-
es; model selection appeared to play a more decisive role in 
ensuring reliable bibliographic outputs under the test condi-
tions. Claude demonstrated higher overall accuracy and DOI 
reliability than ChatGPT. These findings should be interpret-
ed within the specific context of the experimental conditions, 
predefined endodontic queries, the 3 prompt types evaluat-
ed, the 2 models tested, and the single-response workflow. 
The effects of prompt design may vary with repeated sam-
pling, alternative prompting strategies, different domains, or 
updated model versions. Careful manual verification of LLM-
generated references remains essential before use in academ-
ic or clinical contexts.
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