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Introduction: The objective of the study is to evaluate the accuracy of scientific references generated by artificial 
intelligence (AI) chatbots in response to clinical scenarios related to traumatic dental injuries (TDIs) and to determine 
the potential impact of reference errors on clinical decision-making.
Methods: This cross-sectional observational study analyzed 400 references generated by four AI chatbots (ChatGPT, 
Perplexity AI, Gemini, DeepSeek) in response to ten clinical prompts representing internationally recognized TDI 
categories. Each chatbot was instructed to retrieve recent PubMed-indexed studies and provide full bibliographic 
data. Reference authenticity and accuracy were verified using PubMed, Scopus, and Google Scholar. Hallucination 
severity was quantified using the reference hallucination score (RHS) scale (0–11). Non-parametric statistics and 
generalized linear modeling were applied (α=0.05).
Results: Significant differences in RHS were observed between chatbots (p<0.001). ChatGPT and Perplexity AI demonstrated 
significantly lower hallucination severity compared with Gemini and DeepSeek (p<0.001). Trauma category showed no 
significant effect on RHS (p>0.05). Internal consistency for RHS components was acceptable to excellent (Cronbach’s α=0.82).
Discussion and Conclusion: Although AI chatbots may provide rapid guidance for TDI management, the reliability 
of their generated references varies considerably across models. The presence of fabricated or inaccurate citations 
represents a potential risk for evidence-based clinical decision-making.
Keywords: Artificial intelligence; Bibliographic accuracy; Chatbot; Dental trauma; Evidence-based dentistry; Reference 
hallucination

Traumatic dental injuries (TDIs) represent one of the 
most challenging emergencies in dental practice, 

often requiring rapid diagnosis and evidence-based 
intervention to preserve pulp vitality, periodontal 
support, tooth function, and esthetics. The prognosis 
of traumatized teeth is strongly influenced by the 
accuracy of initial assessment, correct classification of 

the injury, and adherence to current recommendations 
such as those issued by the International Association of 
Dental Traumatology (IADT).[1–3] However, because TDIs 
encompass a wide spectrum of clinical presentations 
– including avulsion, luxation, and root fractures – 
uncertainty regarding optimal management is common, 
even among experienced clinicians.[4]
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In parallel with advances in digital health, artificial 
intelligence (AI) chatbots based on large language models 
(LLMs) are increasingly being used by clinicians and students 
as accessible sources of clinical information. Systems such 
as ChatGPT (OpenAI, USA), Perplexity AI (Perplexity Inc., 
USA), Gemini (Google DeepMind, USA), and DeepSeek 
(DeepSeek AI, China) are capable of generating structured 
responses to diagnostic and treatment-related queries 
and frequently provide supporting scientific references, 
thereby mimicking expert consultation.[5–7] While these 
tools have the potential to enhance clinical decision-
making and facilitate rapid access to knowledge, their 
bibliographic reliability remains uncertain – particularly in 
acute conditions such as dental trauma, where treatment 
outcomes are time-sensitive.

A major concern is the phenomenon of reference 
hallucination, whereby AI models generate fabricated 
or partially incorrect citations that appear scientifically 
credible but do not correspond to verifiable publications.
[8,9] Such inaccuracies may involve nonexistent article titles, 
incorrect author names, or invalid journal and digital object 
identifier (DOI) information. In medicine and dentistry, 
hallucinated references may mislead clinicians, distort 
evidence interpretation, and undermine academic integrity.
[10–12] Reported hallucination rates exceeding 50–60% in 
general biomedical settings suggest that this issue may 
be widespread.[13] However, to date, there is no structured 
assessment of AI-generated reference accuracy specifically 
within dental traumatology – a discipline where erroneous 
evidence may directly affect emergency management.

Bibliographic accuracy may also vary across AI systems 
depending on their architecture. Retrieval-augmented 
models, such as ChatGPT-5 and Perplexity AI, incorporate 
live search or database grounding, which may reduce 
hallucination risk. In contrast, closed-source generative 
systems such as DeepSeek rely primarily on probabilistic 
language prediction and may therefore produce fabricated 
references more frequently.[14,15] Whether these architectural 
differences translate into measurable disparities in citation 
reliability during trauma-related clinical querying remains 
unknown.

To address this evidence gap, the primary aim of the 
present study was to evaluate the accuracy and reliability 
of AI-generated references for standardized TDI scenarios 
using the reference hallucination score (RHS) framework.
[1,2] A secondary objective was to compare four widely 
used AI chatbots in terms of the frequency and severity 
of reference hallucinations and to determine whether 

hallucination patterns differ according to chatbot model 
or trauma category. The null hypothesis was that no 
statistically significant differences would exist in RHS values 
among the evaluated chatbots, irrespective of trauma type 
or system architecture.

Materials and Methods
Study Design

This cross-sectional observational study was conducted in 
December 2025 to evaluate the accuracy of bibliographic 
references generated by AI chatbots in response to 
standardized dental trauma management scenarios. Ethics 
committee approval was not required because the study 
did not include human subjects, patient information, or 
biological materials. The methodological framework was 
based on the validated RHS system proposed by Aljamaan 
et al.[13] and later adapted for dental research reliability 
assessment.[2]

Selection of AI Chatbots

Four publicly accessible, English-language AI chatbots 
were selected based on their global academic usage, 
technological diversity, and public availability. The 
evaluated systems included ChatGPT (version 5.2), 
Perplexity AI, Gemini (3 Flash), and DeepSeek, all of which 
were accessed in their most recent publicly available 
versions at the time of data collection.

Each chatbot was accessed through its official web interface 
using a verified account on a secure institutional network. 
All sessions were conducted in incognito mode to prevent 
previous chat memory from influencing outputs.

Sample Size and Power Calculation

An a priori power analysis was performed using GPower 
3.1.9.6* (Heinrich-Heine University, Düsseldorf, Germany). 
Assuming a medium effect size (f=0.25), significance level 
α=0.05, and statistical power (1−β)=0.80, the minimum 
required total sample size was estimated at 160 references 
(≈ 40 per chatbot). The assumption of a medium effect size 
was based on conventional benchmarks proposed by Cohen 
and was consistent with a previous study evaluating the 
performance of LLM-based chatbots in dentistry.[16] Given 
the absence of established benchmarking data specific to AI-
based guideline adherence in dental traumatology, a medium 
effect size was considered a methodologically appropriate 
and conservative estimate to detect practically meaningful 
differences between chatbot models. Since the present 
study analyzed 400 references (4 chatbots × 10 prompts × 10 



3Yıldırım Manav and Özdemir. AI-Generated References in Dental Trauma / doi: 10.14744/lhhs.2026.84647

references), the achieved power exceeded 0.95, confirming 
adequate sample size for reliable inter-model comparisons.

Prompt Development

Ten standardized clinical prompts were developed to 
represent the most common types of TDIs as classified by 
the IADT guidelines.[3–5] Each prompt simulated a realistic 
case scenario including patient age, injury type, and clinical 
question. The prompts requested both a short management 
summary and a list of ten supporting literature references 
in Vancouver style.

Each scenario prompt consisted of (i) a clinical vignette 
and (ii) a standardized instruction block applied identically 
across all chatbots. This block required the model to (a) 
begin by searching PubMed; (b) select 10 recent and 
relevant articles; and (c) report, for each article, the title, 
authors, journal, publication date, citation count, DOI, 
web link, and PubMed link, formatted consistently. The full 
prompt templates are provided in Appendix 1.

Each chatbot received the same ten prompts in identical 
order and formatting. All interactions were carried out 
by a single experienced investigator (EYM) to ensure 
standardization and consistency. All responses were 
exported as plain text and anonymized for evaluation.

Reference Verification

All references generated by the chatbots were manually 
verified using PubMed, Scopus, and Google Scholar. 
Each reference was checked for existence, bibliographic 
accuracy, and relevance to the prompted topic. If a 
reference could not be found in any of the databases 
or exhibited falsified information (e.g., fabricated title, 
incorrect author list, or non-existent DOI), it was classified 
as hallucinated. Minor discrepancies, such as incorrect 
publication year or typographical errors, were considered 
partial hallucinations.

Scoring Criteria

The RHS was applied to quantify hallucination severity for 
each citation across seven bibliographic identifiers:

1.	 Title

2.	 Authors’ names

3.	 Journal name

4.	 Publication year

5.	 Digital object identifier (DOI)

6.	 Web link (URL)

7.	 Relevance to the trauma topic.

Each major hallucination (e.g., incorrect or missing title, 
author list, journal, or DOI) received 2 points, while 
minor hallucinations (e.g., wrong year, invalid link, or 
irrelevant topic) received 1 point. Thus, the total RHS per 
reference ranged from 0 (fully accurate) to 11 (completely 
hallucinated). All references were independently evaluated 
by two calibrated reviewers with expertise in dental 
traumatology. The reviewers were blinded to the chatbot 
identity during scoring. Each citation was assessed 
according to the predefined RHS criteria. In cases of 
disagreement, the reference was re-evaluated through 
discussion, and consensus was reached. Inter-rater 
reliability for RHS scoring was assessed using the intraclass 
correlation coefficient (ICC), demonstrating excellent 
agreement (ICC=0.93).

A mean RHS value was calculated for each chatbot and for 
each trauma category.

Higher scores indicated greater factual inaccuracy. All 
references were assessed independently of whether the 
corresponding textual answer was clinically accurate or 
inaccurate. Thus, hallucination scoring reflected citation 
validity rather than clinical reasoning quality.

Statistical Analysis

Statistical analyses were performed using IBM Statistical 
Package for the Social Sciences Statistics v29 (IBM Corp., 
Armonk, NY, USA). Data normality was assessed using 
the Kolmogorov–Smirnov test, and continuous variables 
were expressed as mean±standard deviation. Inter-
model differences in RHS values were examined using 
the Kruskal–Wallis test, followed by Bonferroni-adjusted 
pairwise post hoc comparisons where appropriate. 
Differences in RHS values across trauma categories 
were analyzed using the Mann–Whitney U test or 
Kruskal–Wallis test, depending on the number of groups 
being compared. To identify independent predictors 
of hallucination severity, a Generalized Linear Model 
(gamma distribution, log-link function) was constructed, 
with chatbot type and trauma category entered as fixed 
factors. Internal consistency across RHS components was 
evaluated using Cronbach’s α coefficient. A p<0.05 was 
considered statistically significant.

Results
Table 1 shows that there were marked differences in RHS 
scores between the evaluated chatbots. A statistically 
significant difference in RHS values among the four chatbots 
was confirmed using the Kruskal–Wallis test (p<0.001). 
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Pairwise comparisons showed that both ChatGPT and 
Perplexity AI produced significantly lower RHS values 
than Gemini 3 Flash and DeepSeek (ChatGPT vs. Gemini: 
p<0.001; ChatGPT vs. DeepSeek: p<0.001; Perplexity AI 
vs. DeepSeek: p<0.001; Perplexity AI vs. Gemini: p=0.010). 
However, only a borderline difference was observed 
between ChatGPT and Perplexity AI (p=0.05), and Gemini 
and DeepSeek also did not differ significantly from one 
another (p>0.05).

RHS scores were also examined according to trauma 
category, summarized in Table 2. Although small 
numerical variations were observed, interquartile ranges 
overlapped considerably, and there were no statistically 
significant differences in RHS values across trauma 
categories (p>0.05) (Fig. 1).

To further assess predictors of hallucination severity, a 
generalized linear model with gamma distribution and 
log-link function was constructed including chatbot type 
and trauma category as fixed effects. As summarized in 
Table 3, chatbot type remained an independent predictor 
of RHS, with DeepSeek and Gemini demonstrating 
significantly higher hallucination severity than ChatGPT 
(p<0.001).

Internal consistency analysis of the seven RHS components 
demonstrated acceptable to excellent reliability. As shown 
in Table 4, Cronbach’s α was 0.82 for the total dataset. 
Model-specific α values were 0.68 for ChatGPT, 0.76 for 
Perplexity AI, 0.82 for Gemini, and 0.88 for DeepSeek.

Discussion
This study evaluated the bibliographic reliability of AI-
based chatbots when generating scientific references for 
standardized dental trauma scenarios. Significant inter-
model differences in RHS were observed, whereas trauma 
category did not significantly influence hallucination 
severity. The null hypothesis was therefore partially rejected. 
While statistically significant differences were identified 
between ChatGPT and other systems – particularly 
Gemini and DeepSeek – no significant differences were 
observed among Perplexity AI, Gemini, and DeepSeek. 
These findings indicate that hallucination severity varies 
across individual LLMs, although such differences are not 
uniformly distributed across all chatbot architectures.

The generalized linear model further confirmed chatbot 
type as an independent predictor of RHS values, reinforcing 
the robustness of the inter-model comparison. In contrast, 
the trauma category did not emerge as a significant factor, 
suggesting that reference instability reflects model-specific 
characteristics rather than clinical scenario complexity. 
Whether the prompt concerned avulsion, luxation, fracture, 
or post-traumatic pulp necrosis, hallucination severity 
remained relatively stable.

Table 1. Reference the hallucination score across the evaluated 
artificial intelligence-based chatbot models

Chatbot Mean±SD Median (IQR) Min–Max

ChatGPT 3.92±2.63 4.0 (2.0–6.0) 0–10

Perplexity AI 4.65±3.04 4.0 (2.75–6.0) 0–10

Gemini 6.21±3.62 6.5 (4.0–10.0) 0–10

DeepSeek 7.18±3.79 10.0 (5.0–10.0) 0–10

p <0.001

AI: Artificial intelligence; SD: Standard deviation; IQR: Interquartile range; 
Min: Minimum; Max: Maximum. Kruskal–Wallis test: χ2=51.9

Table 2. Reference the hallucination score across dental trauma 
categories

Trauma category Mean±SD Median (IQR)

Avulsion 6.28±3.93 7.0 (2.0–10.0)

Intrusion 5.87±3.66 6.0 (4.0–8.5)

Extrusion 5.78±3.51 6.0 (4.0–8.5)

Lateral luxation 5.41±3.47 6.0 (3.0–8.0)

Subluxation 5.00±3.64 5.0 (3.0–7.0)

Uncomplicated crown fracture 5.33±3.29 6.0 (3.0–7.0)

Complicated crown fracture 5.54±3.45 6.0 (3.0–8.0)

Root fracture 5.72±3.68 6.0 (3.0–8.5)

Alveolar fracture 5.83±3.74 6.0 (3.0–9.0)

Post-traumatic pulp necrosis 5.69±3.59 6.0 (3.0–8.0)

p 0.876

SD: Standard deviation; IQR: Interquartile range; Kruskal–Wallis test: χ2=4.49

Table 3. Generalized linear model (gamma distribution, log-link) assessing predictors of reference hallucination score

Predictor comparison β (SE) Exp(β) 95% CI for Exp(β) z p

Perplexity AI versus ChatGPT 0.171 (0.087) 1.19 1.00–1.41 1.96 0.050

Gemini versus ChatGPT 0.463 (0.087) 1.59 1.34–1.89 5.31 <0.001

DeepSeek versus ChatGPT 0.608 (0.087) 1.84 1.55–2.18 6.97 <0.001

β=regression coefficient; SE: Standard error; Exp(β): Rate ratio; CI: Confidence interval. Reference: ChatGPT-5.2.
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These findings support emerging evidence that reference 
hallucination is a model-dependent phenomenon, primarily 
shaped by system architecture and retrieval mechanisms 
rather than by content domain.[8,9,13–17] Consistent with 
prior biomedical AI research, retrieval-augmented systems 
generated references with fewer inaccuracies than models 
relying predominantly on generative language prediction. 
In the present analysis, ChatGPT and Perplexity AI 
demonstrated significantly lower RHS values compared with 
Gemini and DeepSeek, suggesting comparatively stronger 
grounding in indexed databases. These observations align 
with previous reports indicating that integration of external 
search functions reduces the likelihood of fabricated 
bibliographic content.[6,10–12,18–20] Conversely, generative-
only models continued to produce plausible yet unverifiable 
citations, reinforcing concerns raised in earlier medical and 
dental AI literature.[10–12,21–24]

The study also demonstrated acceptable to good internal 
consistency of the RHS framework across chatbot 
outputs, supporting its utility as a structured metric for 
benchmarking citation reliability. These findings are 
consistent with the original validation of RHS in medical 
AI settings.[13] The reproducibility of scoring across systems 
strengthens the methodological validity of the present 
comparisons.

Importantly, the present investigation focused exclusively 
on bibliographic accuracy rather than the clinical correctness 
of chatbot-generated management recommendations. 
Therefore, the findings should be interpreted as evidence of 
variability in citation reliability rather than as an assessment 
of clinical reasoning quality. In time-sensitive disciplines such 
as dental traumatology, unreliable or unverifiable citations 
may complicate rapid evidence verification processes, 
underscoring the importance of independent source 
validation. However, the study did not evaluate guideline 
concordance or treatment accuracy, and such dimensions 
require dedicated clinical evaluation frameworks.[25–27]

From a broader academic perspective, the results contribute 
to ongoing discussions regarding the responsible 
integration of AI technologies into healthcare research 
and education. Although retrieval-augmented systems 
performed comparatively better, none achieved complete 
bibliographic accuracy. This indicates that manual 
verification remains essential when AI-generated references 
are used for academic writing or clinical support. Established 
guideline documents, such as those issued by the IADT,[1–3] 
continue to represent the authoritative standard for trauma 
management.

The present study has several strengths, including 
standardized trauma-based prompts aligned with 
internationally recognized classifications, a substantial 
reference sample, and multi-database verification. 
Nevertheless, limitations should be acknowledged. First, 
only English-language, general-purpose chatbots were 
evaluated at a single time point; ongoing model updates 
may influence performance. Second, the analysis was 
confined to bibliographic verification and did not examine 
the clinical validity of AI-generated recommendations. 
Third, findings cannot be extrapolated to specialized AI 
systems trained on curated medical datasets.

Future research should incorporate longitudinal designs 
to assess the stability of reference accuracy across model 
updates. Comparative studies involving domain-specific 
or medically trained AI platforms may clarify whether 
curated training data reduce hallucination rates. In 
addition, dedicated investigations into clinical guideline 
concordance are warranted to determine whether 
bibliographic hallucination correlates with clinical 
inaccuracy. Expanding analyses to multilingual settings 
and real-world clinical prompts would further enhance 
generalizability and practical relevance.

Table 4. Internal consistency of reference hallucination score 
components across chatbots

Chatbot Cronbach’s α

ChatGPT 0.68

Perplexity AI 0.76

Gemini 0.82

DeepSeek 0.88

Overall 0.82

Cronbach’s α was used to assess the internal consistency of reference 
hallucination score components across chatbots. ≥0.90: excellent, 0.80–
0.89: good, 0.70–0.79: acceptable, <0.70: questionable/poor

Figure 1. Boxplot distribution of reference hallucination scores 
across dental trauma categories. The median, interquartile range, 
and minimum–maximum values are shown for each trauma type.
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Conclusion
AI-based chatbots showed marked variability in the 
accuracy of the references they generated for dental trauma 
scenarios. Retrieval-augmented systems demonstrated 
comparatively lower hallucination severity; however, none of 
the evaluated models achieved full bibliographic reliability. 
Reference hallucination therefore appears to be a model-
dependent rather than a context-dependent phenomenon. 
Because evidence-based guidance is essential for the 
prognosis of TDIs, inaccurate or unverifiable AI-generated 
citations may pose challenges for evidence verification 
processes. However, the present findings do not extend to 
clinical decision-making accuracy, which requires dedicated 
investigation. AI chatbots should therefore be regarded as 
supportive tools rather than independent bibliographic 
resources, and all AI-generated references should be 
independently verified before clinical or academic use.
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Appendix 1 
Prompt 1 : 
A 10-year-old patient presents with an avulsed permanent maxillary incisor. According to current evidence-based 
guidelines, describe the recommended immediate management, splinting protocol, endodontic considerations, and 
prognosis. Please provide 10 supporting references. 
Include the following information for each article: 
1. Article title. 
2. Author(s). 
3. Journal name. 
4. Date of publication. 
5. Number of citations. 
6. DOI. 
7. Web link to the article. 
8. PubMed link. 
Instructions: 
1. Begin by searching PubMed. 
2. Review the search results and select ten recent articles that are relevant. 
3. Ensure that all information is accurate and up to date. 
4. Format the list of articles in a clear and organized manner, using a consistent style for each entry. 
5. Include any additional information or notes that may be relevant or helpful for readers. 
6. Double-check the accuracy and completeness of the list before publishing or submitting it. 
 
Prompt 2: 
A 9-year-old patient presents with an intruded permanent maxillary central incisor. According to current evidence-
based guidelines, describe the recommended management approach, follow-up protocol, possible complications, 
and prognosis. Please provide 10 supporting references. 
Include the following information for each article: 
1. Article title. 
2. Author(s). 
3. Journal name. 
4. Date of publication. 
5. Number of citations. 
6. DOI. 
7. Web link to the article. 
8. PubMed link. 
Instructions: 
1. Begin by searching PubMed. 
2. Review the search results and select ten recent articles that are relevant. 
3. Ensure that all information is accurate and up to date. 
4. Format the list of articles in a clear and organized manner, using a consistent style for each entry. 
5. Include any additional information or notes that may be relevant or helpful for readers. 
6. Double-check the accuracy and completeness of the list before publishing or submitting it. 
 
Prompt 3: 
A patient presents with an extruded permanent tooth following dental trauma. According to current evidence-based 
guidelines, describe the emergency management, repositioning technique, splinting protocol, and prognosis. Please 
provide 10 supporting references. 
Include the following information for each article: 
1. Article title. 
2. Author(s). 
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3. Journal name. 
4. Date of publication. 
5. Number of citations. 
6. DOI. 
7. Web link to the article. 
8. PubMed link. 
Instructions: 
1. Begin by searching PubMed. 
2. Review the search results and select ten recent articles that are relevant. 
3. Ensure that all information is accurate and up to date. 
4. Format the list of articles in a clear and organized manner, using a consistent style for each entry. 
5. Include any additional information or notes that may be relevant or helpful for readers. 
6. Double-check the accuracy and completeness of the list before publishing or submitting it. 
 
Prompt 4: 
A patient presents with a laterally luxated permanent tooth with alveolar socket displacement. According to current 
evidence-based guidelines, describe the recommended repositioning, stabilization, endodontic considerations, and 
prognosis. Please provide 10 supporting references. 
Include the following information for each article: 
1. Article title. 
2. Author(s). 
3. Journal name. 
4. Date of publication. 
5. Number of citations. 
6. DOI. 
7. Web link to the article. 
8. PubMed link. 
Instructions: 
1. Begin by searching PubMed. 
2. Review the search results and select ten recent articles that are relevant. 
3. Ensure that all information is accurate and up to date. 
4. Format the list of articles in a clear and organized manner, using a consistent style for each entry. 
5. Include any additional information or notes that may be relevant or helpful for readers. 
6. Double-check the accuracy and completeness of the list before publishing or submitting it. 
 
Prompt 5: 
A patient presents with subluxation of a permanent tooth following trauma. According to current evidence-based 
guidelines, describe the recommended clinical management, monitoring protocol, possible complications, and 
prognosis. Please provide 10 supporting references. 
Include the following information for each article: 
1. Article title. 
2. Author(s). 
3. Journal name. 
4. Date of publication. 
5. Number of citations. 
6. DOI. 
7. Web link to the article. 
8. PubMed link. 
Instructions: 
1. Begin by searching PubMed. 
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2. Review the search results and select ten recent articles that are relevant. 
3. Ensure that all information is accurate and up to date. 
4. Format the list of articles in a clear and organized manner, using a consistent style for each entry. 
5. Include any additional information or notes that may be relevant or helpful for readers. 
6. Double-check the accuracy and completeness of the list before publishing or submitting it. 
 
Prompt 6: 
A patient presents with an uncomplicated enamel–dentin crown fracture without pulp exposure. According to 
current evidence-based guidelines, describe the recommended treatment approach, restorative options, follow-up 
protocol, and prognosis. Please provide 10 supporting references. 
Include the following information for each article: 
1. Article title. 
2. Author(s). 
3. Journal name. 
4. Date of publication. 
5. Number of citations. 
6. DOI. 
7. Web link to the article. 
8. PubMed link. 
Instructions: 
1. Begin by searching PubMed. 
2. Review the search results and select ten recent articles that are relevant. 
3. Ensure that all information is accurate and up to date. 
4. Format the list of articles in a clear and organized manner, using a consistent style for each entry. 
5. Include any additional information or notes that may be relevant or helpful for readers. 
6. Double-check the accuracy and completeness of the list before publishing or submitting it. 
 
Prompt 7: 
A patient presents with a complicated crown fracture with pulp exposure. According to current evidence-based 
guidelines, describe the recommended vital pulp therapy or endodontic treatment approach, restorative procedures, 
follow-up, and prognosis. Please provide 10 supporting references. 
Include the following information for each article: 
1. Article title. 
2. Author(s). 
3. Journal name. 
4. Date of publication. 
5. Number of citations. 
6. DOI. 
7. Web link to the article. 
8. PubMed link. 
Instructions: 
1. Begin by searching PubMed. 
2. Review the search results and select ten recent articles that are relevant. 
3. Ensure that all information is accurate and up to date. 
4. Format the list of articles in a clear and organized manner, using a consistent style for each entry. 
5. Include any additional information or notes that may be relevant or helpful for readers. 
6. Double-check the accuracy and completeness of the list before publishing or submitting it. 
 
Prompt 8: 
A patient presents with a horizontal root fracture of a permanent tooth. According to current evidence-based 
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guidelines, describe the diagnostic procedures, repositioning and splinting protocol, endodontic considerations, 
and prognosis. Please provide 10 supporting references. 
Include the following information for each article: 
1. Article title. 
2. Author(s). 
3. Journal name. 
4. Date of publication. 
5. Number of citations. 
6. DOI. 
7. Web link to the article. 
8. PubMed link. 
Instructions: 
1. Begin by searching PubMed. 
2. Review the search results and select ten recent articles that are relevant. 
3. Ensure that all information is accurate and up to date. 
4. Format the list of articles in a clear and organized manner, using a consistent style for each entry. 
5. Include any additional information or notes that may be relevant or helpful for readers. 
6. Double-check the accuracy and completeness of the list before publishing or submitting it. 
 
Prompt 9: 
A patient presents with an alveolar bone fracture associated with dental trauma. According to current evidence-
based guidelines, describe the stabilization procedure, splinting duration, follow-up protocol, possible 
complications, and prognosis. Please provide 10 supporting references. 
Include the following information for each article: 
1. Article title. 
2. Author(s). 
3. Journal name. 
4. Date of publication. 
5. Number of citations. 
6. DOI. 
7. Web link to the article. 
8. PubMed link. 
Instructions: 
1. Begin by searching PubMed. 
2. Review the search results and select ten recent articles that are relevant. 
3. Ensure that all information is accurate and up to date. 
4. Format the list of articles in a clear and organized manner, using a consistent style for each entry. 
5. Include any additional information or notes that may be relevant or helpful for readers. 
6. Double-check the accuracy and completeness of the list before publishing or submitting it. 
 
Prompt 10: 
A patient develops post-traumatic pulp necrosis following dental trauma. According to current evidence-based 
guidelines, describe the indications for endodontic intervention, treatment protocol, follow-up recommendations, 
and prognosis. Please provide 10 supporting references. 
Include the following information for each article: 
1. Article title. 
2. Author(s). 
3. Journal name. 
4. Date of publication. 
5. Number of citations. 
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6. DOI. 
7. Web link to the article. 
8. PubMed link. 
Instructions: 
1. Begin by searching PubMed. 
2. Review the search results and select ten recent articles that are relevant. 
3. Ensure that all information is accurate and up to date. 
4. Format the list of articles in a clear and organized manner, using a consistent style for each entry. 
5. Include any additional information or notes that may be relevant or helpful for readers. 
6. Double-check the accuracy and completeness of the list before publishing or submitting it. 
 


