Supplementary Table 1. Table of findings
	Ref
	Title
	MQ1. 
	MQ2.
	MQ3.
	MQ4. 
	MQ5. 
	MQ6. 
	MQ7. 
	MQ8. 
	MQ9. 
	MQ10. 
	MQ11. 
	MQ11. Definition 
	Mq11. Exact outcome
	MQ12. 
	MQ13. 
	MQ14. 
	MQ15. 

	[1]
	assessing the performance of large language models (llms) in answering medical questions regarding breast cancer in the chinese context
	2024
	China
	Decision support tool
	Patient education: prevention, treatment, diagnosis and followup.
	Patients
	Breast cancer
	GPT-3.5-Turbo,  ERNIE Bot  2.2.3,   ChatGLM  2.0
	not specified
	Plain text (questions)
	plain text answers
	
grading and readability
	The responses were graded on accuracy using the following grading system: 1. comprehensive, 2. correct but inadequate, 3. mixed with correct and incorrect data, 4. completely incorrect, and 5. unanswered.
	ChatGPT=66.7% comprehensive ERNIE Bot=(56.7%) being comprehensive; ChatGLM = (58.3%) comprehensive. 
	risk of misinformation. Data to train LLMs not available, legal and ethical questions concerning privacy, data security, and liability are also issues
	Balanced--could be beneficial, risks need to be mitigated
	the tools are free
	Commercial

	[2]
	assessment of large language models (llms) in decision-making support for gynecologic oncology
	2024
	Appears to be China, but only specified with respect to IRB
	Decision support tool for gyn oncology cases
	Response accuracy, medical recommendations for real world cancer scenarios
	Oncologists/providers
	Gynecological cancers
	Chat-GPT4; Gemini Advanced, and Copilot. No adaptations are noted.
	not specified
	15 questions about 5 cases. The cases were taken from a platform that provides exam prep materials to medical students and doctors
	Plain text. The responses were then coded and evaluated by six experts using a 5-point Likert scale to assess their relevance, clarity, depth, focus, and coherence 
	Scoring based on Likert scale 1-5 scoring
	Relevance, Clarity, Depth, Focus and Coherence
	Gemini Advanced 80% accuracy; ChatGPT 4 66.7% accuracy, Copilot--53.3% accuracy
	Not all LLM models are equally dependable. Further study and real-world testing are needed to securely integrate these models into clinical practice
	Cautiously optimistic
	free
	 Commercial

	[3]
	evaluation of large language models in breast cancer clinical scenarios: a comparative analysis based on chatgpt-3.5, chatgpt-4.0, and claude2
	2024
	China
	Decision support tool
	assessment and diagnosis, treatment decision-making, postoperative care, psychosocial support, and prognosis and rehabilitation.
	Oncologists/providers
	Breast cancer
	ChatGPT 3.5, ChatGPT 4.0;  Claude2
	not specified
	Clinical simulation scenarios
	plain text
	Responses scored by providers using a questionnaire; Double blind rating method; qualitative assessment of wrong answers
	Quality, relevance, applicability all scored
	 GPT-4.0 better in five principal clinical domains.  Claude2 has  potential. Claude not as good in psychosocial support
	Esp Claude when dealing with tumor data, may oversimplify the analysis and neglect vital details, as it draws conclusions based solely on partial data. Caution is advised.
	Mixed--significant potential, but caution is needed
	free
	 Commercial

	[4]
	exploring the landscape of ai-assisted decision-making in head and neck cancer treatment: a comparative analysis of nccn guidelines and chatgpt responses
	2024
	Spain/Italy
	Decision support tool
	treatment suggestions, adjuvant treatment
indications, and follow-up recommendations
	Oncologists/providers
	Head and neck cancers
	ChatGPT-3.5 compared with National Comprehensive
Cancer Network (NCCN) Guidelines ·
	not specified
	68 hypothetical clinical cases
	plain text
	Sensitivity, Accuracy, Precision
	Accuracy--grading correct vs not correct
	Combining data from all three areas (sensitivity, accuracy, precision), the overall sensitivity
was 100%, accuracy stood at 92%, and the F1 score
was 0.93. The overall precision reached 91.7%
	Understanding how the AI model processes clinical nuances
is criticalfor clinicians
	Supportive
	free
	 Commercial

	[5]
	performance of large language models (llms) in providing prostate cancer information
	2024
	Saudi Arabia
	Information about Prostate cancer for patients/laypeople
	Patient education: 
	Patients
	Prostate Cancer
	ChatGPT 3.5, ChatGPT 4.0;  Google Bard
	not specified
	52 questions based on Info gleaned from websites such as the American Society of Clinical Oncology (ASCO), Prostate Cancer UK, Centers for Disease Control and Prevention (CDC), and Prostate Cancer Foundation (PCF).
	plain text
	accuracy, comprehensiveness, readability, and stability
	The significant differences between LLMs for those variables were assessed using Pearson’s chi-square test or Fisher’s exact test. We used the median and interquartile range (IQR) 
	Accuracy: ChatGPT-3.5 achieved correct responses in 82.7% of cases, ChatGPT-4 in 78.8%, and Google Bard in 63.5%, ChatGPT-4 achieved a significantly greater proportion of comprehensive responses (67.3%) than did ChatGPT-3.5 (40.4%) and Google Bard (48.1%); Google Bard had better readability scores
	ChatGPT retrieves data from its knowledge base, which is only updated until September 2021 (as of writing). Finally, Google Bard demonstrated a lack of information by refusing to answer one question
	Supportive "promising"
	free
	 Commercial

	[6]
	“hospice care could be a compassionate choice”: chatgpt responses to questions about decision making in advanced cancer
	2024
	USA
	Treatment decision making
	treatment and planning
	patients
	metastatic melanoma
	ChatGPT 3.5
	not specified
	Vignette with characteristics that they vary. Total of 96 permutations of the vignette
	plain text
	applied content analysis to count the frequency of ChatGPT’s mentions of the following topics: (1) hospice care, (2) palliative care, (3) clinical trials, (4) second opinions, (5) financial implications of treatment(s), (6) talking to providers for decision-making support, or (7) talking to family, friends, or close others for decision-making support. 
	Frequency of mentions of key topics
	Variation in recommendations by GPT based on patient characteristics
	study did not examine the effect of prompt engineering on responses
	Mixed
	free
	 Commercial

	[7]
	a chat about actinic keratosis: examining capabilities and user experience of chatgpt as a digital health technology in dermato-oncology
	2023
	Denmark
	accurate, current,and complete information in response to clinical questions 
	treatment and planning
	Clinicians
	actinic keratosis
	ChatGPT 3.5
	Not described
	38 clinically relevant questions
	plain text
	prevalence of accurate, current and complete responses
	frequency
	ChatGPT answered 12 questions (31.6%) with an accurate, current,and complete response there is also information on UX variables
	Chat-GPT not a reliable source of info
	critical
	free
	 Commercial

	[8]
	218 retrospective comparative analysis of prostate cancer in-basket messages: responses from closed-domain llm vs. clinical teams
	2025
	USA
	communication decisions
	focused on following up with patients
	Oncologists/providers
	non-metastatic prostate cancer
	RadOnc-GPT (based on Chat-GPT) was integrated with electronic health records from both Mayo Clinic-wide databases and a radiation-oncology-specific database
	RadOnc-GPT is a retrieval-augmented system that connects with both Epic and the radiation oncology-specific database, Aria. The data RadOnc-GPT may access include clinical notes, radiology notes, pathology notes, urology notes, radiology reports, radiation treatment details, diagnosis details, patient details (demographic characteristics), in-basket messages, and more.
	158 patient inquiries
	plain text
	completeness (ranging from 1-5, correctness (ranging from 1-5, clarity (ranging from 1-5, the higher the better), d empathy (ranging from 1-5, the higher the better), d estimated time to respond (in minutes), d extensive editing required 
	Likert scale scoring 1-5
	Scores of completeness, correctness, clarity and empathy
	Lack of context and insufficient domain-specific knowledge of RadOnc-GPT.
	mixed
	unclear
	proprietary

	[9]
	a comparison of prostate cancer screening information quality on standard and advanced versions of chatgpt, google gemini, and microsoft copilot: a cross-sectional study
	2025
	USA
	Decision support tool
	screening (diagnosis)
	Patients
	Prostate Cancer screening
	ChatGPT-3.5, ChatGPT-4.0, Microsoft Copilot, Microsoft Copilot Pro, Google Gemini, and Google Gemini Advanced.
	not specified
	11 frequenty asked prostate cancer questions
	plain text
	accuracy, completeness, readability, and credibility
	Accuracy – whether the solicited information included correct statements based on the latest statistics and guidelines; Completeness – whether information presented includes all salient facts; Readability-6th grade level; Credibility-whether info can be traced to a reputable source
	rates of completeness,readability, completeness and credibility. In the study, all generative AI chatbots had accuracy and Microsoft Copilot had the most complete information. Microsoft Copilot Pro is the best generative AI chatbot for supporting shared PrCA decision-making
	to improve the completeness of information, experts on specific topics should provide feedback to the development team or the AI chatbot itself 
	mixed/supportive
	some free and some paid
	Commercial

	[10]
	a critical assessment of using chatgpt for extracting structured data from clinical notes
	2024
	USA
	summarizer
	identify tumor staging and histology types  from pathology reports. 
	physicians
	lung cancer
	ChatGPT 3.5
	not specified
	Pathology reports n=78 reports
	end-to-end data science workflow for prompt engineering, using, and  evaluating ChatGPt 3.5 (and subsequently GPT 4)
	They developed a large language model (LLM)-based workflow, utilizing systems engineering methodology and "prompt engineering”process,leveraging OpenAI’s API for batch querying 
	accuracy, reproducability, feasibility. There is also and error analysis
	accuracy (89%) of extracted notes. most misclassifications were due to a lack of knowledge of detailed pathology terminology or very specialized information
	Hallucinations, esp with respect to blank or near blank reports
	supportive
	paid (API use)
	Commercial

	[11]
	a prospective pragmatic evaluation of automatic trial matching tools in a molecular tumor board
	2025
	France
	Decision support tool
	fitness for clinical trials
	Oncologists/providers
	GI and breast cancer
	Klineo, ScreenAct, Trialing and DigitalECMT. 
	not specified
	The input data common to the four clinical trial matching tools were the tumor types and the names of the genes or proteins in question. On 157 prospective patients 
	plain text
	Sensitivity, Precision
	The precision (non-ranked) represents the performance (between 0 and 1,1 being the best score) of a tool to propose relevant clinical trials, The sensitivity (represents the performance between 0 and 1, 1 being the best score) to propose a clinical trial over all relevant clinical trials
	Precision (.33) and sensitivity (0.32). The system Klimeo had the best results with scores of (0.52) and (.50)
	The tools are not always updated as to what trial is available
	mixed
	free
	open

	[12]
	accuracy and consistency of publicly available large language models as clinical decision support tools for the management of colon cancer
	2024
	
	Decision support tool
	clinical management
	Oncologists/providers
	colon cancer
	Chat GPT 3.5 and Microsoft Copilot
	Both interfaces use an open ended chatbot
function, where a user enters a question into a text box which then
generates a response utilizing its developed LLM.
	27 prompts with a "what is the next step in mgmt" format
	plain text
	accuracy, consistency and verbosity
	1—completely incorrect or hallucination; 2—
partially correct but contains incorrect or misleading information; 3—
partially correct, but missing information; 4—completely correct.
Each response was graded by three participating clinicians 
	Mean grade 3.06 overall. 36% of responses were completely correct. 38% missing info and 26% had wrong or inaccurate info
	Only 36% of answers were correct. More prompt engineering may be needed. Training data for these LLMs is proprietary
	critical
	free
	Commercial

	[13]
	accuracy of chatgpt in head and neck oncological board decisions: preliminary findings
	2024
	Europe
	Decision support tool
	oncology board decisions
	Oncologists/providers
	head and neck cancers
	Chat GPT 4
	not specified
	20 medical records from tumor board. ChatGPT-4 was asked for
additional examinations (What are the requested additional
examinations?), and for therapeutic strategies 
	plain text answers
	findings were collected in a database and judged according to the oncological board findings by two providers
	Both surgeons used the
Artificial Intelligence Performance Instrument (AIPI) to rate
the performance of ChatGPT-4. AIPI is a valid and reliable
instrument in assessing the performance of chatbots in ear,
nose and throat conditions
	med history, symptoms, diagnosis, Management, and treatment by AI
	The lack of accuracy and stability of ChatGPT-4 limits
use of the model in clinical practice according to the risk of providing
inadequate clinical information.
	Mixed
	paid
	Commercial

	[14]
	accuracy of chatgpt-4o in text and video analysis of laryngeal malignant and premalignant diseases
	2025
	Europe
	Decision support tool
	diagnostic accuracy
	Oncologists/providers
	laryngeal cancer
	Chat GPT 4o
	not specified
	Patient data and laryngeal fiberoptic video examination
	plain text
	accuracy, consistency, and clinical recommendations
	5 point likert scale
	ChatGPT-4o identified malignant diagnoses as the primary diagnosis in 30% of cases, while proposing malignancies as one of the top three diagnoses in 90% of cases. 
	The results indicate that the model prioritizes text data over image input when making diagnoses.
	critical
	paid
	Commercial

	[15]
	accuracy, readability, and understandability of large language models for prostate cancer information to the public
	2025
	USA
	summarizer and information extractor
	diagnosis, treatment, follow-up
	Urologists and patients
	Prostate Cancer
	ChatGPT 3.5
	not specified
	9 prostate related questions (FAQs), then once the questions were answered GPT was asked to create a layperson summary (responses re-entered)
	plain text
	accuracy, readability and understandability
	5 point likert scale
	Chat GPT responded to 9 questions and was then asked to create a layperson summary. Accuracy, completeness clarity and subsequently readability were scored by doctors. Subsequent scores of understandibility by laypeople ranged from 63-87% for 
	OpenAI, the developer of ChatGPT, says “[..] OpenAI’smodels are not fine-tuned to provide medical information. You should never use our models to provide diagnostic or treatment services for serious medical conditions.” 
	mixed
	free
	Commercial

	[16]
	adequacy of prostate cancer prevention and screening recommendations provided by an artificial intelligence-powered large language model
	2024
	USA
	information about Prostate cancer screening for patients/laypeople
	screening (diagnosis)
	patients
	Prostate Cancer screening
	comparison of GPT 3.5 and GPT 4
	not specified
	30 questions related to screening
	plain text
	The first aim was to assess the appropriateness (accuracy,
clarity, conciseness) of ChatGPT in providing answers
related to PCa screening and prevention, according to the
complexity of the question (Performance assessment).
2-  readability of the answers for
patients; 3-, we compared performances between GPT-3.5 and
GPT-4. 4- investigate the influence of different prompts on the answers (Prompt assessment).
	The first aim was to assess the appropriateness (accuracy,
clarity, conciseness) of ChatGPT in providing answers
related to PCa screening and prevention, according to the
complexity of the question (Performance assessment).
2-  readability of the answers for
patients; 3-, we compared performances between GPT-3.5 and
GPT-4. 4- investigate the influence of different prompts on the answers (Prompt assessment). Scored as 0; 1; 2
	GPT-4 was an improvement over GPT 3.5 in all measures. Most answers hovered around 1.5
	One  restriction of GPT-4 they experienced is the
limitation on the number of questions that can be posed
(25 in three hours).
	Mixed
	free
	proprietary and commercial

	[17]
	advanced prompting as a catalyst: empowering large language models in the management of gastrointestinal cancers
	2023
	China
	Decision support tool
	treatment and planning
	Oncologists/providers
	GI Cancers
	create a multi-step prompt template: (1) declaring the role of GPT; (2) giving the main task; (3) declaring the workflow, "which we view as a generalized chain of thought that allows GPT-4 to approach problem-solving or deliver answers in an organized, step-bystep manner"; (4) specifying constraints to GPT
	able to adapt to various prompting strategies
	publicly available medical licensing examination cases, residency and attending physician exam cases
	text
	Scoring various categories
	Scoring: 1. Level A (90-100 points): Top-level expertise, demonstrating professional knowledge. 2. Level B (80-89 points): Experienced level, capable of handling most cases, 3. Level C (70-79 points): Mid-level ability, capable of independently addressing common cases. 4. Level D (60-69 points): Junior level, capable of handling some common cases.
	Prompt engineering strategies based on template
	Prompt engineering improves responses but inherent limitations of these models, including biases, data privacy concerns, and their interpretative limitations remain
	mixed
	paid
	Commercial

	[18]
	ai-driven patient support: evaluating the effectiveness of chatgpt-4 in addressing queries about ovarian cancer compared with healthcare professionals in gynecologic oncology
	2025
	Taiwan
	Decision support tool
	Patient education: prevention, treatment, diagnosis and followup
	Patients
	ovarian cancer
	ChatBot called LilyBot based on ChatGPT 4
	not specified
	183 ovarian cancer related questions
	plain text
	Evaluation of responses from the Bot and from Healthcare providers
	Correctness was scored on a 6-point Likert scale
	mean scores of correctness for LilyBot compared with providers. There was a  significantly higher overall performance for correctness and completeness of responses from Lily-Bot compared with the healthcare providers
	LilyBot relied on the most
recent Chat-GPT 4 version available at the time of interaction, but could not provide real-time, up-to-date information.
	Supportive
	not specified
	proprietary

	[19]
	ai-enhanced healthcare: integrating chatgpt-4 in epros for improved oncology care and decision-making: a pilot evaluation
	2025
	Taiwan
	Decision support tool
	follow-up 
	Oncologists/providers
	Many types
	Chat GPT 4
	prompt engineering capacities were used
	electronic patient reported outcomes (ePROS) post-treatment for consecutive 30 pts. Summaries were output and scored
	plain text
	completeness, accuracy, minimal risk, empathetic response, emotional support, stress reduction, increase in pt health literacy, improvement in patient communication of the summaries of the ePROs
	Scored from 0-10
	worst for the emotional support and best for risk management (summaries). Average total score between 6.9-7.3
	The multiple types of cancers also posed challenges in ensuring the consistency and accuracy of the AI’s outputs, 
	Mixed
	paid
	Commercial

	[20]
	ai-generated content in cancer symptom management: a comparative analysis between chatgpt and nccn
	2024
	USA
	Decision support tool
	treatment recommendations for symptom mgmt
	Patients
	Many types
	Chat GPT 3.5 compared with NCCN (National Comprehenive cancer network) guidelines
	not specified
	9 cancer symptoms
	plain text
	Agreement between GPT and NCCN guidelines
	The mean percent agreement 
	The mean percent agreement between NCCN and ChatGPT recommendations was 37%. Agreement was low.
	The study utilized a specific version of ChatGPT, and AI models  evolve, suggesting that the findings may not be current
	critical
	free
	proprietary and commercial

	[21]
	an advanced machine learning model for a web-based artificial intelligence–based clinical decision support system application: model development and validation study
	2024
	Taiwan
	Decision support tool
	treatmenr/recurrence prediction
	Oncologists/providers
	Breast cancer
	using Chat GPT to developing an AI-based clinical decision support system (AI-CDSS). We developed a web page built with HTML, CSS, and JavaScript, featuring dynamic forms where clinicians could input patient data
	Scripting and data processing were conducted on secure, local hospital systems using Python in Jupyter Notebooks 
	3577 patients from breast cancer registry
	plain text
	To assess the effectiveness of machine learning models, we used several key performance metrics such as area under the curve (AUC), accuracy, sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), and F1-score. they implemented these metrics using the scikit-learn Python library, 
	not reported
	Key achievements include the categorization of hormone receptor status and age. Among the various models tested, the LGBM (light gradient boosting machine) model showed superior performance, with an AUC of 0.80, a finding that was consistently supported by the ROC curve analysis. 
	the AI-CDSS tool needs validation across diverse clinical environments and patient populations to ascertain its adaptability. 
	Mixed
	paid
	commercial/proprietary

	[22]
	an assessment of chatgpt’s responses to common patient questions about lung cancer surgery: a preliminary clinical evaluation of accuracy and relevance
	2025
	Italy
	education
	Patient education: 
	Patients
	lung cancer
	ChatGPT 3.5
	GPT is advanced language model that utilizes AI to generate human-like text based on user input. Particularly good with understanding context
	16 FAQs about lung cancer surgery
	plain text
	Appropriateness and accuracy
	Likert scale scoring 1-4
	All answers provided by the chatbot were judged to be satisfactory, evidence-based, and generally unbiased
	One limitation of our study is that the responses generated by AI may not be the same when asked by different users or at different times.
	Supportive
	free
	Commercial

	[23]
	an assessment of chatgpt’s responses to frequently asked questions about cervical and breast cancer
	2024
	study was in China; ChatGPT responses were collated
from instances recorded in Chile and Germany
	education
	Patient education: 
	Patients
	cervical and breast cancer
	ChatGPT 3.5
	not specified
	20 FAQs about cervical and breast cancer (10 for each)
	plain text
	(evaluated on a 7 point scale) • Accuracy 
• Readability;
• Consistency;
• Reliability;
• Efficiency;
• Relevance 
	• Accuracy refers to the ability to provide comprehensive, omission-free, and misinformation free answers to the given questions;
• Readability refers to the ease and clarity of
ChatGPT’s answers, considering the language
difficulty;
• Consistency refers to the ability to provide the same or similar answers
when asked the same questions multiple times, at different times and locations;
• Reliability refers to the credibility of the
reference sources for the provided answers;
• Efficiency refers to the time taken by ChatGPT to
provide answers to the questions asked;
• Relevance refers to ChatGPT’s capacity to provide
customized and adaptive responses to specific goals
or needs
	After being reviewed by seven experts, ChatGPT
achieved accuracy scores of 7.0 (range: 6.6-7.0) for 20
questions. For gynaecologists and mammologists, the
accuracy scores were 6.1 (range:4.4-6.8) and 6.0 (range:
3.4-7.0), respectively,
	Occasional
errors due to its lack of proper understanding of human
language
	mixed
	free
	Commercial

	[24]
	an example of leveraging ai for documentation: chatgpt-generated nursing care plan for an older adult with lung cancer
	2024
	USA
	Decision support tool
	treatment and planning
	providers
	lung cancer
	ChatGPT 3.5, ChatGPT 4.0;
	ability to develop GPT prompts
	Iterative ChatGPT prompts that generate  care plan and its application for a lung cancer case scenario
	plain text
	ChatGPT compared with gold standard plan
	not reported
	While not all the suggested care plan terms utilized standardized nursing terminology, the ChatGPT-generated care plan closely matched the gold standard in scope and nature, correctly prioritizing oxygenation and ventilation needs.
	provider expertise, communication, and empathy with  patients remain irreplaceable.
	Supportive
	free
	Commercial

	[25]
	an online decision aid for patients with metastatic melanoma
	2024
	Germany
	Decision support tool
	Patient education: 
	Patients
	skin cancer
	Online patient decision aid
	The final version of the online PtDA comprises nine webpages, including an interactive component. 
	RCT of people educated by PtDA and those not exposed
	plain text
	comparison of controls and intervention patients
	Knowledge test score (range 0-40)
	Intervention participants more knowledgeable (27.98 vs 24.76)
	none reported
	Supportive
	free
	proprietary

	[26]
	analyzing the performance of chatgpt in answering inquiries about cervical cancer
	2025
	turkey
	Decision support tool
	Patient education: 
	Patients
	cervical cancer
	ChatGPT 3.5
	simply defined as an artificial intelligence (AI) software program that acts as a multiple language model- based chatbot. 
	Frequently asked questions (n=74) and questions based on European Society of Gynecological Oncology guidelines
	plain text
	providers assessment of accuracy and satisfaction ratings
	Likert scale scoring 1-5
	ChatGPT gave complete, accurate and satisfactory responses to 91.9% of FAQs, but this rate decreased to 62.3% when answering questions based on the professional guidelines. 
	Reproducibility of the responses was not assessed
	Mixed
	free
	Commercial

	[27]
	answering head and neck cancer questions: an assessment of chatgpt responses
	2024
	USA
	Decision support tool
	Patient education: 
	Patients
	head and neck cancers
	ChatGPT 4 compared with Google websites
	not specified
	49 FAQs
	plain text
	quality and readability, also Ensuring Quality Information for Patients (EQIP)
	rated on a 5 point likert scale
	Google sources were on average significantly higher quality than ChatGPT responses (4.2 vs 3.6, p = 0.005). According to the EQIP tool, Google and ChatGPT had on average similar response rates per criterion (24.4 vs 20.5, p = 0.09) while Google had a significantly higher average score per question than ChatGPT (13.8 vs 11.7, p < 0.001) According to the Flesch reading ease scale, ChatGPT and Google sources were both considered similarly difficult to read (33.1 vs 37.0, p = 0.180)
	ChatGPT is f at a disadvantage due to its lack of references and visual aids compared with Google websites
	mixed
	free
	Commercial

	[28]
	applicability of online chat-based artificial intelligence models to colorectal cancer screening
	2024
	USA
	Decision support tool
	Patient education: 
	Patients
	colorectal cancer screening
	ChatGPT, BingChat, and YouChat™
	not specified
	20 questions
	plain text
	grading RA, RI, U
	RA=reliably appropriate; RI=reliably inappropriate; U=unreliable
	The models provided reliably
accurate responses to most (> 80%) questions addressing
important concepts on colon cancer screening.ChatGPT and YouChat™ provided RA responses to the questions posed more often than BingChat. There were two
questions that > 1 AI model provided unreliable responses to. ChatGPT did not provide references. BingChat misinterpreted
some of the information it referenced. 
	There were misinterpretations and hallucinations in all, though fewer in ChatGPT
	mixed
	free
	Commercial

	[29]
	application of notebooklm, a large language model with retrieval-augmented generation, for lung cancer staging
	2025
	japan
	Decision support tool
	diagnosis
	Oncologists/providers
	lung cancer
	Retrieval-augmented generation (RAG) is a technology designed to reduce hallucinations in LLMs
by enabling them to reference reliable external knowledge
(REK). The RAG in this case is called NotebookLM. This was compared to Chat-GPT 4o without RAG
	NotebookLM (https:// notebooklm.google) is a web-based
RAG-LLM. It generates responses to questions by clearly citing sources from user-provided
REK, utilizing Gemini 1.5 Pro 
	REK=summary of lung cancer guidelines. Input=CT findings for 100 fictional lung cancer patients
	plain text staging
	Diagnostic accuracy. 
	Diagnostic accuracy for each LLM setting (i.e., NotebookLM
with REK, GPT-4o with REK, or GPT-4o without
REK) was calculated as the percentage of correctly diagnosed. TNM (Tumor, Lymph Node, and Metastases) must all be correct to be considered correct TNM classifications across the 100 lung cancer cases.
	NotebookLM=86% accuracy; GPT 4o with REK=39%; GPT 4o without REK=25%
	Without REK input LLMs don't give references for their responses
	Mixed
	paid
	Commercial

	[30]
	are ai chatbots concordant with evidence-based cancer screening recommendations?
	2025
	US/Australia
	information extractor
	patient education
	patients
	breast and prostate cancer
	ChatGPT 3.5 compared with USPSTF guidelines
	GPT produces plausible, appropriate and human-like responses to questions by learning from large volumes of data 
	7 prompts; output scored on 60 unique criteria
	plain
	Scoring--presence or absence of pre-determined criteria (0/1) and concordance (0/1/2)
	Scoring--presence or absence of pre-determined criteria (0/1) and concordance (0/1/2)
	For 52 of the 60 criteria (86.7 %), information was present in the ChatGPT outputs. Breast criteria were present in 29 of 30 outputs (96.7 %) and prostate criteria in 23 of 30 (76.7 %) The majority of criteria (43 of 60, 71.7 %) were  concordant with the USPSTF recommendations, 3 (5 %) were moderately concordant and 14 (23.3 %) were not concordant or 
	The prompts did not include potential hallucination mitigation strategies which could be explored further
	
	free
	commercial

	[31]
	artificial intelligence can facilitate application of risk stratification algorithms to bladder cancer patient case scenarios
	2024
	USA
	decision support
	treatment/risk stratification
	oncologists/providers
	bladder cancer
	ChatGPT 3.5 and 4 compared with NCCN guidelines
	not specified
	1. Just asked GPT to provide a risk category for the tumor. 2--The instructions for ChatGPT were then amended to include descriptions of the bladder cancer categories 
	plain
	% correct responses based on NCCN guidelines
	
	GPT-3.5 assigned the correct risk stratification for 68% of these scenarios (n = 24.5) without context and 74% (n = 26.5) with textual context. GPT4 did significantly better-- GPT-4 assigned the appropriate risk stratification for 83% of scenarios (n = 30) without context, which increased to 100% (n = 36) with textual context (P = 0.02).
	without clinical validation, AI tools have potential for bias, errors, and gaps in knowledge, which may result in unsafe patient care. 
	mixed
	free/paid
	commercial

	[32]
	artificial intelligence for image recognition in diagnosing oral and oropharyngeal cancer and leukoplakia
	2025
	germany
	decision support
	treatment-image recognition
	oncologists/providers
	oral and oropharingeal cancer
	ChatGPT 4
	One of the more recent features of ChatGPT 4.0 are voice and image recognition capabilities 
	45 clinical images--one iteration with images only and one iteration with image and clinical history
	plain
	Two raters and the Artificial Intelligence Performance Index (AIPI)
	image description was implemented with the four grades of 0 = Absence of image description/Referral, 1 = Mentioning of the image/Referral, 2 = General description, 3 = Image recognition and location
	In the first scenario, where only an image was provided a prompt, only 26% of the images of squamous cell carcinoma were identified by ChatGPT 4.0, whereas 86.7% of leukoplakia images were identified. In the second scenario, when the image was accompanied by the clinical history of a patient, the diagnostic accuracy improved. 73.3% of malignant lesions were accurately detected, whereas 93.3% of benign and 93.3% of the images of an oral leukoplakia were recognized by ChatGPT 
	Currently LLMs are not programmed to think independently but generate a text-based output based on public documents and databases.. While in the clinical setting the provider can palpate the lesion, or ask additional questions about the clinical history, or make another image from a slightly different angle, an LLM is not able to “think outside the box 
	mixed
	paid
	commercial

	[33]
	artificial intelligence improves urologic oncology patient education and counseling
	2024
	USA
	information extractor
	
	oncologists/providers
	urologic cancers
	GPT compared with EPIC and Urology Care Foundation 
	not specified
	11 kidney, 39 bladder, and 29 prostate cancer questions 
	plain
	Physician Raters using tools (PEMAT DISERN) regarding accuracy, comprehensiveness, and understandibility
	Likert scale 1-5. accuracy=evidence-based and adheres to guidelines; comprehensiveness-sufficient info to inform patients; understandibility-can response be easily understood
	GPT outperforms Epic and UCF on quality; GPT used more complex text than EPIC, but could be modified to improve readability
	The authors cite issues with readibility and with hallucinations as issues with the use of AI for patient education
	mixed
	free
	commercial

	[34]
	artificial intelligence with chatgpt 4: a large language model in support of ocular oncology cases
	2025
	italy
	decision support
	treatment
	oncologists/providers
	ocular cancers
	ChatGPT 4
	With a transformer architecture,
Generative Pretrained Transformer 3 was
trained with billions of text data taken from online
articles. To do this, the model is trained to reduce the
discrepancy between the predicted and actual words
in the training data set. 
	40 real world cases, anonymized, summarized and entered into GPT4
	plain
	Accuracy in surgical choices
	They enquired about the model’s ability
to provide reliable surgical choices. In particular: “What kind of surgery would you perform?”.
	ChatGPT surgical choices matched with those
reported in patients’ files in 22/40 cases (55%). When
comparing GPT to three ocular
oncologists, we reported concordance in
20/40, 22/40 and 23/40 cases, with levels of agreement
of 50%, 55% and 57%, respectively
	A limitation
of LLMs like ChatGPT is their inability to process
"multimodal" data, which is a crucial aspect of diagnosis. In addition, we don't know what sourcesthe LLM pulls from
	mixed
	paid
	commercial

	[35]
	assessing chatgpt's capability in addressing thyroid cancer patient queries: a comprehensive mixed-methods evaluation
	2025
	USA
	decision support
	treatment
	patients
	thyroid cancer
	ChatGPT 3.5
	AI can be used to create content such as text, imaging, and other media by leveraging natural language processing and deep-learning algorithms
	20 thyroid cancer related questions
	plain
	The answer from GPT was accurate, complete, and satisfactory. Judged by 8 raters
	Likert scale of 1-7 strongly disagree to strongly agree
	 57%, 56%, and 52% of the responses “agreed” or “strongly agreed” that ChatGPT’s answers were accurate, complete, and satisfactory, respectively
	Chat-GPT is not good for low literacy populations.
	critical
	free
	commercial

	
	assessing large language models for oncology data inference from radiology reports
	[36]2024
	USA
	decision support
	treatment
	Oncologists/providers
	pancreatic cancer
	GPT-3.5, and GPT-4, Mistral-7B, Llama2-7B,
Llama3-8B and Gemma-7B,
	not specified
	203 radiology reports from 164 patients with pancreatic adenocarcinoma
	plain text
	accuracy
	Accuracy based on oncologist rating
	GPT-4: 75.5% vs Mistral-7B: 68.6% (0.149), GPT-3.5: 67.7% (0.09), Llama3-8B: 61.4% (0.004), Gemma-
7B: 59% (0.001), Llama2-7B: 38.9% (< 0.001))
	GPT models rely on the radiologist’s summarization of report when forced to classify text without generating an explanation, but this reliance can be ameliorated by allowing it to return its clinical reasoning before classification
	Mixed
	paid and free
	commercial and open access

	[37]
	assessing the accuracy and reliability of chatgpt's medical responses about thyroid cancer
	2024
	Turkey
	decision support
	treatment
	Patients and oncologists
	thyroid cancer
	We used the version of ChatGPT dated December 2023 in our study
	Chat-Generative Pre-Trained Transformer (ChatGPT) is an artificial intelligence (AI)-powered conversational chatbot, an LLM with over 175 billion parameters.. ChatGPT is an AI chatbot that produces coherent text by analyzing a comprehensive database 
	1. ChatGPT asked 30 questions about thyroid cancer; 2. entered three fictional cases and requested a treatment and followup plan; 3. Assessment of emotional support of ChatGPT
	plain text
	Accuracy of responses to questions
	Three experts scored accuracy, and analyzed responses to cases and emotional support
	GPT was 76.6% correct in responding to questions, but was not adequate in answering questions about the fictional cases.It was also able to provide emotional support
	The answers may change quickly as GPT evolves
	mixed
	free
	commercial

	[38]
	assessing the accuracy of the gpt-4 model in multidisciplinary tumor board decision prediction
	2025
	Turkey
	decision support
	diagnosis, treatment
	oncologists/providers
	Many types
	Chat GPT 4
	These models can interpret clinical data, extracting
imaging features, summarize patient information, and
suggest treatment options based on
guidelines
	610 cases that had come before the tumor board
	plain text
	Agreement with tumor board decisions and accuracy
	Three experts scored accuracy, and analyzed responses.
	The findings revealed a high level of agreement between GPT-4 predictions and MTB decisions, with a mean compatibility score of 3.59 out of 4 across all cases. The first expert oncologist noted that all 8 inappropriate predictions were due to the rarity of the cases
	commercially available LLMs struggle to extract  outcomes without fine tuning, which aligns with our findings that GPT-4 struggled
in providing correct results for rare patients.
	mixed
	paid
	commercial

	[39]
	assessing the capabilities of generative pretrained transformer-4 in addressing open-ended inquiries of oral cancer
	2025
	china
	information extractor
	patient queries
	patients
	oral cancers
	Chat GPT 4 and Chat GPT 4 based tool: https://chatgpt.com/g/g-a6vEtX9mn-medical-information-q-a
	They created a tool called Medical Info Q & A, using open Ais create a GPT framework. 
	60 questions about oral health knowledge
	plain text
	Quality
	27 raters, adapted Global Quality Scale scored 1-5
	Analysis revealed that GPT-4 and its adaptations excelled in answering open-ended questions, with the majority of responses receiving high scores (4 and 5s). Although the median score for standard GPT-4 was marginally better. (Not sig)
	AI can assist in educational aspects of healthcare, it cannot replace the expertise and clinical judgment of physicians
	supportive/mixed
	paid
	commercial/proprietary

	[40]
	assessing the efficacy of chatgpt prompting strategies in enhancing thyroid cancer patient education: a prospective study
	2025
	china
	information extractor
	patient queries
	patients
	thyroid cancer
	ChatGPT 4o
	GPT-4o enhances multilingual
support, response speed, data processing, and costs. We tested four prompt levels: no prompts,
6th-grade, 8th-grade, and prompts with statistical data and
references.
	50 questions
	plain text
	accuracy, comprehensiveness,
human caring, and satisfaction,
	5 point likert scale by 2 raters
	The type of prompt significantly influences
the quality of ChatGPT’s responses. Notably, the “statistics and references” prompt yields the highest quality outcomes. Prompts tailored to a “6th-grade level” generated the most easily understandable text, whereas responses without specific prompts were the most complex.
	Strict quality control is necessary to ensure patients seek proper assistance. Future
research should refine prompt strategies and include expert
supervision 
	supportive/mixed
	paid
	commercial

	[41]
	assessing the performance of chatgpt and bard/gemini against radiologists for prostate imaging-reporting and data system classification based on prostate multiparametric mri text reports
	2025
	united kingdom
	decision support
	diagnosis
	oncologists/providers
	prostate cancers; PI-Rads 1-5
	Chat-GPT 3.5; Chat-GPT 4; Google BARD/Gemini
	Each case evaluated queries submitted via the Application Programming Interfaces (APIs) of GPT-4 and Gemini. Python version 3.9.12  was used for the implementation, leveraging the openai package for GPT API interactions, and the google.generativeai package (version 0.8.0) for Google Gemini API queries. 
	100 original Prostate MRIs were manually entered into the LLMs. The original classifications from the reports were considered as the gold standard
	PI-RADS stage
	Accuracy of classifying prostate cancer categories
	Agreement with oncologist classification of PI-RADS
	Chat-GPT 3.5 and Bard, the older LLMs both achieved only 67% agreement. Chat GPT 4(83%) was significantly improved over Chat-GPT 3.5. Gemini (79%) improved over Bard but it was not statistically significant. Oncologist rating as part of the study showed 98% and 95% accuracy
	GPT 3.5 and Bard showed sub-optimal performance. GPT 4.0 and Gemini are approved but still worse than oncologists. There were some hallucinations produced
	mixed
	Older versions (Bard and 3.5) were free. Current versions are paid
	commercial

	[42]
	assessing the role of advanced artificial intelligence as a tool in multidisciplinary tumor board decision-making for primary head and neck cancer cases
	2024
	Austria/Germany
	decision support
	diagnosis
	oncologists/providers
	Head and neck cancers previously diagnosed by a tumor board
	Chat-GPT 3.5; Chat-GPT 4
	ChatGPT is a publicly accessible artificial intelligence chatbot, that is based on a transformer-based language model. It can produce text that is similar to human language
	20 patients were included. The standardized  prompt with patient informationwas given. "The patient is presented in an interdisciplinary tumor board. What treatment options are available and which option do you think leads to the best prognosis?”
	treatment options and prognosis
	metrics--(1)agreement with number of therapy options, (2)summary of text, (3)clinical recs, and (4)explanation of the decision made
	The inter-rater reliability was measured using Cohen’s kappa coefficient (k) (0-1)
	When comparing Tumor Board recommendations with those of ChatGPT3.5, two independent reviewers reached an agreement measured by Cohen’s k of 1 for the number of therapy options, of Cohen’s k of 0.459 for summarization of text, of 0.44 for clinical recommendation, and 0.579 for explanation on the decision made. ChatGPT4.0 reached a Cohen’s k of 1 for the number of therapy options,of Cohen’s k of 0.612 for summarization of text,of 0.455 for clinical recommendation,and 0.452 for explanation ont he decision made.
	The limitations of ChatGPT, including a lack of personalized treatment planning, the recommendation of incorrect treatment guidelines and a lack of information on the references used, GPT not built to think independently
	mixed
	3.5 free; 4.0 paid
	commercial

	[43]
	assessing the role of advanced artificial intelligence as a tool in multidisciplinary tumor board decision-making for recurrent/metastatic head and neck cancer cases – the first study on chatgpt 4o and a comparison to chatgpt 4.0
	2024
	Austria/Germany
	decision support
	diagnosis
	oncologists/providers
	head and neck 
	This is a comparison of Chat-GPT4o and Chat-GPT 4.
	ChatGPT is a publicly accessible artificial intelligence chatbot, that is based on a transformer-based language model. It can produce text that is similar to human language
	Prompt as follows: "The standard version of the final prompt was “The patient has a history of (XX) for a (XX) carcinoma and now presents with (XX) carcinoma. What treatment options are available and which option do you think leads to the best prognosis?”.
	plain text recs
	agreement, summary, and explanation of response
	graded on Likert scale and inter-rater reliability measured by Cohen's K by 2 reviewers
	Overall, there was no significant difference in the performance of ChatGPT 4.0 and 4o, with both LLMs reaching similar scores for clinical recommendation (4.65 compared to 4.73, p=0.131), explanation (4.33 compared to 4.14, p=0.423), and summarization (4.12 compared to 4.28, p=0.204).
	There is lack of transparency of the resources used to answer the prompts, also referred to as the black box of AI. It is unclear how most LLMs arrive at their decision, and it is therefore difficult to understand the rationale
	mixed
	paid
	commercial

	[44]
	assessing the role of gpt-4 in thyroid ultrasound diagnosis and treatment recommendations: enhancing interpretability with a chain of thought approach
	2024
	china
	decision support
	diagnosis, treatment
	oncologists/providers
	thyroid cancer
	Chat GPT 4
	To enhance the practicality of our research, we employed the Flask framework to create an intelligent diagnostic platform named “ThyroAIGuide”. ThyroAIGuide is an intuitive online diagnostic tool designed for preliminary thyroid cancer diagnosis. Based on GPT-4.0
	we input ultrasound medical descriptions into ChatGPT and prompted it to generate diagnosis and treatment recommendations.
	plain text recs
	diagnostic accuracy (TI-RADS Classification), report structure, use of professional terminology, and clarity of expression. 
	graded on likert scale and with a Turing Test
	Based on a 5-point Likert scale, GPT4 had a diagnostic accuracy mean of 3.68,  report structure 4.28, and for clarity of expression, it achieved a mean score of 4.26 (95% CI: 4.16–4.37). In the general evaluation, GPT-4’s mean score was 3.80.
	While the system may reduce the time required to generate initial drafts of reports, the added time for proofreading, especially given the model’s current inaccuracies, often offsets this advantage.
	mixed
	paid
	commercial/proprietary

	[45]
	chatgpt: can you prepare my patients for [<sup>18</sup>f]fdg pet/ct and explain my reports?
	2023
	Germany
	appropriateness of ChatGPT responses, usefulness of ChatGPT responses, inconsistency between responses, empathetic nature of responses
	diagnosis, treatment selection
	patients
	lung cancer, Hodgkin lymphoma
	GPT-4 (OpenAI's generative pretrained transformer 4), OpenAI ChatGPT Plus, DeepL
	Web-based, Multilingual, Supports Explainability, Tailored for specific stakeholders 
	- Dataset of 13 questions related to [ 18 F]FDG PET/CT
- Dataset of 6 PET/CT reports (5 fictitious based on institutional templates, 1 sample report from the Society of Nuclear Medicine and Molecular Imaging)
	Natural language explanation
	- Appropriateness of ChatGPT responses
- Helpfulness of ChatGPT responses
- Consistency of ChatGPT responses
- Validity of references provided by ChatGPT
	- Appropriateness: 1: Highly appropriate; 2: Quite appropriate; 3: Quite inappropriate; 4: Highly inappropriate 
- Helpfulness: 1: Very helpful; 2: Quite helpful; 3" Quite unhelpful; 4: Clearly unhelpful
- Consistency: 1: Irrelevant; 2: Minor; 3: Major; 4: Incompatible
- Validity of references: 1: Fully valid; 2: Appropriate but outdated; 3: Appropriate, incorrectly cited, but possible to find; 4: Invalid
	Responses were rated 'appropriate' for 92% of tasks and 'useful' for 96%, but considerable inconsistencies were found in 16% of tasks.
	- Invalid references provided by ChatGPT
- Question of liability for AI-generated content
- Validation required in other contexts
	Mixed
	Freemium 
	Proprietary

	[46]
	evaluating gpt as an adjunct for radiologic decision making: gpt-4 versus gpt-3.5 in a breast imaging pilot
	2023
	USA
	decision support tool
	Identify appropriate imaging services
	Radiologists
	Breast cancer
	ChatGPT-3.5 and GPT-4
	Text-based chatbot interface, producing imaging recommendations aligned (or not) with ACR Appropriateness criteria. Provides rationale in open-ended prompts; higher accuracy when given structured options
	prompts designed from ACR Appropriateness criteria variants
	generated recommendations for imaging modalities
	- Appropriateness of imaging modalities according to ACR guidelines
- Alignment with ACR guidelines
- Accuracy of ChatGPT's responses
- Average scores for open-ended (OE) prompts
- Average percentage correct for select all that apply (SATA) prompts
- Accuracy for breast cancer screening and breast pain prompts
	Scoring methods: Open-ended (0–2 score) and SATA (proportion correct).
	Breast cancer screening: OE avg = 1.83/2; SATA accuracy = 88.9% (GPT-3.5), 98.4% (GPT-4).
Breast pain: OE avg = 1.125/2 (GPT-3.5), 1.666/2 (GPT-4); SATA = 58.3% (GPT-3.5), 77.7% (GPT-4).
	Issues with alignment with user intent
	supportive
	Freemium 
	Proprietary

	[47]
	how do large language models answer breast cancer quiz questions? a comparative study of gpt-3.5, gpt-4 and google gemini
	2024
	multinational (Italy, Switzerland)
	decision support tool
	diagnosis, treatment selection
	oncologists
	Breast cancer
	GPT-3.5, GPT-4, and Google Gemini
	Web-based, Multilingual, Supports Explainability, Tailored for specific stakeholders 
	60 multiple-choice questions related to a single oncological field (breast cancer)
	Rate of correct answers
	correctness
	Rate of correct answers to multiple-choice questions about breast cancer care (percentage)
	GPT-4 (95%, 57/60) followed by GPT-3.5 (90%, 54/60) and Google Gemini (80%, 48/60)
	Exclusive use of three publicly available LLMs without specific in-context training
	supportive
	Freemium 
	open-source

	[48]
	how good is chatgpt at answering patients’ questions related to early detection of oral (mouth) cancer? 
	2024
	multinational
	patient education
	diagnosis
	patients
	oral cancer
	ChatGPT 3.5
	Web-based, Multilingual, Supports Explainability, Tailored for specific stakeholders 
	 108 patient-oriented questions about oral cancer early detection from expert panels, professional societies, and web-based tools.
	- Global Quality Score (GQS)
- Reliability score (measured using the CLEAR tool)
- Understandability score (measured using the PEMAT tool)
- Actionability score (measured using the PEMAT tool)
- Flesch-Kincaid reading ease score (FKS)
- Simple Measure of Gobbledygook readability index (SMOG)
- Number of words in ChatGPT responses
	- Quality (Global Quality Score)
- Reliability (reliability score)
- Readability (Flesch-Kincaid reading ease score and SMOG index readability score)
- Usefulness (usefulness score)
- Understandability (understandability score)
- Actionability (actionability score)
	- Global Quality Score (GQS): A 5-point Likert scale rating the overall quality and usefulness of health information.
- Reliability Score (CLEAR Tool): An assessment of the credibility and trustworthiness of online health resources based on transparency and references.
- Understandability Score (PEMAT): A measure of how clearly health information is presented and how easily patients can comprehend it.
- Actionability Score (PEMAT): An evaluation of whether health information provides concrete, clear steps that patients can act upon.
- Flesch–Kincaid Reading Ease Score (FKS): A readability index estimating how easy a text is to read, based on sentence length and word complexity.
- SMOG Index: A readability measure estimating the years of education required to understand a text, based on polysyllabic words.
	ChatGPT provided "very useful" responses to the majority of questions (75%; n = 81). The mean Global Quality Score was 4.24 § 1.3 of 5. The mean reliability score was 23.17 § 9.87 of 25. The mean understandability score was 76.6% § 25.9% of 100, while the mean actionability score was 47.3% § 18.9% of 100. The mean FKS reading ease score was 38.4% § 29.9%, while the mean SMOG index readability score was 11.65 § 8.4.
	- Limited use of only three online tools for keyword identification
- Single-time examination of ChatGPT responses
- Potential variability in responses due to question phrasing
- English language limitation
- Use of an older version of ChatGPT
	supportive
	Freemium 
	open-source

	[49]
	how well do artificial intelligence chatbots respond to the top search queries about urological malignancies?
	2024
	USA
	chatbots
	provide information
	patients
	 urological malignancy cancer
	- Google Trends
- ChatGPT v3.5
- Perplexity
- Chat Sonic
- Microsoft Bing AI
	Web-based, Multilingual, Supports Explainability, Tailored for specific stakeholders 
	top search queries related to urological malignancies using Google Trends
	answers to the questions
	- Quality of information (DISCERN score)
- Understandability (PEMAT-P score)
- Actionability (PEMAT-P score)
- Misinformation (Likert scale)
- Readability (Flesch-Kincaid test)
- Word count
	- Quality of information (DISCERN score): A validated instrument that rates the reliability and quality of health information for patients, typically on treatment choices.

-Understandability (PEMAT-P score): A measure from the Patient Education Materials Assessment Tool that evaluates how easy it is for patients to process and understand written or spoken health materials.

- Actionability (PEMAT-P score): A measure from the same tool (PEMAT-P) that evaluates whether patients can identify specific actions they can take based on the information provided.

- Misinformation (Likert scale): A subjective rating scale where reviewers score the presence and severity of inaccurate or misleading information, usually from strongly disagree to strongly agree.

- Readability (Flesch-Kincaid test): A formula that estimates how difficult a passage is to read, expressed as a U.S. school grade level.

- Word count: The total number of words in a given text, used to quantify length and sometimes complexity of responses.
	AI chatbot responses had moderate to high information quality (median DISCERN score 4 out of 5, range 2–5) and lacked misinformation. Understandability was moderate (median Patient Education Material Assessment Tool for Printable Materials [PEMAT-P] understandability 66.7%, range 44.4–90.9%) and actionability was moderate to poor (median PEMAT-P actionability 40%, range 0–40%
	Possible mismatch in input phrasing affecting output quality
	mixed
	Freemium 
	open-source

	[50]
	inferring cancer disease response from radiology reports using large language models with data augmentation and prompting
	2023
	Singapore
	Information extractor and classifier
	diagnosis, treatment selection
	clinicians, radiologists
	Colorectal, breast, gynecologic, and lung cancers; patients of all stages (early I–III and metastatic IV)
	GatorTron—best, BioMegatron, BioBERT, BioClinicalBERT, RoBERTa, RadBERT, DeBERTa, XLNet, PubMedGPT), plus CNN, Bi-LSTM, and conventional ML;
	Backend NLP classifier using the conclusion section of CT reports; English only; attention-weight visualizations for interpretability; scalable training (A100 GPU timings reported). No patient-facing UI, accessibility, or multilingual features described.
	10602 computed tomography reports from cancer patients
	classification label
	Train/dev/test split at patient level; accuracy as primary metric (equivalent to micro-F1/precision/recall for multiclass); inter-annotator agreement (Cohen’s κ); external validation vs RECIST with Spearman’s ρ correlation; paired t-tests for augmentation gains; model comparison tables.
	Accuracy = proportion correct (micro-F1/precision/recall equivalence in multiclass); Cohen’s κ = inter-rater agreement beyond chance; Spearman’s ρ = rank correlation between model/curated labels and RECIST.
	Best base model GatorTron accuracy 0.8916 (test) → 0.8976 with augmentation; external RECIST validation 0.8919; prompt-based fine-tuning achieved 0.8609 with only 500 reports and 0.8890 on full set (slightly below base).
	Single-center dataset; English-only reports; inclusion limited to multi-region CT conclusions; small RECIST validation set; generalizability to other hospitals pending; compute needs for training
	supportive
	free. Freemium
	open-source

	[51]
	integrating artificial intelligence in renal cell carcinoma: evaluating chatgpt’s performance in educating patients and trainees
	2024
	USA
	patient education
	diagnosis
	patients, physicians
	Renal cell carcinoma (RCC) and small renal masses (SRMs)
	ChatGPT-3.5
	Web-based, Multilingual, Supports Explainability, Tailored for specific stakeholders 
	Fifteen content questions derived from three professional society guidelines addressing RCC
	plain text answers
	- Accuracy of ChatGPT's responses
- Usefulness of ChatGPT's responses
- Confidence in the accuracy of ChatGPT's information
- Agreement that ChatGPT should be used for medical education
	Accuracy = concordance with guidelines; Usefulness = suitability for novice learners; Likert scale 1 (low)–5 (high).
	Accuracy mean ~3.85 (clinicians), 3.43 (non-clinicians); Usefulness mean ~3.8 (clinicians), 3.35 (non-clinicians); confidence in accuracy improved (P=0.01), support for medical education increased (P=0.007), no change for patient education (P=0.30).
	Lack of citations; occasional risk of misinformation; small pilot study; reviewer bias; limited validation tools; results may become outdated as LLMs evolve.
	mixed
	free
	Proprietary

	[52]
	is chatgpt accurate and reliable in answering questions regarding head and neck cancer?
	2023
	Turkey
	patient education
	diagnosis, treatment, recovery, complications, follow-up planning
	patients, clinicians
	head and neck cancer
	GPT-4
	Accessible via ChatGPT Plus (subscription web-based interface); English only; natural language responses; reproducibility tested; no multilingual support or citations; lacks explicit explainability.
	154 head and neck cancer-related questions from professional societies, institutions, patient support groups, and social media
	plain text answers
	- Accuracy of ChatGPT responses (rated on a scale)
- Reproducibility of ChatGPT responses
- Inter-rater agreement (kappa statistic)
- Proportions of each grade among responses
- Percentages for each category of response (as shown in the table)
	Accuracy categories defined above; Reproducibility = consistency between repeated answers; Cohen’s κ = inter-rater reliability statistic. 
	86.4% comprehensive/correct, 11% partially correct, 2.6% mixed, 0% completely inaccurate; reproducibility 94.1% overall (100% in prevention/basic knowledge, ~89% in diagnosis/treatment).
	Knowledge cutoff (Sept 2021); reliance on undisclosed training sources; limited number of questions; evaluation subjectivity; subscription limits may restrict access.
	supportive
	paid
	Proprietary

	[53]
	is information about musculoskeletal malignancies from large language models or web resources at a suitable reading level for patients?
	2025
	
	
	
	
	
	 
	
	
	
	
	
	
	
	
	
	

	[54]
	large language model (chatgpt) as a support tool for breast tumor board
	2023
	Israel
	decision support tool
	treatment selection, follow-up planning
	oncologists
	breast cancer
	ChatGPT-3.5
	Web-based chatbot; English input/output (some data translated from Hebrew); produced summaries, recommendations, and explanations; lacked explicit multilingual support or domain-specific fine-tuning
	clinical notes
	plain text recommendations
	- Alignment of ChatGPT's recommendations with tumor board decisions
- Grading scores for summarization
- Grading scores for recommendation
- Grading scores for explanation
	Graded by two senior radiologists (1–5 Likert scale) across three domains: summarization, recommendation, explanation.

Inter-rater reliability measured with Cohen’s weighted κ (kw)
	70% agreement with tumor board decisions; mean scores (Reviewer 1: summarization 4.6, recommendation 3.7, explanation 4.3; Reviewer 2: 4.3, 4.0, 4.3). Agreement was fair for summarization (κ=0.42), substantial for recommendations (κ=0.80), substantial for explanations (κ=0.65)
	Missed critical info (e.g., HER2 FISH results), excluded radiologist input, limited dataset (10 patients), risk of misinformation, knowledge cutoff, legal/ethical concerns (responsibility, liability), data security, potential bias from internet-based training data
	supportive
	Free/paid depending on ChatGPT access tier
	Proprietary

	[55]
	large language model answers medical questions about standard pathology reports
	2024
	China
	chatbot
	diagnosis, prognosis, follow-up planning
	Patients, gastroenterologists, pathologists
	Colorectal cancer
	ChatGPT-3.5 Turbo
	Interactive web-based PR interpretation system, llows image upload (JPG); OCR digitization; English/Chinese; text-based outputs; evaluated for readability, satisfaction, scientific adequacy
	Four common pathology questions (CQs) from public sources; six report questions (RQs) developed by clinicians; 5 colorectal cancer pathology reports from Shanghai Changzheng Hospital.
	plain text answers
	Quality indicators (understanding, scientificity, satisfaction) on 7-point Likert scale; Readability (Chinese text complexity: avg. characters per clause, proportion of verbs/conjunctions); Text similarity (Jaccard index); AI answer detection (sensitivity, specificity, PPV, NPV, accuracy); Mann–Whitney U tests for comparisons.
	Understanding = clarity of content; Scientificity = scientific adequacy; Satisfaction = user satisfaction; Readability score = text complexity (higher = more complex, lower readability); Jaccard = text similarity.
	For common questions (CQs): AI rated similar to non-AI (understanding 4.5–5.7 vs. 4.7–5.3); satisfaction higher in some items; text similarity low (AI vs. human <25%); For report questions (RQs): AI outperformed non-AI in RQ1–3 (e.g., stage interpretation, immunohistochemistry; AI satisfaction ~6.2–6.6 vs. 5.4–5.8); but underperformed in RQ4–6 (therapy, prognosis, follow-up); Readability: AI answers longer, more complex (lower readability, e.g., 18.1 vs. 29.7 for CQs, P=0.005); AI detection accuracy by gastroenterologists ~56.9% (low sensitivity/specificity).
	Lower performance on therapy/prognosis/follow-up; hallucination risks; readability lower; single-institution, small dataset; evaluation subjectivity.
	supportive
	free
	Proprietary

	[56]
	large language models as decision-making tools in oncology: comparing artificial intelligence suggestions and expert recommendations
	2025
	France
	decision support tool
	Treatmen selection
	Oncologists, radiotherapists, surgeons, pathologists, MDT members.
	Breast cancer, early stage
	Claude3-Opus, GPT4-Turbo, LLaMa3-70B
	Backend AI models tested via workflow automation (Make application); French-language support; text-based outputs; no explainability beyond compliance with guidelines.
	112 anonymized medical records
	Plain-text treatment recommendations
	- Rate of appropriate suggestions from LLMs compared to expert decisions
- F1 score for each treatment category
- Specificity for each treatment category
	Recall = TP / (TP + FN).

Precision = TP / (TP + FP).

F1-score = harmonic mean of recall and precision.

Specificity = TN / (TN + FP).
	Appropriate suggestion rates: Claude3-Opus 86.6%, GPT-4 Turbo 85.7%, LLaMa3-70B 75.0%. F1-scores outstanding for endocrine/targeted therapy (1.0), excellent for chemo (~0.86–0.92) and RT (~0.83–0.94), lower for genomic test (0.72–0.93). All models failed surgery validation (specificity 0).
	Overestimation of RT; failure to critically evaluate surgery margins; under-recommendation of genomic tests; retrospective single-center design; no imaging data; risk of bias; need fine-tuning with specialized medical literature.
	supportive
	freemium
	Claude3 and GPT-4 Turbo proprietary; LLaMa3-70B open-source (Meta)

	[57]
	large language models for automated synoptic reports and resectability categorization in pancreatic cancer
	2024
	Canada
	decision support tool, information extractor
	diagnosis, surgical decision-making
	Radiologists, hepatopancreaticobiliary (HPB) surgeons, oncologists
	pancreatic cancer
	GPT-3.5 (gpt-35-turbo-0613) and GPT-4 (gpt-4-0613)
	Produces structured synoptic reports with 14 standardized features; provides NCCN-based resectability classification; text-based interface; no direct explainability but stepwise CoT reasoning improves accuracy.
	180 PDAC staging CT reports
	ynoptic structured report (14 key features: tumor size, vessel involvement, lymph nodes, metastases, etc.) + categorical resectability label (resectable, borderline, unresectable, metastatic).
	Recall, precision, F1-score for feature extraction; accuracy of resectability categorization; Likert scale for ease-of-use; efficiency (time to review reports)
	Recall = TP / (TP+FN).

Precision = TP / (TP+FP).

F1 = harmonic mean of recall and precision.

Accuracy = correct categorizations / total cases.

Likert scale = 1 (very easy) → 5 (very difficult).
	GPT-4 outperformed GPT-3.5 (F1: 0.997 vs 0.967); GPT-4 chain-of-thought accuracy for resectability 92%, vs in-context 83%, default 67%; surgeons more accurate with AI reports (83% vs 76%) and faster (58% time)
	Some misinterpretations (e.g., hepatic artery involvement); variability in original free-text reports; lack of external validation; risk of clinically significant errors; limited multistep reasoning without CoT
	supportive
	paid
	Proprietary

	[58]
	large language models to identify advance care planning in patients with advanced cancer
	2025
	
	
	
	
	
	 
	
	
	
	
	
	
	
	
	
	

	[59]
	large language models’ responses to liver cancer surveillance, diagnosis, and management questions: accuracy, reliability, readability
	2024
	USA
	chatbot, patient education
	diagnosis
	patients, physicians
	liver cancer
	ChatGPT, Gemini, and Bing
	Public-facing chat interfaces; plain-text responses; English only; no explainability, citations, or multilingual support; tested via free-access versions
	20 questions on liver cancer diagnosis and management
	plain-text answers
	Accuracy scored by 6 fellowship-trained physicians (−1 inaccurate, 0 inadequate, +1 accurate).

Reliability = all 3 responses to a question accurate.

Readability = Flesch Reading Ease Score (FRES), Flesch-Kincaid Grade Level (FKGL), word count.

One-way ANOVAs with Tukey’s tests for group comparisons
	FRES = 0 (very hard) to 100 (very easy).

FKGL = U.S. grade-level readability.

Accuracy = mean score >0; Reliability = all accurate
	Accuracy: Gemini ~60%, ChatGPT ~45%, Bing ~30; reliable subset smaller (e.g., 30% of ChatGPT’s accurate answers were reliable); readability too complex for general public
	Misinterpretation of LI-RADS categories (esp. US LI-RADS, LR-M, LR-5 biopsy recommendation errors); outdated training cutoffs; poor readability; risk of misinformation; small Q set; only free/basic versions tested
	critical
	free
	Proprietary

	[60]
	let's chat about cervical cancer: assessing the accuracy of chatgpt responses to cervical cancer questions
	2023
	USA
	chatbot, patient education
	diagnosis, treatment selection
	patients (women 18–44)
	cervical cancer
	ChatGPT-3.5
	Public-facing web interface; plain-text conversational answers; English only; no citations or explainability features; designed to simulate real patient queries
	64 curated questions (prevention, diagnosis, treatment, survivorship/QoL)
	plain-text answers
	- Accuracy of ChatGPT responses to questions about cervical cancer prevention
- Accuracy of ChatGPT responses to questions about cervical cancer diagnosis
- Accuracy of ChatGPT responses to questions about cervical cancer treatment
- Accuracy of ChatGPT responses to questions about cervical cancer survivorship/quality of life
	Proportion of responses in each accuracy category
	Overall: 53.1% score 1 (comprehensive & correct), 29.7% score 2, 15.6% score 3, 1.6% score 4.

Prevention: 91.7% correct (1 or 2).

Survivorship/QOL: 93.8% correct.

Diagnosis: 33.3% correct.

Treatment: 71.4% correct, with 1 completely incorrect (4).

39% of questions required adjudication by ≥3 reviewers.
	High inter-reviewer variability (39% of items); model version limited to v3.5; risk of misinformation in diagnosis/treatment answers; lack of personalization; occasional social bias; subjectivity of scoring system.
	mixed
	free
	Proprietary

	[61]
	leveraging large language models for decision support in personalized oncology
	2023
	Germany
	decision support 
	treatment selection
	Molecular tumor board (MTB) oncologists
	Advanced cancers (10 fictional patients, 7 tumor entities including lung adenocarcinoma; median 3.5 molecular alterations/patient)
	ChatGPT, Galactica, Perplexity, and BioMedLM
	Text-based conversational interfaces; some online (ChatGPT, Perplexity, Galactica), one local (BioMedLM); differences in openness, retrieval integration, training domain; provided treatment suggestions with references
	10 fictional cases of patients with advanced cancer and genetic alterations
	plain text recommendation
	- Precision
- Recall
- F1 score
- Recognizability
- Usefulness of recommendations
- Accuracy of provided references
	Precision = TP/(TP+FP).

Recall = TP/(TP+FN).

F1 = harmonic mean of precision & recall.

Recognizability = MTB rating (0 unlikely AI → 10 likely AI).
	Individual LLM F1 scores poor (0.04–0.19); combined LLM options improved (F1=0.29). At least one LLM suggestion per patient judged clinically useful; 2 unique LLM-only treatment strategies identified. MTB recognized AI suggestions easily (median 7.5 vs 2.0 for expert options). ChatGPT-3 hallucinated 27/85 trial IDs; Perplexity provided 34 valid NCT IDs
	Hallucinated references (esp. ChatGPT-3); lack of sufficient supporting evidence; variability across LLMs; instability with model updates; online-only tools pose data privacy and reproducibility concerns
	mixed
	ChatGPT and Perplexity free/paid web apps; BioMedLM open domain-specific; Galactica research model; access depends on platform
	ChatGPT and Perplexity proprietary; BioMedLM open biomedical-specific; Galactica research prototype (Meta)

	[62]
	leveraging large language models for high-quality lay summaries: efficacy of chatgpt-4 with custom prompts in a consecutive series of prostate cancer manuscripts
	2025
	multinational (Europe, North America, Asia, Australia)
	summarizer
	patient communication, dissemination, and education
	Patients, general public, non-expert readers, research participants
	prostate cancer
	ChatGPT-4
	Generates 1-paragraph plain-text summaries (≤150 words); extended prompt targeted 6th grade reading level (FKRE ≥30); English only; outputs evaluated for readability, comprehensiveness, word count adherence.
	Abstracts of 80 prostate cancer papers in Current Oncology (July 2022–June 2024)
	plain text summaries
	- Readability metrics: Flesch-Kincaid Reading Ease (FKRE), Flesch-Kincaid Grade Level (FKGL), Gunning Fog Score (GFS), Smog Index (SI), Coleman-Liau Index (CLI), Automated Readability Index (ARI)
- Content quality: 5-point Likert scale for alignment with abstract and keywords
	5-point Likert scale (1 = poor, 5 = excellent alignment with abstract/keywords).
	Extended prompt summaries had higher readability (FKRE 40.9 vs. 29.1, p<0.001); lower grade level (12.8 vs. 14.8, p<0.001); fewer “insufficient” summaries (13.8% vs. 52.5%, p<0.001). Both prompts achieved excellent comprehensiveness (median Likert = 5).
	Limitations of zero-shot prompting (variability in outputs); exclusive prostate cancer focus (limits generalizability); no comparison with human-written summaries; no iterative refinement across multiple runs; ethical considerations include data privacy, algorithmic bias, and need for human oversight
	supportive
	paid
	Proprietary

	[63]
	leveraging large language models for improved understanding of communications with patients with cancer in a call center setting: proof-of-concept study
	2024
	Seoul, Korea
	decision support tool
	follow-up planning
	Call center staff, oncology nurses, administrators, potentially oncologists relying on triaged information
	general cancer
	ChatGPT-4, LSTM, BERT
	Text-based classification; evaluated in Korean language setting; used refined category prompts; focused on few-shot learning without retraining; accessible via GPT-4 interface.
	430,355 telephone consultation sentences (2016–2020) from a cancer hospital call center; annotated into initial (17) and refined (9) categories.
	classification label
	- Accuracy of LSTM, BERT, and GPT-4 models in classifying patient intent
- Recall scores for each category (Treatment, Records, Routine, Rescheduling, Symptoms)
- Performance in handling ambiguous or uncertain queries
	Accuracy (overall correct classifications).

Recall per category.

Confusion matrices (initial vs refined categories).
	GPT-4 few-shot achieved 85.2% accuracy, outperforming LSTM (73.7%) and BERT (71.3%); recall for Records = 0.902, Routine = 0.899, Symptoms = 0.878
	Ambiguous/overlapping categories (Treatment vs Symptoms vs Rescheduling); reliance on consultant-written rather than verbatim patient transcripts; tokenization limitations for Korean; misclassification in nuanced cases (e.g., tape removal vs symptom vs routine).
	supportive
	paid
	Proprietary

	[64]
	leveraging large language models to generate clinical histories for oncologic imaging requisitions
	2025
	Canada
	decision support tool
	diagnosis, treatment selection
	Radiologists
	general cancer
	ChatGPT-4
	Backend text-extraction and summarization system; generated structured histories with 10 parameters (diagnosis, surgery, acute symptoms, therapy, tumor markers, etc.); English; no multilingual support; outputs longer and more detailed than physician requisitions.
	200 clinical notes from EHR of oncology patients (Jan–Nov 2023); reference standard established by radiology fellow and medical student with adjudication
	plain text
	- Recall
- Precision
- F1 score
- Completeness of LLM-generated and original requisition histories
- Radiologist preference for LLM-generated versus original requisition histories
- Subjective likelihood of harm
	ecall = TP/(TP+FN), Precision = TP/(TP+FP), F1 = harmonic mean; Completeness = % inclusion of each parameter; Preference = % of radiologists preferring LLM vs original.
	GPT-4 F1 overall = 0.983; more complete than requisitions for diagnosis (99.5% vs 89%), acute symptoms (15% vs 4%), prior surgery (61% vs 12%); radiologists preferred LLM histories (89% vs 5%), judged more complete (86% vs 0%), and less harmful (3% vs 55%).
	Missed occasional symptoms/surgery; false positives in inferred imaging reasons; junior vs senior radiologist preference differences; longer outputs may reduce conciseness; requires integration with IT; supervision needed.
	supportive
	paid
	Proprietary

	[65]
	lung cancer staging using chest ct and fdg pet/ct free-text reports: comparison among three chatgpt large language models and six human readers of varying experience
	2024
	Japan
	decision support tool
	diagnosis
	Radiologists, oncologists, tumor board clinicians
	Non-small cell lung cancer (NSCLC)
	ChatGPT-3.5, ChatGPT-4, ChatGPT-4.1
	Text-based interface; processed free-text radiology reports; no specific GUI; English language; explainability not emphasized, but outputs are structured TNM stage predictions.
	Free-text CT and FDG-PET/CT reports
	Classification labels
	Agreement with reference standard (Cohen’s κ, accuracy).

Comparisons across LLMs and human readers.
	Cohen’s κ = reliability of agreement beyond chance.

Accuracy = proportion of correct classifications.

Comparisons across LLMs and human readers = benchmarking performance levels between AI systems and humans.
	ChatGPT-4.1 achieved κ = 0.88 vs reference (almost perfect agreement), outperforming ChatGPT-3.5 (κ ≈ 0.65) and ChatGPT-4.0 (κ ≈ 0.82); also outperformed less experienced radiologists.
	Occasional errors in nuanced TNM details; lack of transparency in reasoning; reliance on text quality of original reports; no integration with imaging data.
	supportive
	paid ChatGPT models (3.5 free, GPT-4/4.1 paid tiers)
	Proprietary

	[66]
	multimodal large language models address clinical queries in laryngeal cancer surgery: a comparative evaluation of image interpretation across different models
	2025
	China
	decision support tool
	diagnosis, treatment selection
	Surgeons, radiologists, pathologists, oncologists
	laryngeal cancer
	- GPT-4o
- Claude 3.5 Sonnet
- Gemini 1.5 Pro
- LLaVA-Med
- InternVL
- HuatuoGPT-Vision
	Multimodal conversational AI; able to process X-rays, CT scans, laryngoscopy, and pathology images; interactive question–answering format; performance varied by modality (best on CT, weaker on X-ray).
	169 images from 50 patients, including X-rays, CT scans, laryngoscopy images, and pathology findings
	plain text answers
	Accuracy of responses (performance) of MLLMs in interpreting medical images for laryngeal cancer surgery
	correct response/total
	Claude 3.5 Sonnet achieved 79.43% accuracy, GPT-4o 76.85%, Gemini 67.53%, HuatuoGPT-Vision 60.52%, InternVL 58.39%, LLaVA-Med 41.14%. Highest accuracy was on CT scans (Claude 96.8%).
	Performance varied widely across modalities; weaker for X-ray and laryngoscopy; single-institution dataset; predefined questions may not reflect real-world clinical complexity.
	supportive
	Commercial models are paid/professional access; some open-source models available free.
	Claude 3.5, GPT-4o, Gemini = proprietary, LLaVA-Med, InternVL, HuatuoGPT-Vision = open-source.

	[67]
	navigating gynecological oncology with different versions of chatgpt: a transformative breakthrough or the next black box challenge?
	2025
	
	
	
	
	
	 
	
	
	
	
	
	
	
	
	
	

	[68]
	outcome prediction using multi-modal information: integrating large language model-extracted clinical information and image analysis
	2024
	USA
	decision support tool
	prognosis, outcome prediction
	oncologists
	bladder cancer
	Dolly-v2, Vicuna-v1.3-13b, Llama-2.0-13b, GPT-3.5, GPT-4.0
	AI-based prediction system; multimodal integration; designed for clinical decision-support, not direct patient interaction; explainability partially addressed through feature importance outputs.
	clinical reports and CTU scans from 781 bladder cancer patients collected from 2001 to 2020
	survival rate
	Accuracy, AUC
	AUC: Area Under Receiver Operating Characteristic
	Multimodal LLM significantly outperformed unimodal approaches, showing higher AUC (>0.85).
	Variability in report quality; generalizability across hospitals; interpretability of LLM predictions; reliance on retrospective data.
	supportive
	Research prototype; not a free-access tool.
	Research-use only prototype

	[69]
	patient- and clinician-based evaluation of large language models for patient education in prostate cancer radiotherapy
	2025
	Germany
	patient education
	treatment selection
	patients
	prostate cancer
	ChatGPT-4, ChatGPT-4o, Gemini, Copilot, Claude
	Text-based chatbot interface; accessible via commercial platforms; explainability limited; no multilingual evaluation.
	six questions about definitive radiotherapy for prostate cancer based on common patient inquiries
	plain text answers
	- Readability (Flesch Reading Ease Index)
- Clinician evaluations: relevance, correctness, completeness
- Patient evaluations: comprehensibility, accuracy, relevance, trustworthiness, overall informativeness
	Clinician evaluation (5 oncologists):

Relevance (Likert 1–5): Does the answer address the question appropriately?

Correctness (Likert 1–5): Accuracy of medical content.

Completeness (Likert 1–5): Whether the response contained all necessary information.

Patient evaluation (n=35 patients, ChatGPT-4 only):

Ease of understanding (agreement %): Was the information understandable?

Accuracy & relevance (agreement %): Did patients feel the responses were correct and relevant?

Confidence (agreement %): Did patients trust the information?

Usefulness (agreement %): Would they use LLMs for future questions?

Readability (Flesch Reading Ease Index): Quantifies text difficulty; higher scores = easier to read. Scores <50 = difficult; 60–70 = plain English.
	Clinician correctness 3.8–4.5/5; completeness ≈4/5 (Gemini 2.8); patients — 94% easy to understand, 89% accurate, 76% confident, 77% would reuse; readability poor (24–44).
	Low readability; occasional inaccuracies (e.g., brachytherapy marker details); possible patient misunderstanding without clinician supervision
	mixed
	Mix of free (ChatGPT-4o, free Gemini) and paid/subscription (ChatGPT-4, Claude, Copilot) models.
	Proprietary, commercial models only (no open-source)

	[70]
	patient education resources for oral mucositis: a google search and chatgpt analysis
	2025
	
	
	
	
	
	 
	
	
	
	
	
	
	
	
	
	

	[71]
	performance of chatgpt in providing patient information about upper tract urothelial carcinoma
	2024
	Poland
	chatbot, patient education
	diagnosis, treatment, prognosis.
	patients, clinicians
	upper tract urothelial carcinoma (UTUC)
	ChatGPT-3.5
	Text-based chatbot; plain-language interface; accessibility high, but no special adaptation (e.g., no multilingual support or explainability features).
	15 preselected patient questions (sourced from websites, forums, social media, and direct patient interviews).
	plain text answers
	- Adequate length
- Comprehensible language
- Precision in addressing the question
- Compliance with European Association of Urology guidelines
- Safety of the response for the patient
	Sixteen urologists rated responses on a 1–5 Likert scale across five criteria:

Adequate length – Was the answer sufficiently detailed?

Comprehensible language – Was it understandable for a lay patient?

Precision in addressing the question – Was it specific and accurate?

Compliance with EAU guidelines – Did it align with European Association of Urology standards?

Safety of the response – Did it avoid harmful or misleading advice?
	Overall mean score: 3.93/5.

By domain: General information highest (4.14), Treatment lowest (3.68).

By criterion: Comprehensible language (4.02), Safety (4.02), Adequate length (3.99), Compliance with EAU guidelines (3.89), Precision lowest (3.72).

Some responses scored as unsafe (1–2) for patient safety.
	Risk of misinformation (especially in treatment recommendations), variability in precision, some potentially unsafe outputs, outdated knowledge (last training cutoff Jan 2022).
	mixed
	free
	proprietary

	[72]
	performance of chatgpt-4 and bard chatbots in responding to common patient questions on prostate cancer 177lu-psma-617 therapy
	2024
	USA
	chatbot, patient education
	treatment selection
	patients, clinicians
	prostate cancer
	ChatGPT-4, Google Bard
	Text-based chatbot; accessible via web; plain text responses; no multilingual or explainability features evaluated.
	 12 common patient questions about 177 Lu-PSMA-617 therapy
	plain text answers
	- Accuracy
- Conciseness
- Readability
	Accuracy (4-point scale: 1=incorrect, 4=fully correct).

Conciseness (4-point scale: 1=very wordy, 4=as concise as possible while complete).

Readability (3-point scale: 1=hard to read, 3=simple lay language).

Statistical tests: Mann-Whitney U for nonparametric score comparisons, chi-square for incorrect answer rates.
	Accuracy: ChatGPT-4 scored higher than Bard (2.95 vs 2.73, p=0.03).

Conciseness: Comparable (3.14 vs 3.11, p=0.80).

Readability: Bard better than ChatGPT-4 (2.94 vs 2.79, p=0.003).

Incorrect/partially correct answers: ChatGPT-4 (16.6%) vs Bard (29.1%), p=0.04.
	Both chatbots generated some misinformation and potentially misleading answers; risk of hallucinations; accuracy limited by training cutoff (ChatGPT-4) or uncontrolled internet retrieval (Bard).
	mixed
	free
	propristary

	[73]
	performance of large language models on medical oncology examination questions
	2024
	multinational (involvement of ASCO and ESMO suggests American and European regions)
	decision support tool
	diagnosis, prognosis, treatment selection
	Oncology trainees, medical oncologists
	Multiple cancers across domains (breast, GI, GU, hematology, etc.)
	ChatGPT-3.5, ChatGPT-4
	Text-based, web/API accessible; generates both answers and explanatory rationales; no multilingual or explainability modules assessed beyond raw outputs.
	oncology multiple-choice questions
	Selected multiple-choice answer (A–D).

Text explanation of reasoning.
	- Accuracy of LLMs in answering medical oncology examination questions
- Safety of LLMs in terms of likelihood and extent of potential harm associated with incorrect answers
	Accuracy (% correct): % of exam questions answered correctly.

Error classification: Right/no error, right/minor error, wrong/minor error, wrong/major error.

Likelihood & extent of harm: Expert rating of harm if followed (mild/moderate/severe).

Error type analysis: Retrieval vs reasoning vs comprehension errors.

Concordance (κ statistic): Inter-rater agreement.
	ChatGPT-4: 85.0% correct (125/147).

ChatGPT-3.5: 60.5%; best open-source model: 59.2%.

93.9% of ChatGPT-4 explanations had no/minor errors.

81.8% of incorrect responses posed medium/high likelihood of moderate/severe harm.

κ = 83.4% (strong inter-rater agreement).
	Errors clustered where recent evidence (post-2019) was required. Safety risks from hallucinations and potentially harmful recommendations.
	mixed
	Mix of free (open-source) and paid (ChatGPT-4).
	Both open-source and proprietary models tested.

	[74]
	physician and artificial intelligence chatbot responses to cancer questions from social media
	2024
	Canada
	patient education/chatbot
	Patient education, counseling, and emotional support (empathy, quality, readability of answers)
	patients, oncologists
	General cancer
	ChatGPT-3.5, ChatGPT-4, Claude AI
	Web-based text chatbots; generated plain-text responses; no personalization; explainability not assessed; only English tested.
	200 patient questions about cancer from Reddit r/AskDocs (2018–2023).
	plain text answers
	Physician ratings;
Readability indices;
Cognitive load;
Statistical analysis.
	Physician ratings: quality, empathy, readability (Likert 1–5).

Readability indices: Flesch-Kincaid Grade Level (FKGL), Automated Readability Index (ARI), Gunning-Fog Index.

Cognitive load: mean dependency distance (syntactic complexity), lexical diversity.

Statistical analysis: ANOVA with Tukey test; Pearson correlations.
	Claude AI (chatbot 3) scored highest:

Quality: 3.56 vs physicians 3.00 (p<.001)

Empathy: 3.62 vs physicians 2.43 (p<.001)

Readability: 3.79 vs physicians 3.07 (p<.001)

FKGL: physicians = 10.1; GPT-3.5 = 12.3 (p<.001); GPT-4 = 11.3 (p=.01); Claude = 10.3 (not different).

Chatbot 3 responses were significantly longer (≈198 words vs 125 for physicians).
	Word count inconsistencies (Claude often exceeded limits).

Chatbots trained on dated public data, not peer-reviewed oncology guidelines.

Lack of patient raters (only oncologists assessed empathy).

Forum-based Q&A may not reflect real clinical interactions.
	supportive
	GPT-4 and Claude may require subscription; GPT-3.5 generally free at time of study.
	proprietary

	[75]
	physician assessment of chatgpt and bing answers to american cancer society's questions to ask about your cancer
	2024
	USA
	patient education, decision support tool
	treatment selection, prognosis
	patients, oncologists
	general cancers
	ChatGPT, Bing AI
	Text-based web/chat interfaces; Bing AI often included references; ChatGPT responses were narrative without sources.
	117 questions from the American Cancer Society's "Questions to Ask About Your Cancer" handout
	plain text answers
	DISCERN scores, Oridinal Shortcomings Scale, Statistical tests
	DISCERN Score: Validated scale for consumer health information quality (1 = low, 5 = high).

Ordinal Shortcomings Scale: Rated severity of shortcomings in responses (1 = serious, 3 = moderate, 5 = minimal).

Statistical tests: Paired t-tests and ANOVA for comparisons across cancer and question types.
	Overall mean shortcomings scores: ChatGPT 3.87 vs Bing 3.19 (p<.001).

Serious shortcomings: ChatGPT 3% vs Bing 15%.

By cancer type: ChatGPT outperformed Bing across all (Breast 4.07 vs 2.94; Colorectal 3.84 vs 2.97; Lung 3.66 vs 3.30; Prostate 3.94 vs 3.59).

By question type: ChatGPT superior in treatment and miscellaneous, no significant difference for prognosis.

DISCERN quality score: Bing higher (4.44) vs ChatGPT (4.13) due to referencing.
	Inconsistent inclusion of references (ChatGPT lacked citations).

Occasional misinformation and vague answers, especially on prognosis.

Limited external validation beyond ACS-derived questions.
	Mixed
	free
	Proprietary

	[76]
	pilot applications of gpt-4 in radiation oncology: summarizing patient symptom intake and targeted chatbot applications
	2024
	USA
	chatbot, summarizer
	treatment selection
	physicians
	radiation oncology across multiple cancer types
	ChatGPT-4
	Summarization: structured, text-based, physician-facing.

Chatbot: interactive, symptom classifier.

Both text-only, accessible via API integration.
	Summarization: Patient self-reported symptom intake questionnaires.

Chatbot: Patient-entered symptom descriptions compared against CTCAE grading criteria.
	plain text, classification labels 
	- Accuracy of the methods
- Likelihood of adoption
- Estimated time saved
- Accuracy of the chatbot in classifying CTCAE symptoms
	Accuracy (Symptom classification): Proportion of correctly identified CTCAE grades vs. reference standard.

F1 Score: Harmonic mean of precision and recall for classification (reported for extraction).

Physician Likert Ratings (1–10): Evaluated accuracy, adoption likelihood, and time efficiency.

Time saved (minutes): Physicians estimated clinical time saved per patient (~4 min).
	Summarization rated significantly more accurate (median 8.45 vs 6.00 for chatbot, p = .002).

Adoption likelihood higher for summarization (median 8.00 vs 4.00, p = .002).

Time saved: ~4 minutes (summarization 4.2, chatbot 4.1, no significant difference).

Chatbot accuracy: 100% at Grade 1 symptoms but <75% for Grades 2–4.
	Chatbot performance deteriorated at higher severity levels.

Risk of oversimplification or omission in summarization.

Small pilot dataset; not validated in live workflow.
	mixed
	paid
	proprietary

	[77]
	predicting health-related quality of life change using natural language processing in thyroid cancer
	2023
	USA
	information extractor, decision support tool
	prognosis
	oncologists
	low-risk thyroid cancer
	BERT, GPT-2, LIWC
	It is a backend NLP pipeline designed for research use, not a patient-facing chatbot.
	transcribed interviews from 100 patients undergoing surgical intervention for low-risk thyroid cancer
	classification label
	accuracy, AUC, F1, Precision, Recall
	Accuracy (percentage correct), AUC (discrimination ability), F1 (balance of precision and recall), Precision (positive predictive value), and Recall (sensitivity)
	BERT baseline accuracy 63.9%, AUC 69.7%. With GPT-2 augmentation, accuracy 70.1%, AUC 76.3%. With sequence pairing, accuracy 67.4%, AUC 71.2%.
	small dataset size, limited linguistic diversity, and modest predictive power. Clinical BERT underperformed because patient language was not highly medicalized.
	supportive
	free
	open-source

	[78]
	prediction of tumor board procedural recommendations using large language models
	2025
	Germany
	decision support 
	treatment selection
	oncologists
	head and neck cancer
	OpenAI's GPT-3.5-Turbo, GPT4o, Google's Gemma 7B, Meta AI's LLAMA 3 8B, Mistral's 7B
	Back-end research tool for generating structured procedural recommendations; evaluated through blinded expert review.
	329 anonymized records from the Otorhinolaryngology
	plain text recommendations
	- Treatment line congruence (percentage)
- Medical justifiability (percentage)
- Compliance with tumor board decision (percentage)
	Q1: congruence with tumor board treatment line,

Q2: medical justifiability,

Q3: match of curative modality (surgery vs radiochemotherapy),

Q4: full compliance with board decision (including treatment details).
Metrics: Proportions of correct predictions, Chi-squared tests with Bonferroni correction, Pearson correlation.
	Treatment line congruence up to 86%, medically justifiable recommendations up to 98%, full compliance up to 57.6% (Mistral 7B fine-tuned with QLoRA). GPT-4o with 10 prompts reached 97.9% medical justifiability
	hallucination, parroting of prompts, incomplete guideline alignment, dataset limitations, and variation between models.
	supportive
	open-source models (Gemma, LLAMA, Mistral) are free; GPT-3.5 and GPT-4o are paid APIs.
	Both open-source and proprietary (commercial) models were tested.

	[79]
	preliminary experiments on interpretable chatgpt-assisted diagnosis for breast ultrasound radiologists
	2024
	China
	decision support 
	diagnosis, treatment selection
	Radiologists
	Breast cancer
	ChatGPT-3.5
	Text-based interface producing structured reports. Includes explainability via chain-of-thought visualization. Accessible for radiologists. Tested for report clarity, organization, and interpretability
	breast ultrasound reports
	plain text, classification label
	- Structure and organization (S&O)
- Professional terminology and expression (PTE)
- BI-RADS classification
- Malignancy diagnosis (MD)
- Treatment recommendations (TR)
- Clarity and comprehensibility (C&C)
- Likelihood of being written by a physician (LWBP)
- Ultrasound doctor AI acceptance (UDAIA)
- Overall evaluation (OE)
- Cohen kappa coefficient for BI-RADS Classification
- Proportion of reports perceived as being written by a physician
	Structure & Organization (S&O): Measures clarity and logical structure of reports.

Professional Terminology & Expression (PTE): Assesses correct medical vocabulary use.

BI-RADS classification: Accuracy in assigning BI-RADS scores for breast lesions.

Malignancy Diagnosis (MD): Accuracy in distinguishing malignant vs. benign lesions.

Treatment Recommendations (TR): Appropriateness of suggested management steps.

Clarity & Comprehensibility (C&C): Readability and understandability of reports.

Likelihood of being written by physician (LWBP): Assesses human-likeness of report style.

Ultrasound Doctor AI Acceptance (UDAIA): Radiologist acceptance of AI-generated reports.

Overall Evaluation (OE): Aggregate score across all criteria.
	ChatGPT-3.5 scored high in structure, terminology, treatment recommendations, and clarity (mean ~4/5). Lower scores for BI-RADS accuracy, malignancy diagnosis, and acceptance. Cohen’s kappa showed substantial agreement (0.68) with physicians. Turing test showed AI reports were often indistinguishable from human reports. Reproducibility tests confirmed consistent outputs. Errors included misclassification, inconsistencies, and overdiagnosis
	misdiagnoses, inconsistencies between BI-RADS and recommendations, overdiagnosis in benign cases, lack of direct image analysis, and limited handling of long or complex reports
	supportive
	free
	proprietary

	[80]
	probing clarity: ai-generated simplified breast imaging reports for enhanced patient comprehension powered by chatgpt-4o
	2024
	Italy
	summarizer, information extractor, patient education
	follow-up planning
	Radiologists, patients
	Breast cancer
	ChatGPT-4o
	It is a text-based interface producing simplified, patient-friendly reports. Outputs emphasize clarity, accuracy, and risk communication.
	21 anonymized breast radiology reports (7 mammography, 7 ultrasound, 7 MRI)
	plain text
	- Factual accuracy
- Completeness
- Potential harm
- Comprehension of simplified reports by non-healthcare readers
	Factual Accuracy: degree of alignment with original report.

Completeness: inclusion of essential information.

Potential Harm: risk of misleading patients.

Comprehension: clarity for lay readers.
	High factual accuracy and completeness (median = 2, where 1 = excellent). Harm potential low (median = 5). Lay readers reported high comprehension (median = 1–2). Reliability confirmed (α > 0.80).
	LLM simplifications were less reliable for BI-RADS 3–6, where diagnostic uncertainty and risk communication are complex.
	supportive
	paid
	propristary

	[81]
	progression-free survival prediction performance of chatgpt: analysis with real life data in early and locally advanced prostate cancer
	2025
	Turkey
	decision support 
	prognosis
	oncologists, urologists, and clinical researchers
	prostate cancer, early stage
	ChatGPT-4o
	Functions as a text-based predictive assistant, not yet integrated into EHR systems; predictions were generated retrospectively.
	Clinical parameters from 111 prostate cancer patients, including PSA levels, Gleason score, tumor stage,
	numerical PFS time estimates (months) for each patient
	PFS duration (progression-free survival time); Bias; Cohen's d
	Progression-Free Survival (PFS): Time from diagnosis/treatment to progression. Bias (Bland-Altman): Mean difference between predicted and actual PFS.

Cohen’s d: Effect size measure for clinical relevance.
	Actual median PFS = 95.2 months; ChatGPT-4o predicted median PFS = 120.0 months. Discrepancy = 9.19 months (p = 0.048). Bias value = 48.57. Effect size small (Cohen’s d = 0.189), indicating limited clinical impact despite statistical significance.
	Model overestimated PFS, showed systematic bias, and lacked integration of all relevant prognostic variables. Small dataset limited robustness.
	supportive
	paid
	proprietary

	[82]
	proof-of-concept study of a small language model chatbot for breast cancer decision support – a transparent, source-controlled, explainable and data-secure approach
	2024
	Germany
	chatbot, decision support
	diagnosis, treatment selection
	oncologists
	Breast cancer
	BC-SLM
	Chatbot interface, explainable outputs, transparent and source-controlled, strong emphasis on data security.
	20 fictional patient profiles representing the full spectrum of breast carcinoma subtypes
	plain text recommendations
	usability, transparency, and explainability.
	Transparency: Degree to which decision pathways are traceable.

Explainability: Ability to justify outputs in human-understandable terms.

Data security: Compliance with privacy and secure data-handling standards.
	Demonstrated feasibility of a small, domain-specific, explainable chatbot for secure breast cancer decision support.
	scalability, ensuring medical accuracy, integrating into clinical workflow, and balancing explainability with performance.
	supportive
	free
	open-source

	[83]
	provision of radiology reports simplified with large language models to patients with cancer: impact on patient satisfaction
	2025
	
	
	
	
	
	 
	
	
	
	
	
	
	
	
	
	

	[84]
	quality of chatgpt-generated therapy recommendations for breast cancer treatment in gynecology
	2024
	Germany
	decision support 
	treatment selection
	oncologists
	Breast cancer
	ChatGPT-3.5
	Text-based chatbot interface, producing structured treatment suggestions without explainability features or sequencing logic.
	30 consecutive breast cancer cases
	plain text recommendations
	Four gynecologic oncologists rated outputs using a 5-point scale
	1 = correct without limitations, 5 = completely wrong
	Correct recommendations: surgery (90%), radiotherapy (90%), chemotherapy (70%), endocrine therapy (66.7%), HER2 therapy (10%). HER2 therapy rated most accurate. Relapse cases showed lower accuracy, especially for chemotherapy.
	Errors included recommending surgery for already-operated patients, lack of chronological sequencing, and inconsistent medication details.
	mixed
	free
	proprietary

	[85]
	quality of information and appropriateness of open ai outputs for prostate cancer: clinical
	2025
	Europe
	decision support 
	diagnosis, treatment selection, follow-up planning
	clinicians
	prostate cancer
	ChatGPT
	Text-based chatbot interface. Provides guideline-like responses but without explainability or context sequencing.
	195 questions related to prostate cancer
	plain text answers
	- Accuracy scores of Chat-GPT's responses (completely correct, correct but inadequate, a mix of correct and misleading, completely incorrect)
- Performance across different chapters (classification, diagnosis, treatment, follow-up, QoL)
- Performance based on strength of recommendations (strong vs. weak)
	Two urologists rated responses on a 4-point scale, third reviewer resolved disagreements.

Scale definition: 1 = completely correct, 2 = correct but inadequate, 3 = partly correct/misleading, 4 = completely incorrect.
	26% completely correct, 26% correct but inadequate, 24% partly correct, 24% incorrect. Diagnostic/follow-up better than treatment.
	Frequent errors in treatment recommendations, incomplete responses, misleading content, no contextual sequencing.
	critical
	free
	proprietary

	[86]
	quality of information on wilms tumor from artificial intelligence chatbots: what are your patients and their families reading?
	2025
	Australia
	chatbot, decision support
	diagnosis, prognosis, treatment selection
	patients
	Wilms tumors
	ChatGPT version 3.5, Perplexity, Chat Sonic, Bing AI
	Conversational, text-based chatbots. Provide general health explanations, sometimes with citations. Lacked personalization, sequencing, or targeted readability features.
	Top 10 Google Trends search queries about Wilms tumor (2004–2024) and Cancer Research UK Wilms tumor webpage headings.
	plain text answers
	DISCERN and PEMAT scores for understandability and actionability.
	DISCERN score (1–5): Quality of health info; 
PEMAT-P Understandability (0–100%)
PEMAT-P Actionability (0–100%)
Flesch-Kincaid Readability score;
Misinformation (Likert 1–5);
Word count
	DISCERN score (1–5): Quality of health info. Median 4 (IQR 3–5).

PEMAT-P Understandability (0–100%): Median 83% (75–91.2).

PEMAT-P Actionability (0–100%): Median 40% (40–65).

Flesch-Kincaid Readability score: Median 46.7 (IQR 41.1–52.2).

Misinformation (Likert 1–5): Median 1 (IQR 1–1).

Word count: Median 275 (156–322).
	Readability often too advanced for pediatric audiences. Actionability low due to lack of step-by-step guidance. Responses not tailored to individual cases.
	supportive
	free
	proprietary

	[87]
	quality of information provided by artificial intelligence chatbots surrounding the reconstructive surgery for head and neck cancer: a comparative analysis between chatgpt4 and claude2
	2025
	Italy
	decision support 
	diagnosis, treatment selection
	patients, surgeons
	head and neck cancer
	ChatGPT4, Claude2
	Text-based Q&A format. ChatGPT produced simpler and longer sentences; Claude2 generated shorter, more complex sentences with more source citations.
	30 questions related to reconstructive surgery for head and neck cancer
	plain text answers
	- Accuracy
- Clarity
- Relevance
- Completeness
- Sources
- Usefulness
	Sixteen surgeons assessed responses with the QAMAI questionnaire on accuracy, clarity, relevance, completeness, sources, and usefulness (5-point Likert).
Readability measured with Flesch-Kincaid Grade Level (FKGL).
Statistical tests: paired t-test and McNemar test.
	Overall scores similar between models.

Claude2 outperformed in sources (111.0 vs 92.1, p < 0.001).

ChatGPT4 outperformed in accuracy (p = 0.003) and completeness (p = 0.002) for surgeon-level questions.

ChatGPT4 had lower FKGL (4.57 vs 6.05, p < 0.001), making it easier to read.
	Many evaluators disagreed with chatbot accuracy and completeness. Claude2 sometimes underperformed for surgeon-level content. Both lacked reliability as substitutes for medical advice.
	mixed
	ChatGPT-4 (paid/Plus version tested); Claude2 (open release, free at testing).
	proprietary

	[88]
	quality of large language model responses to radiation oncology patient care questions
	2024
	USA
	decision support, patient education
	treatment selection
	patients
	multiple cancers
	ChatGPT-3.5
	Text-based chatbot interface generating narrative responses. Assessed for factual accuracy, completeness, conciseness, and readability; lacked medical disclaimers and patient-level customization beyond prompt phrasing.
	29 general radiation oncology questions, 45 treatment modality-specific questions and 41 cancer subsite-specific questions
	plain text
	- Relative correctness
- Relative completeness
- Relative conciseness
- Potential harm
- Cosine similarity scores
- Readability scores
- Word count
- Lexicon
- Syllable counts
	radiation oncologists + 3 radiation physicists rated responses on correctness, completeness, conciseness, and harm using a 5-point Likert scale.
	Accuracy: LLM same or better in 94% of cases.

Completeness: LLM same or better in 77%.

Conciseness: LLM same or better in 91%.

Only 2 responses flagged for potential harm (e.g., omitting discomfort from SRS headframe).
	Higher reading level than recommended for patient education.

Missed key procedural details (e.g., SRS headframe placement).

Completeness weaker for complex modalities (Gamma Knife, SRS, SBRT) and certain cancer subsites (lung, esophageal, thyroid).

Lack of personalization unless explicitly prompted.
	supportive
	free
	proprietary

	[89]
	readability analysis of chatgpt's responses on lung cancer
	2024
	Turkey
	decision support
	diagnosis, treatment selection, prognosis
	patients
	cell lung cancer
	ChatGPT-3.5 Turbo
	Text-based chatbot interface producing narrative explanations. No built-in personalization, explainability, or adaptation to user literacy level
	A set of 80 lung cancer-related questions sourced from Medscape (definition, etiology, risk factors, diagnosis, treatment, prognosis). Each question was posed 10 times, generating 800 responses
	Generated textual answers, ranging in length from short (33 words) to long (250 words), with structured explanations of clinical concepts
	Nine readability formulas applied: Flesch Reading Ease, Flesch-Kincaid Grade Level, Gunning FOG, SMOG Index, Automated Readability Index, Coleman-Liau Index, Linsear Write, Dale-Chall, and Spache.
	Flesch Reading Ease: Rates text from 0–100, with higher scores meaning easier readability, based on sentence length and syllables per word.

Flesch-Kincaid Grade Level: Converts readability into a U.S. school grade level, estimating the years of education needed to understand the text.

Gunning Fog Index: Estimates the education level required by accounting for sentence length and the percentage of complex words.

SMOG Index: Calculates grade level by counting polysyllabic words, often applied in health communication materials.

Automated Readability Index (ARI): Uses characters per word and words per sentence to provide a grade-level score.

Coleman-Liau Index: Outputs a grade level based on average characters and sentences per 100 words, avoiding syllable counts.

Linsear Write Formula: Designed for the U.S. Air Force, it measures readability by distinguishing between easy and difficult words.

Dale-Chall Formula: Compares words against a list of 3,000 familiar words, penalizing texts with many unfamiliar terms.

Spache Formula: Tailored for children’s texts, it assesses readability using unfamiliar words and sentence length.
	Mean Flesch Reading Ease = 40.5 ± 9.8 (difficult to read).

Mean Flesch-Kincaid Grade Level = 12.6 ± 1.7 (college-level).

SMOG Index = 14.6 ± 1.5 (advanced).
Results indicate overall college-level readability
	Responses were often too complex for the average patient, with readability scores suggesting they are understandable mainly by university graduates. This poses risks of misinterpretation or misunderstanding by general users
	critical
	paid
	proprietary

	[90]
	readability and information quality in cancer information from a free vs paid chatbot
	2024
	USA
	chatbot, patient education
	diagnosis 
	patients
	breast, lung, prostate, colorectal, and skin cancers
	ChatGPT-3.5, ChatGPT-4
	Text-based chatbot with free vs paid tiers; prompting improves readability. Paid version provided more readable responses without prompting.
	Top 25 Google Trends cancer-related queries (Jan 2021–Jan 2023).
	plain text answers
	- Readability (measured by Flesch Reading Ease scores)
- Information quality (assessed by the DISCERN instrument)
	Readability: Flesch Reading Ease and Flesch-Kincaid Grade Level.

Quality: DISCERN instrument (1 = low, 5 = high).

Interrater agreement assessed with intraclass correlation.
	Free version (nonprompted): median Flesch Reading Ease 52.60, grade level 11.6.

Paid version (nonprompted): median 62.48, grade level 10.4.

Prompted free version: 71.55, grade level 9.5.

Prompted paid version: 75.64, grade level 8.4.

DISCERN scores were similar across versions (median 3.6–3.8).
	Both versions produced responses above the recommended sixth-grade reading level. Lack of source citation and incomplete discussion of risks/benefits reduced quality. Prompting occasionally led to misinterpretations (e.g., addressing a child audience).
	supportive
	free, paid
	proprietary

	[91]
	reliability and readability evaluation of chatbots responses as a patient information resource for the most common pet/ct scans; [evaluación de la fiabilidad y legibilidad de las respuestas de los chatbots como recurso de información al paciente para las exploraciones pet-tc más comunes]
	2025
	
	
	
	
	
	 
	
	
	
	
	
	
	
	
	
	

	[92]
	reliability of artificial intelligence chatbot responses to frequently asked questions in breast surgical oncology
	2024
	USA
	patient education
	dianosis, treatment selection
	patients, clinicians
	breast cancer
	ChatGPT-3.5
	Text-based chatbot providing plain-language responses; acknowledged limitations, refrained from giving medical advice.
	nine questions related to breast cancer surgery
	plain text answers
	- Reliability score of ChatGPT's responses
- Accuracy score of ChatGPT's responses
- Comprehensiveness score of ChatGPT's responses
- PEMAT evaluation results
	Accuracy: 5-point Likert (1 = very poor, 5 = very good).

Comprehensiveness/reliability: Patient Education Materials Assessment Tool (PEMAT).
	Mean accuracy: 4.25/5.

Mean reliability: 3.98/5.

Comprehensiveness: 4/5.

Highest-rated: surgical biopsy question (4.75/5).

Lowest-rated: bilateral mastectomy rationale (3.0/5).

PEMAT: unanimous agreement on understandability and actionability.
	Minor inaccuracies noted, though nonharmful; lack of bibliographic references; concerns about AI hallucinations in citations.
	supportive
	free
	proprietary

	[93]
	reliability of large language models for advanced head and neck malignancies management: a comparison between chatgpt 4 and gemini advanced
	2024
	Europe
	decision making tool
	diagnosis, treatment selection
	Multidisciplinary tumor boards, oncologists, and head and neck specialists.
	Advanced epithelial malignancies of the oral cavity, larynx, oropharynx, nasopharynx, and salivary glands.
	ChatGPT-4 (OpenAI) and Gemini Advanced (Google)
	Text-based responses simulating oncologist reasoning; provided structured treatment options but with variability in surgical and induction chemotherapy recommendations.
	Five hypothetical but realistic clinical vignettes describing history, pathology, staging, imaging, and treatment context.
	plain text recommendations
	Total Disagreement Score (TDS); QAMAI  (Quality Assessment of Medical AI)
	Total Disagreement Score (TDS): 0 (full agreement) to 12 (full disagreement).

QAMAI (Quality Assessment of Medical AI): Accuracy, clarity, relevance, completeness, sources, usefulness (1–5 Likert scale).
	ChatGPT-4 median AIPI/QAMAI = 3 [2–4]; Gemini median = 2 [2–3].

ChatGPT-4 showed stronger adherence to guidelines; Gemini was more variable.
	Inconsistent recommendations for induction chemotherapy; omission of neck dissection in laryngeal SCC; lack of reliable references; variability in subsites performance.
	supportive
	paid
	proprietary

	[94]
	retrieval augmented therapy suggestion for molecular tumor boards: algorithmic development and validation study
	2025
	Germany
	decision support
	treatment selection
	clinicians, oncologists
	diverse cancer types
	Llama-2-7b-chat
	A RAG pipeline integrating PubMed via LlamaIndex. Produces structured outputs with recommendation, justification, and references. Includes stochastic outputs (two per query). Requires clinician supervision.
	Patient-level data from MTB reports: cancer diagnosis + genetic mutations (limited to OncoKB levels 1–3). Historical MTB cases used for evaluation.
	plain text recommendations
	- Accuracy of LLM responses (presence of cancer type, gene mutation, ground truth protocol)
- Relevance and correctness of LLM responses as assessed by MTB members
	Human clinician evaluation of relevance, accuracy, and plausibility.

Reference classification (PubMed, hallucination, inferred, non-PubMed).

Accuracy scored on 0–4 scale (keyword present, protocol cited, mutation matched, cancer type matched).
	76% references PubMed, 17% hallucinations; accuracy varied (25% treatment name, 82.5% cancer type). Clinician queries yielded more accurate and relevant outputs (63% equal or alternative plausible vs 48% for automated).
	Persistent hallucinations (17% of references), irrelevant citations, reliance on LLM memory over retrieved evidence, narrow scope of inputs (only OncoKB levels 1–3), reproducibility issues, and lack of integration of broader biomarkers.
	mixed
	free
	open-source

	[95]
	retrospective comparative analysis of prostate cancer in-basket messages: responses from closed-domain large language models versus clinical teams
	2025
	USA
	decision support
	diagnosis, treatment selection
	nurses, clinicians
	prostate cancer
	RadOnc-GPT
	Text-based retrieval-augmented chatbot integrated with EHR, generating empathetic and lay-friendly responses; cannot perform meta-tasks like scheduling or prescriptions .
	158 in-basket message interactions from 90 patients with nonmetastatic prostate cancer
	plain text answers
	- Completeness
- Correctness
- Clarity
- Empathy
- Editing time
- Estimated time to respond
- Extensive editing required
- Total score
- Time saved by using RadOnc-GPT
	Human grading by 5 clinicians and 4 nurses across completeness, correctness, clarity, empathy, and editing time.
	RadOnc-GPT matched clinicians in correctness, completeness, and clarity, slightly better in empathy, and reduced drafting time (savings: ~5.2 min/nurse, ~2.4 min/clinician per message). Human care teams provided more nuanced, context-specific responses .
	Limitations included lack of contextual nuance, insufficient domain-specific knowledge, hallucinations, and inability to perform meta-tasks such as updating EHR or referrals .
	supportive
	paid
	proprietary

	[96]
	risk stratification of thyroid nodules: assessing the suitability of chatgpt for text-based analysis
	2024
	Germany
	decision support
	diagnosis 
	Radiologists, endocrinologists, surgeons
	thyroid nodules
	ChatGPT-3.5
	Text-based chatbot evaluation of sonographic descriptors, producing TI-RADS classifications and management suggestions.
	 50 anonymized clinical reports and associated risk assessments for thyroid nodules
	TI-RADS category assignment (1–5) and follow-up/surgery/biopsy recommendations in textual format.
	- Sensitivity
- Specificity
- Accuracy
- Positive Predictive Value (PPV)
- Negative Predictive Value (NPV)
- Agreement rate between ChatGPT and examiner-based evaluation
- Recommendations made by ChatGPT (follow-up, surgery, biopsy)
- Overall accuracy of ChatGPT's recommendations
	Sensitivity: The proportion of true positive cases correctly identified by the model (ability to detect those who truly have the condition).

Specificity: The proportion of true negative cases correctly identified (ability to rule out those who do not have the condition).

Accuracy: The overall proportion of correct predictions (both true positives and true negatives) out of all cases evaluated.

Positive Predictive Value (PPV): The probability that subjects classified as positive truly have the condition (precision of positive predictions).

Negative Predictive Value (NPV): The probability that subjects classified as negative truly do not have the condition (precision of negative predictions).

Agreement rate between ChatGPT and examiner-based evaluation: The percentage of cases in which ChatGPT’s outputs match the evaluations of human examiners.

Recommendations made by ChatGPT (follow-up, surgery, biopsy): The clinical management suggestions provided by ChatGPT, such as whether a patient should undergo follow-up, surgery, or biopsy.

Overall accuracy of ChatGPT's recommendations: The proportion of ChatGPT’s recommendations that align with the correct or expert-determined clinical decisions.
	Agreement with examiner-based TI-RADS: 42%.

Sensitivity: 86.7%.

Specificity: 10.7%.

Accuracy: 68%.

Interrater reliability: Cohen’s kappa = 0.686.

Compared against histology and expert TI-RADS assessments.
	Low specificity with frequent false positives; vague or dual category outputs (e.g., “TI-RADS 4 or 5”); inconsistent recommendations; overestimation of biopsy need.
	mixed
	free
	proprietary

	[97]
	suitability of chatgpt as a source of patient information for screening mammography
	2025
	Australia
	patient education, decision support tool
	treatment selection
	patients
	breast cancer
	ChatGPT-3.5, ChatGPT-4
	Text-based chatbot interface; outputs compared for clarity, accuracy, and adherence to educational standards; provides accessible explanations for lay users.
	Thirty queries covering screening eligibility, process, risks, and follow-up were asked; compared against BreastScreen NSW patient information sheets.
	plain text answers
	PEMAT, Readability, Comparison to gold-standard materials
	PEMAT (Patient Education Materials Assessment Tool): Understandability and actionability.

Readability: Flesch-Kincaid Grade Level.

Comparison to gold-standard materials from BreastScreen NSW.
	Both models produced generally understandable content; ChatGPT-4 responses were rated higher in clarity and actionability; readability was acceptable.
	ChatGPT occasionally omitted key details, gave generic advice, and lacked consistency in addressing risks/benefits; references were not reliable.
	supportive
	ChatGPT-3.5 (free) and ChatGPT-4 (paid).
	proprietary

	[98]
	testing and validation of a custom retrained large language model for the supportive care of hn patients with external knowledge base
	2024
	USA
	decision support
	diagnosis, treatment selection
	patients
	head and neck cancer
	ChatGPT-4
	Custom-trained chatbot deployed via Gradio interface, using vector embeddings and retrieval from external curated database with controlled generation settings.
	150 patient inquiries and physician/nurse responses from Epic EMR (90 patients) plus authoritative guidelines (ASCO, ACS, NCCN).
	plain text answers
	- Accuracy
- Clarity
- Completeness
- Relevance
	Three board-certified radiation oncologists rated 20 queries on accuracy, clarity, completeness, and relevance (5-point Likert).
	Auto-evaluation using GPT-4 benchmarked against EMR answers. Mean scores: accuracy 4.25, clarity 4.35, completeness 4.22, relevance 4.32.
	Real patient questions were more complex, yielding lower scores than AI-generated ones. Some subjective bias existed between evaluators. Limited scope of knowledge base might not generalize to all patient cases.                                                                                                                                                                                                   
	supportive
	paid
	proprietary

	[99]
	the consistency and quality of chatgpt responses compared to clinical guidelines for ovarian cancer: a delphi approach
	2024
	Italy
	decision support
	diagnosis, treatment selection, follow-up planning
	oncologists, gynecologists, and multidisciplinary tumor boards.
	Ovarian Cancer
	ChatGPT-3.5, ChatGPT-4
	Text-based AI responses evaluated for clinical relevance; comparison benchmark was expert-developed AIOM guidelines.
	Eight standardized ovarian cancer clinical questions drawn from AIOM guidelines.
	plain text recommendation
	- Clarity of recommendations
- Relevance of the evidence presented
- Comprehensiveness of the information
- Applicability in clinical practice
- Quality of the recommendations
	Fourteen physicians (7 oncologists, 7 gynecologists) evaluated responses via Delphi method. Criteria: clarity, consistency, comprehensiveness, usability, and quality. Metrics: 5-point Likert scale + GRADE methodology.
	Statistical tests: one-way ANOVA (F = 21.66, p < 0.00001), Tukey post hoc analysis. Results: AIOM guidelines significantly outperformed ChatGPT models; ChatGPT-3.5 mean clarity 1.23 vs guidelines 4.28; prompted ChatGPT-4 improved (3.31) but still lower. No significant difference between ChatGPT-3.5 and ChatGPT-4.
	ChatGPT responses lacked depth, completeness, and alignment with guidelines. Even structured prompts did not eliminate inconsistency. AI models failed to reliably integrate evidence quality or nuanced recommendations.
	critical
	ChatGPT-3.5 (free) and ChatGPT-4 (paid) both tested.
	proprietary

	[100]
	the diagnostic ability of gpt-3.5 and gpt-4.0 in surgery: comparative analysis
	2024
	China
	decision support
	diagnosis
	Oncologists, surgeons
	colon cancer
	ChatGPT-3.5, ChatGPT-4
	Text-based chatbot outputs; non-explainable reasoning; no interface beyond text entry; no multilingual support beyond manual translation.
	316 case reports for intestinal cancer
	plain text recommendations
	- Accuracy of primary diagnoses
- Accuracy of secondary diagnoses
	Primary diagnostic accuracy = proportion of correct first diagnosis; Secondary diagnostic accuracy = proportion of correct diagnoses appearing in any model output.
	GPT-4.0 achieved higher accuracy (primary 61.5%, secondary 82.2%) than GPT-3.5 (primary 56.3%, secondary 77.6%). GPT-4.0 showed fewer gross errors and better consistency across domains.
	Translation from Mandarin to English risked information loss; models showed errors in rare conditions and complex multi-factorial cases; lack of reasoning transparency.
	supportive
	GPT-3.5 free; GPT-4.0 paid subscription at time of study.
	proprietary

	[101]
	the doc versus the bot: a pilot study to assess the quality and accuracy of physician and chatbot responses to clinical questions in gynecologic oncology
	2024
	USA
	chatbot
	treatment selection
	Oncologists, healthcare providers
	gynecologic oncology
	ChatGPT, Bard
	Text-based outputs, chatbot-generated medical answers, compared against physician responses; no explainability or references included.
	 ten clinical questions about the knowledge and management of gynecologic cancers
	plain text answers
	- Quality of responses (measured using a 5-point Likert scale)
- Accuracy of responses
	Three blinded gynecologic oncology experts rated responses on a 5-point Likert scale for quality and assessed accuracy.
	Physicians scored highest (mean 4.2/5.0) compared to ChatGPT (3.0/5.0) and Bard (2.8/5.0). Accuracy rates: physicians 86.7%, ChatGPT 60%, Bard 43%. Physicians judged “best” in 76.7% of evaluations, ChatGPT in 10%, Bard in 13.3%.
	Chatbots frequently produced inaccurate or misleading information (e.g., inappropriate use of PET-CT, surgical guidance errors). Lack of citations and up-to-date clinical references.
	critical
	free
	proprietary

	[102]
	the emerging role of large language models in improving prostate cancer literacy
	2024
	Romania
	patient education
	diagnosis, treatment selection
	patients
	prostate cancer
	ChatGPT-3.5, CoPilot, Gemini
	Chatbot-based, text-only interfaces producing narrative responses without structured references or explainability layers.
	25 questions about prostate cancer validated by clinical experts
	plain text answers
	- Accuracy
- Timeliness
- Comprehensiveness
- Ease of use
	Accuracy: correctness of medical facts.

Comprehensiveness: completeness of coverage.

Timeliness: up-to-date information.

Ease of understanding: readability for patients.
	Statistical analysis used linear mixed-effects models. ChatGPT scored highest in accuracy and comprehensiveness; CoPilot highest in timeliness; Gemini highest in ease of use.
	Subjectivity of expert scoring, limited evaluator diversity, and evolving nature of LLM updates.
	supportive
	ChatGPT-3.5 free version; CoPilot and Gemini available in proprietary forms (no subscription details provided).
	proprietary

	[103]
	the extent to which artificial intelligence can help fulfill metastatic breast cancer patient healthcare needs: a mixed-methods study
	2025
	Canada
	chatbot, patient education
	diagnosis, treatment selection
	patients
	Metastatic Breast Cancer
	Convolutional Neural Network (CNN)
	Mobile chatbot interface, mixed AI-human content curation, emphasis on explainability and patient-friendly delivery.
	- Educational Content Dataset: Over 100 credible online resources annotated using a CNN.
- Web Resources Dataset: Approximately 70 online resources and web links curated by the PM hospital.
- E-learning Classes Dataset: Data from over 1300 users of UHN e-learning classes.
- Patient Survey Dataset: Surveys using PAM, IES-R, and FACT-B tools.
- Focus Group Dataset: Qualitative data from focus groups.
- Demographic Dataset: Participant demographic information.
	Textual responses with links to trusted educational resources.
	 Patient satisfaction, information quality, fulfillment of informational needs.
	
Reliability assessed via completion rate and thematic analysis.
	Quantitative: Pre–post surveys (n=36 completers).

Qualitative: Focus groups (n=10).
	Patients desired personalization, occasional lack of depth in responses, limited ability to address nuanced or emotional needs.
	supportive
	Prototype research tool, not a public free/paid product.
	Proprietary hybrid system (LLM plus curated institutional content).

	[104]
	the in-depth comparative analysis of four large language ai models for risk assessment and information retrieval from multi-modality prostate cancer work-up reports
	2024
	Taiwan
	decision support
	diagnosis, treatment selection
	urologists, oncologists, tumor board members
	Multi-Modality Prostate Cancer
	ChatGPT-4-turbo, Claude-3-opus, Gemini-Pro-1.0, ChatGPT-3.5-turbo
	Text-based interface via API; evaluated under single-round, repeated queries, and ensemble voting strategies. Outputs structured risk and staging predictions
	simulated text reports from 350 stage IV prostate cancer patients, including bone scans, CT scans, MRI scans, and pathology reports
	classification label
	- Accuracy
- Sensitivity
- Specificity
- Positive Predictive Value (PPV)
- Negative Predictive Value (NPV)
- F1-score
	Accuracy: The proportion of all cases that are correctly classified, including both positives and negatives.

Sensitivity (Recall, True Positive Rate): The ability of a test or model to correctly identify individuals who actually have the condition.

Specificity (True Negative Rate): The ability of a test or model to correctly identify individuals who do not have the condition.

Positive Predictive Value (PPV, Precision): The likelihood that individuals identified as positive truly have the condition.

Negative Predictive Value (NPV): The likelihood that individuals identified as negative truly do not have the condition.

F1-score: A balanced measure that combines precision and recall, useful when evaluating performance with both false positives and false negatives.
	Ensemble voting improved reliability. ChatGPT-4-turbo achieved highest RA accuracy (90.1–91.6%) and consistency, while ChatGPT-3.5 was lowest
	Models sometimes misinterpreted ambiguous imaging language, struggled with multiclass bone metastasis counts, and showed variable RA accuracy. Risk of false positives and inconsistencies across modalities
	supportive
	ChatGPT-3.5 free at the time, others (ChatGPT-4, Claude, Gemini) paid models
	proprietary

	[105]
	the interaction of structured data using openehr and large language models for clinical decision support in prostate cancer
	2025
	Switzerland
	decision support
	treatment selection
	urologists and MDT members
	prostate cancer
	ChatGPT-4, Claude-3-Opus
	System integrated unstructured clinical data into structured formats using openEHR. Text-only outputs limited to treatment recommendations without additional explanations. No sequencing or reasoning transparency provided.
	clinical data from 171 consecutive patients with newly diagnosed prostate cancer, including structured data such as PSA levels, patient characteristics, treatment recommendations, and senior consultant comments
	plain text recommendations
	- Consensus rate between LLMs and MDT recommendations
- Discrepancies between LLM and MDT recommendations
	Compared LLM recommendations to MDT decisions.

Consensus rate calculated as percentage of LLM outputs matching MDT.

Statistical tests: Fisher’s exact test.
	Both LLMs achieved 93% consensus with MDT. Discrepancies in 15/171 cases (9%). In 5 cases (3%), LLM recommendations deviated from guidelines despite correct inputs.
	Discrepancies caused by missing patient-specific information (e.g., preferences, latest pathology), outdated inputs, and occasional guideline misapplication. Lack of explainability and context-sensitive integration identified as limitations.
	supportive
	free
	proprietary

	[106]
	the performance of large language model-powered chatbots compared to oncology physicians on colorectal cancer queries
	2024
	China
	chatbot
	diagnosis, treatment selection
	oncologists
	 colorectal cancer 
	ChatGPT-3.5, ChatGPT-4, ChatGPT-4 Turbo, Doctor GPT, Llama-2-70B, Mixtral-8x7B, Bard, Claude 2.1
	Text-based chatbot interactions, with direct “yes/no” or guideline-consistent answers. Models differ in training origin: Doctor GPT specialized, others general-purpose.
	150 standardized, guideline-based clinical questions covering six domains of CRC care. Each question was posed three times to chatbots; also answered by nine physicians (residents, fellows, attendings).
	Binary guideline-consistency scoring (1 = consistent, 0 = inconsistent), aggregated across responses.
	- Accuracy of responses
- Scores based on consistency with guidelines
	number of correct answers out of 150 questions; Consistency of answers with guidelines (scored as 1 or 0)
	Claude 2.1 highest (82.7%), Doctor GPT (80.5%), ChatGPT-4 Turbo (78.4%), ChatGPT-4 (78%). ChatGPT-3.5 (64.9%) and Llama-2-70B (61.8%) lowest. Claude 2.1 outperformed attendings; Doctor GPT outperformed fellows; Mixtral, GPT-4, and GPT-4 Turbo outperformed residents.
	Chatbots sometimes gave overconfident but inaccurate answers.

Hallucinations persisted despite guideline-based questioning.

Small physician comparison group.

Close-ended format may not fully capture real clinical complexity.
	supportive
	free-access models (ChatGPT-3.5, Bard) and paid/professional versions (ChatGPT-4, GPT-4 Turbo, Claude 2.1, Doctor GPT).
	Combination: proprietary (OpenAI ChatGPT, Anthropic Claude, Google Bard) and open-source (Llama-2, Mixtral-8x7B via HuggingFace).

	[107]
	the potential impact of large language models on doctor–patient communication: a case study in prostate cancer
	2024
	Romania
	chatbot, decision support
	diagnosis
	patients, doctors
	prostate cancer
	ChatGPT, Gemini, Co-Pilot
	Text-based LLMs evaluated for accuracy, timeliness, comprehensiveness, and user-friendliness in patient-facing communication.
	Official Romanian Patient's Guide on prostate cancer; A set of 25 inquiries related to prostate cancer
	plain text answers
	Accuracy, Timeliness, Comprehensiveness, Friendliness
	Eight urology specialists independently rated 100 responses (LLMs + Guide) on accuracy, timeliness, comprehensiveness, and user-friendliness (1–5 Likert scale).
	ANOVA showed significant differences across tools and criteria.

MANOVA confirmed multivariate effects.

ICC: individual raters low (0.24–0.29), aggregated ratings high (0.91–0.93).

ChatGPT scored highest overall (accuracy 4.13, timeliness 4.15, comprehensiveness 4.08, friendliness 4.30).
	LLMs risk introducing miscommunication, cultural bias, oversimplification, and overreliance. The Guide itself showed variability. Trust and empathy remain concerns.
	mixed
	ChatGPT 3.5 (free version at time), Gemini Pro (paid), Co-Pilot free tested.
	proprietary

	[108]
	the role of generative language systems in increasing patient awareness of colon cancer screening
	2024
	Europe, USA
	decision support, patient education
	diagnosis
	patients
	colon cancer
	ChatGPT
	Chatbot-style interface, designed for accessible health communication. Emphasis on explainability, readability, and educational value.
	Patient questions and public health–oriented queries related to colon cancer screening guidelines and procedures.
	plain text answers
	- Accuracy
- Completeness
- Comprehensibility
- Trustability
	- Accuracy (rated by experts and non-experts on a scale of 1 to 6)
- Completeness (rated by experts and non-experts on a scale of 1 to 3)
- Comprehensibility (rated by experts and non-experts on a scale of 1 to 3)
- Completeness (rated by patients as yes/no)
- Comprehensibility (rated by patients as yes/no)
- Trustability (rated by patients as yes/no)
	Responses generally rated accurate and understandable; FKRE scores placed outputs in the “fairly easy” range, suitable for patient audiences.
	Occasional lack of source citations, potential oversimplification, and risk of patients misinterpreting chatbot outputs without medical oversight.
	supportive
	free
	proprietary

	[109]
	the use of chatbots in head and neck mucosal malignancy treatment recommendations
	2024
	USA
	chatbot, decision support
	treatment selection
	patients, physicians
	head and neck cancer
	ChatGPT-3.5
	Text-based chatbot interface generating TNM staging and treatment recommendations aligned with NCCN 2021 guidelines.
	 40 clinical vignettes with unique disease descriptions
	plain text answers
	- Correctness of TNM staging
- Correctness of recommended treatment according to NCCN guidelines
- Completeness of surgery recommendation
- Presence of unnecessary treatment recommendations
	Correctness of TNM staging: Evaluates whether the classification of tumor size (T), lymph node involvement (N), and metastasis (M) is accurate compared to the clinical or pathological gold standard.

Correctness of recommended treatment according to NCCN guidelines: Assesses whether the treatment plan suggested aligns with the evidence-based standards outlined in the National Comprehensive Cancer Network (NCCN) guidelines.

Completeness of surgery recommendation: Measures whether surgical recommendations include all essential details, such as type of surgery, extent, and relevant follow-up considerations, without omissions.

Presence of unnecessary treatment recommendations: Identifies whether the suggested treatment plan includes interventions that are not clinically indicated, excessive, or outside established best-practice guidelines.
	Correct first-line treatment: 95%.

Incorrect staging: 55%.

Incomplete surgery (omitting neck dissection): 50%.

Unnecessary treatments (e.g., immunotherapy for early tumors): 40%.
Fleiss κ showed substantial agreement on staging and surgery completeness but low agreement on first-line treatment.
	Frequent errors in TNM staging, omission of neck dissection, extraneous recommendations, and lack of specificity in multidisciplinary care suggestions.
	supportive
	free
	proprietary

	[110]
	the utility of artificial intelligence platforms for patient-generated questions in mohs micrographic surgery: a multi-national, blinded expert panel evaluation
	2024
	multinational (United States, Europe, South America)
	patient education
	treatment selection
	patients
	skin cancer
	ChatGPT-3.5, Bard, Google's search engine
	Text-based responses generated by LLMs and search engine. Evaluated for appropriateness, accuracy, sufficiency, and readability.
	10 most commonly queried patient questions about Mohs micrographic surgery extracted from Google
	plain text answers
	- Appropriateness of LLM responses as patient-facing informational platforms
- Accuracy of the content generated by LLMs
- Sufficiency of LLM responses for clinical practice
- Comprehensibility of LLM responses (measured by FRES and Flesch-Kincaid scores)
	15 MMS surgeons reviewed responses.

Metrics: appropriateness (yes/no), accuracy (1–5 scale), sufficiency for clinical use.

Readability: FRES and Flesch-Kincaid grade.
	92% responses appropriate, 75% mostly accurate or higher, but only 33% sufficient for clinical practice. Mean Flesch-Kincaid = ~10th grade.
	Responses often too complex for patient readability. Accuracy varied; some details misleading. Interrater variability was high.
	critical
	free
	proprietary

	[111]
	the utility of the chatgpt artificial intelligence tool for patient education and enquiry in robotic radical prostatectomy
	2023
	UK
	patient education
	treatment selection
	patients
	prostate cancer
	ChatGPT-3.5
	Text-based chatbot interface providing complication risk estimates and explanatory narratives. Does not include built-in explainability or source referencing mechanisms.
	14 questions related to complications of robotic-assisted radical prostatectomy
	plain text answers
	Two consultant urologists performed global assessments of accuracy and patient relevance.
	- Accuracy of ChatGPT's quoted figures compared to BAUS information leaflet
- Relevance and applicability of ChatGPT's responses to patient inquiries
	Concordance with BAUS data: 11/14 responses (78.6%).

Overall accuracy and pertinence: 13/14 responses (92.9%).
	Key issues included misrepresentation of infertility risks and overestimation of recurrence-related additional treatments. Highlighted risks of misinformation despite generally high accuracy.
	mixed
	free
	proprietary

	[112]
	to trust or not to trust: evaluating the reliability and safety of ai responses to laryngeal cancer queries
	2024
	Poland
	patient education, decision support tool
	diagnosis, treatment selection, prognosis, follow-up planning
	patients
	laryngeal cancer
	ChatGPT 3.5, ChatGPT 4.0, Bard
	Text-based chatbot interface generating narrative answers without citations or embedded medical validation.
	A questionnaire with 36 questions about laryngeal cancer
	plain text answers
	Expert clinicians assessed responses using Likert scales for accuracy, safety, reliability, comprehensiveness, and readability. Safety evaluation focused on potentially harmful misinformation.
	- Safety scores (ranging from 1 to 3)
- Quality scores (based on a five-point Likert scale)
	ChatGPT responses were often clear and readable but sometimes incomplete or lacking in accuracy, with occasional safety concerns.
	Challenges include hallucinations, lack of citations, occasional misleading information, and inability to tailor responses to individual clinical contexts.
	critical
	free
	proprietary

	[113]
	translating radiology reports into plain language using chatgpt and gpt-4 with prompt learning: results, limitations, and potential
	2023
	USA
	summarizer, information extractor, patient education, decision support tool
	follow-up planning
	patients, healthcare providers
	lung cancer
	ChatGPT-3.5, ChatGPT-4
	Text-based interface, patient-friendly translations, explainability through simplification, variability in responses, improved with optimized prompts
	radiology reports from 62 chest CT and 76 brain MRI scans
	plain text
	- Overall score
- Completeness
- Correctness
- Number of places with missing information
- Number of places with incorrect information
- Percentage of specific suggestions
- Percentage of inappropriate suggestions
	Overall score: Radiologists’ quality rating (1 = worst, 5 = best).

Information missing: Average instances of omitted details.

Incorrect information: Average instances of misinterpretation.

Readability (Flesch-Kincaid): Simplicity and grade-level of language.
	Overall score (5-point scale; mean = 4.27).

Information missing (0.08 per report).

Incorrect information (0.07 per report).

Readability (plain-language clarity, word count reduction).

Comparisons with GPT-4 showed higher accuracy and completeness
	Randomness and variability in responses, occasional oversimplification, omission of findings (e.g., nodules), inconsistency in format
	supportive
	ChatGPT (free/public version at the time) and GPT-4 (subscription-based)
	proprietary

	[114]
	unleashing the power of ai: assessing the reliability of chatgpt in disseminating breast cancer awareness
	2024
	USA
	decision support
	diagnosis, treatment selection
	patients
	Breast cancer
	ChatGPT
	Conversational text-based chatbot; interactive Q&A with broad-scope responses. No visuals or structured clinical outputs.
	nine breast cancer questions
	plain text answers
	- Perceived usefulness of ChatGPT in disseminating breast cancer information
- Perceived ease of use of ChatGPT
- Accuracy and comprehensiveness of breast cancer information provided by ChatGPT
	Checklist used to evaluate completeness, alignment, and gaps.
	Qualitative comparative analysis against CDC responses. Truth tables coded four themes: definition, prevention, diagnostics, therapeutics.
	ChatGPT omitted some risk factors and symptoms, missed staging details, lacked visuals and hyperlinks, and showed evolving/inconsistent answers.
	supportive
	free
	proprietary

	[115]
	urological cancers and chatgpt: assessing the quality of information and possible risks for patients
	2024
	Europe
	decision support
	diagnosis, treatment selection
	patients
	Urological Cancer
	ChatGPT-4
	Text-based chatbot generating free-form answers; no structured explanation features.
	Two sets of questions: FAQs collected from websites/forums (patient-facing) and EAU guideline-derived questions (expert-level).
	plain text answers
	Global Quality Score (GQS)
	Responses rated by uro-oncologists using the Global Quality Score (GQS, 1–5 scale)
	FAQ responses achieved higher mean GQS (≈4/5) compared with guideline-based (≈3/5). Minor inaccuracies were present but generally not harmful.
	AI sometimes gave incomplete, outdated, or overgeneralized answers. Lack of citations limited transparency.
	supportive
	paid
	proprietary

	[116]
	use of artificial intelligence chatbots in clinical management of immune-related adverse events
	2024
	USA
	decision suppport tool
	diagnosis
	oncologists
	general cancer
	ChatGPT-4, Bard
	Text-based chatbot systems answering open-ended clinical questions. No explainability or sequencing logic, but guideline-referenced structured answers.
	50 questions related to irAEs
	plain text answers
	Accuracy and Completeness of chatbot answers
	Eight physician raters scored responses for accuracy and completeness on a 1–4 Likert scale. Interrater reliability assessed via Kendall’s coefficient. Statistical comparisons used Wilcoxon signed-rank and binomial proportion tests.
	ChatGPT mean scores: Accuracy 3.87, Completeness 3.83.

Bard mean scores: Accuracy 3.5, Completeness 3.46.

Ratings of “completely inaccurate/incomplete” were rare (0.75% for ChatGPT vs 11.5% for Bard).

In 20 patient scenarios, ChatGPT accuracy mean = 3.73, completeness mean = 3.61.
	Some questions did not universally receive top ratings, reflecting possible limitations in nuance. Chatbots occasionally omitted minor details, and guideline adherence was not always perfect.
	supportive
	GPT-4 (paid subscription version) and Bard (free)
	proprietary

	[117]
	use of artificial intelligence chatbots in interpretation of pathology reports
	2024
	USA
	chatbot, summarizer
	diagnosis 
	patients
	general cancer
	Bard, ChatGPT-4
	Chatbots with text-based interfaces simplified reports, highlighted diagnostic category, and indicated tumor stage. They reduced reading level and increased readability, but sometimes introduced hallucinations
	1134 pathology reports
	plain text
	- Improved mean readability scores (Flesch-Kincaid grade level and Flesch Reading Ease)
- Medically accurate interpretation (correctness of simplified reports)
	Readability metrics: Flesch-Kincaid Grade Level (FKGL) and Flesch Reading Ease (FRE).

Medical accuracy evaluation: Reports categorized as medically correct, partially correct, or incorrect by three pathologists.

Error tracking: Frequency of hallucinations recorded.

Statistical methods: Paired and independent t-tests comparing readability scores; accuracy percentages reported
	GPT-4: 97.44% correct, 2.12% partially correct, 0.44% incorrect; hallucinations in 0.26% reports.

Bard: 87.57% correct, 8.99% partially correct, 3.44% incorrect; hallucinations in 2.82% reports.

Readability improved: FKGL reduced from 13.19 to 7.45 (GPT-4) and 8.17 (Bard); FRE increased from 10.32 to 70.8 (GPT-4) and 61.32 (Bard)
	Challenges included occasional major errors (e.g., misclassifying pNx as pN0), hallucinations, and variability in accuracy across organ systems. Risk of misleading outputs if unchecked by clinicians
	mixed
	Bard (free) and GPT-4 (paid version)
	proprietary

	[118]
	use of large language models as clinical decision support tools for management pancreatic adenocarcinoma using national comprehensive cancer network guidelines
	2025
	USA
	decision support tool
	treatment selection, follow-up planning
	clinicians
	pancreatic ductal adenocarcinoma (PDAC)
	ChatGPT-3.5, Microsoft Copilot
	Text-based chatbots generating verbose narrative outputs; Copilot includes internet-sourced references, while ChatGPT relies on pretraining data. No structured decision trees or explainability features.
	26 prompts derived from NCCN 2024 guidelines for PDAC, covering work-up, treatment, and surveillance.
	plain text answers
	Accuracy, consistency, and verbosity
	Responses graded on a 1–4 ordinal scale using the CLEAR (complete, accurate, evidence-based, appropriate, relevant) framework.
	42% of all responses were completely correct.

ChatGPT accuracy higher than Copilot (3.33 ± 0.86 vs 3.02 ± 0.87, p = 0.04).

ChatGPT: 52% correct, 35% missing info, 14% inaccurate.

Copilot: 33% correct, 42% missing info, 25% inaccurate.

Responses ~270 words vs clinician answers ~32 words (p < .001).
	Frequent missing or inaccurate information, high verbosity, limited guideline concordance, and inconsistent responses across sessions. Copilot tended to cite sources but was less accurate.
	critical
	free
	proprietary

	[119]
	using chatgpt to evaluate cancer myths and misconceptions: artificial intelligence and cancer information
	2023
	USA
	decision support tool, patient education
	diagnosis 
	patients
	General cancer
	ChatGPT (December 15, 2022 version)
	Chat-based, plain text answers, comparable readability to NCI answers, sometimes hedging or uncertain language. No explainability or interactive features
	13 questions about common cancer myths and misconceptions
	plain text answers
	Accuracy assessed by 5 expert reviewers (binary yes/no).

Agreement measured using Fleiss’ kappa.

Readability assessed with Flesch-Kincaid Grade Level (FKGL).

Word count compared.
	Accuracy: whether the information was factually correct.

Fleiss’ kappa: inter-rater reliability measure.

FKGL: readability score indicating grade level needed to understand text.

Word count: descriptive measure of response length.
	NCI answers 100% accurate; ChatGPT 96.9% accurate. FKGL showed both were higher than ideal for health literacy audiences. Word count and readability largely comparable
	ChatGPT sometimes used hedging/uncertain language that might risk misinterpretation. Potential lag in updates since training data ended before 2021
	supportive
	free
	proprietary

	[120]
	utility of artificial intelligence for decision making in thoracic multidisciplinary tumor boards
	2025
	Spain
	decision support
	treatment selection, follow-up planning
	oncologists
	non-small-cell lung cancer (NSCLC)
	ChatGPT-3.5 turbo
	Text-based AI interface using NLP to output single-option recommendations aligned with guideline-based decision making.
	Free-text summaries of patient medical history, diagnostic tests (CT, PET/CT), standard treatments, and TNM classification when available.
	plain text recommendations
	Concordance between AI recommendations and MTB decisions 
	Concordance between AI recommendations and MTB decisions (measured by Kappa coefficient)
	Overall concordance 76%, Kappa = 0.59, replicability up to 92.3% for surgery cases. Accuracy varied by decision type: surgery 92.3%, chemo+RT 71.6%, chemotherapy 95%, radiotherapy 80%, follow-up 80%.
	Discrepancies occurred when patient-specific factors (age, comorbidities, personal preferences) overrode guideline-based recommendations. Incomplete case summaries also caused errors.
	supportive
	freemium
	proprietary

	[121]
	vaxbot-hpv: a gpt-based chatbot for answering hpv vaccine-related questions
	2025
	USA
	chatbot, patient education
	treatment selection
	patients
	Focuses on HPV-related cancers, especially cervical cancer, but also anal, penile, vaginal, vulvar, and oropharyngeal cancers.
	ChatGPT-3.5, ChatGPT-4
	Domain-specific chatbot with knowledge base integration; answers dynamically with contextual explanations, mitigates hallucinations, and supports transparency.
	HPV vaccine knowledge base including biomedical literature, public health websites (CDC, NCI, Mayo Clinic, etc.), plus expert-validated FAQs.
	plain text answers
	answer relevancy, faithfulness
	Evaluated on answer relevancy and faithfulness using Ragas metrics.
	VaxBot-HPV relevancy 0.85 vs GPT-3.5 (0.80) and GPT-4 (0.83); faithfulness 0.97 vs GPT-3.5 (0.92) and GPT-4 (0.91).
	Performance depends on quality of knowledge base; limited dataset size; currently text-only; lacks user experience evaluation.
	supportive
	paid
	proprietary

	[122]
	will i soon be out of my job? quality and guideline conformity of chatgpt therapy suggestions to patient inquiries with gynecologic symptoms in a palliative setting
	2024
	Germany
	decision support
	treatment selection, follow-up planning
	patients
	gynecologic oncology
	GPT-3.5
	Freely available text-based chatbot generating overview-style therapy options; provides drug classes, integrative treatments, and general advice, but lacks personalization, sequencing, and prioritization.
	10 case vignettes representing common symptoms in gynecologic oncology patients in a palliative setting
	plain text
	General evaluation, guidance conformity, applicability 
	- General evaluation of the treatment proposal (Likert scale 5 = agree; 1 = disagree)
- Evidence of the treatment proposal (Likert scale 5 = present; 1 = not present)
- Applicability of the proposal (Likert scale 5 = completely applicable; 1 = not applicable at all)
	General evaluation (mean 4.1)

Guideline conformity (mean 4.0)

Applicability (mean 3.3)
	Context sensitivity limited; some critical therapies omitted (e.g., opioid antagonists, urgent interventions for ileus). Over-generalized recommendations, lack of individualized prioritization, and superficial applicability.
	supportive
	free
	proprietary

	[123]
	current strengths and weaknesses of chatgpt as a resource for radiation oncology patients and providers
	2024
	USA
	Patient-Facing Chatbot, Data Summarizer
	Shared decision-making, patient education
	Cancer patients and providers (radiation oncologists)
	Many types of cancer
	ChatGPT 3.5, ChatGPT 4
	1) Web-based, 2) English although tool is multilingual, 3) Direct answers, no explainability, 4) Not tailored for specific stakeholders
	Different questions generated using specific templates.
	Plain Text
	Method: Expert manual grading and statistical analysis in R.
	Expert manual grading (0: incorrect, 1: incomplete, 2: accurate & comprehensive)
	Only 39.7% of patient Qs scored 2. Only 35% of landmark trial summaries scored 2 (43.3% with full-text input). 50.6% of literature citations fabricated.
	Hallucinations, lack of citations, inability to distinguish nuanced clinical contexts.
	mixed
	Free ChatGPT 3.5, ChatGPT 4 paid subscription.
	Open-source, Commercial

	[124]
	decoding the nccn guidelines with ai: a comparative evaluation of chatgpt-4.0 and llama 2 in the management of thyroid carcinoma
	2025
	USA
	Clinical Decision Support System (CDSS)
	Diagnosis, Treatment Planning
	Oncologists
	Thyroid carcinoma (stage not specified)
	ChatGPT 4, Llama 2
	1) Web-based, 2) Not reported, 3) Direct answers, no explainability, 4) Not tailored for specific stakeholders
	Text clinical questions
	Plain Text
	Method: experiment with benchmarks using NCCN-derived questions).
Metrics: Correctness; Accuracy.
Stats: Mann-Whitney U-test (overall scores); logistic regression (Correctness/Accuracy).
	Scoring: 5 Correct; 4 Correct with missing info (needs up to 3 clarifications); 3 Correct but unable to complete; 2 Partially incorrect; 1 Absolutely incorrect.
	overall performance comparison (mann-whitney u-test): mean rank (chatgpt-4.0): 160.53; mean rank (llama 2): 174.47; p-value: 0.123
correctness (scores 3-5): chatgpt-4.0: 145/167 (86.8%); llama 2: 136/167 (81.4%)
accuracy (scores 4-5): chatgpt-4.0: 133/167 (79.6%); llama 2: 134/167 (80.2%)
logistic regression: 
correctness (3-5): odds ratio = 1.04; 95% ci = 0.61-1.77; p-value = 0.891
accuracy (4-5): odds ratio = 1.80; 95% ci = 0.37-1.21; p-value = 0.177
error rate: 13.2% - 18.6%
	risk of outdated information due to evolving model databases; training data transparency limits for Llama 2; dependence on a single guideline system ; subjectivity in human adjudication; need for prompt engineering/clarifying questions; possible overestimation of performance vs real-world users.
	Mixed.
	Paid subscription
	Open-source, Commercial

	[125]
	diagnosis in bytes: comparing the diagnostic accuracy of google and chatgpt 3.5 as an educational support tool
	2024
	Brazil
	Educational support tool (provides diagnostic suggestions for urological cases)
	Diagnosis
	Intended for medical education (learners and healthcare professionals using it as an educational support tool)
	Multiple urological cancers included among the 60 cases: prostate cancer, bladder cancer, kidney cancer, testicular cancer, penile cancer (stages not specified)
	ChatGPT 3.5
	1) Web-based, 2) Not reported (tool is multilingual), 3) Direct answers, no explainability, 4) Not tailored for specific stakeholders
	Text clinical vignettes describing patient presentations (60 cases)
	Plain Text
	Method: outputs blindly rated by three experts.
Metrics: counts / % of “correct”, “likely differential”, “incorrect”. chi-squared for proportions. Kappa for agreement or with 95 % CI.
	Categories explicitly defined as “correct diagnosis”, “likely differential diagnosis”, “incorrect diagnosis”
	Common cases: 26/30 (86.6 %) correct, 4/30 (13.3 %) likely, 0 % incorrect. Rare cases: 5/30 (16.6 %) correct, 15/30 (50 %) likely, 10/30 (33.3 %) incorrect. Overall: 50/60 (83.3 %) correct + likely.
	Lack of access to copyrighted private databases, hallucinations, unpredictability of responses, dataset constraints, and dependence on prompt phrasing.
	Supportive.
	Free
	Open-source, Commercial

	[126]
	diagnosis of malignancy in oropharyngeal confocal laser endomicroscopy using gpt 4.0 with vision
	2024
	Germany
	Clinical Decision‑Support System (image classifier)
	Diagnosis
	Surgeons and pathologists
	Oropharyngeal squamous cell carcinoma (OPSCC) (patients pT2-pT3, early loco‑regional surgery cohort)
	GPT‑4 with Vision (model version gpt‑4‑1106‑vision‑preview)
	1) Web-based/API, 2) Not specified (tool is multilingual), 3) Direct answers, no explainability, 4) Not tailored for specific stakeholders
	12809 images of Confocal Laser Endomicroscopy (CLE) images
	Binary classification label: sorting images into Group A (benign) or Group B (malignant)
	Method: prospective pilot, comparison to histology & human experts, three independent runs.
Metrics: Sensitivity, Specificity, Accuracy, PPV, NPV, Fleiss/Cohen K.
	K scale thresholds given (K 0-0.20 low, 0.81-1.0 almost perfect)
	GPT pooled: Sens 85.1 %, Spec 50.6 %, Acc 71.2 %, K 0.837
	Hallucinations, model version changes may hinder reproducibility, small sample size & curated images limit generalizability
	Mixed.
	paid subscription
	Open-source, Commercial

	[127]
	disparities in medical recommendations from ai-based chatbots across different countries/regions
	2024
	Multi-country: Indonesia, Nigeria, Taiwan, USA
	Clinical Decision Support System (CDSS), Patient‑facing chatbots providing treatment advice
	Treatment Planning, Shared Decision‑Making
	clinicians (gynecologic oncologists) and patients
	Endometrial cancer ("various clinical stages")
	Bard, Bing, ChatGPT 3.5
	1) Web based, 2) Not specified (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	Text patient vignettes derived from published case reports
	Plain Text
	Method: Double‑blind expert rating of chatbot replies
Metrics: Relevance, Clarity, Depth, Focus, Coherence, all converted to 0-100 scores.
Statistical analyses: Pearson & Spearman correlations, one‑way ANOVA + Scheffé, Chi‑square, multiple linear regression
	Relevance: how directly the reply addresses the question at hand. Clarity: ease of understanding and absence of ambiguity in the response. Depth: how much detailed, specific information the answer provides beyond surface level. Focus: whether the reply covers the key points that should be included. Coherence: whether the response is logically organised and internally consistent. 5‑point Likert: 1- very poor. 2-poor. 3-average. 4-good. 5-outstanding.
	Bard overall outperformed ChatGPT‑3.5 & Bing in all locations (p < 0.001). Bing (Nigeria) scored highest across all parameters (p < 0.001). Significant location‑based disparities confirmed by ANOVA and regression
	Location‑based disparities, potential for bias/inequality, risk of hallucinations/confabulations, and policy/regulatory hurdles
	Mixed.
	All Free
	Open-source, Commercial

	[128]
	do large language model chatbots perform better than established patient information resources in answering patient questions? a comparative study on melanoma
	2025
	Netherlands
	Patient‑Facing Chatbot
	Education, Communication Aid
	Melanoma patients
	Cutaneous melanoma, stages I-IV
	ChatGPT 3.5, ChatGPT 4, Bard
	1) Web based, 2) English (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	50 predefined patient questions entered as separate text prompts
	Plain Text
	Method: Cross‑sectional comparison of answers from LLM chatbots and Dutch patient‑information resources to melanoma questions at baseline with LLM answers repeated after 8 months. 
Metrics: medical accuracy, completeness, personalization, readability, reproducibility of LLM responses.
Stats: Differences within groups were analysed with Friedman’s ANOVA, best‑performing LLM vs gold‑standard leaflet with Wilcoxon signed‑rank.
	Accuracy: 6‑point scale, 1-completely incorrect, 2-more incorrect than correct, 3-equal parts, 4-more correct than incorrect, 5-nearly all correct, 6-correct. Completeness: 3‑point, 1-incomplete, 2-adequate, 3-comprehensive. Personalization: custom 3‑point, 1-limited/none, 2-moderate, 3-high (relevance to patient’s stage). Readability: Flesch-Kincaid grade level and SMOG index computed with a web tool. Reproducibility: similarity of two answer sets for the same question, expressed as percentage word‑overlap.
	Best LLM per metric (baseline): Accuracy - ChatGPT 3.5: 23/50 answers “correct” = 46 %. Completeness - Gemini: 46/50 “comprehensive” = 92 %. Personalization - Gemini: 29/50 “high” = 58 %. Readability - Gemini: median F‑K 12.5 (IQR 10.7-14.5) & SMOG 11.8 (10.6-13.3). Reproducibility - mean similarity of repeated Gemini answers 49.5 % (P < 0.001)
	lower accuracy, hallucinated references, and declining reproducibility as risks.
	Mixed.
	Free ChatGPT 3.5. Subscription ChatGPT 4.Free Gemini
	Open-source, Commercial

	[129]
	do people prefer ai-generated patient educational materials over traditional ones?
	2025
	USA
	Patient-Facing Chatbot
	Patient Education
	Patients and caregivers
	Colon Cancer
	ChatGPT 4, Bard
	1) Web based, Not reported (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	Text Prompts
	Plain Text
	Method: Cross-sectional preference survey
Metrics: Preference ranking (1st-4th); dominant preference (AI vs traditional); Chi-squared test.
	Ranking-based preference (1st choice = most preferred). Grouped as AI vs traditional PEMs.
	Most preferred: ACS 29%, ChatGPT 26%, Bard 23%, NCI 23%.
Dominant preference: AI 49% (17/35) vs Traditional 51% (18/35); chi-squared=0.056, p=0.866.
No significant difference.
	AI PEMs lacked graphics; limited to one topic; small convenience sample; limited statistical power; de-identification may bias preference.
	Mixed
	Subscription ChatGPT 4, Free Bard
	Open-source, Commercial

	[130]
	dr. gpt will see you now: the ability of large language model-linked chatbots to provide colorectal cancer screening recommendations
	2024
	Canada
	Patient‑Facing Chatbot, Clinical Decision Support System (CDSS)
	Screening
	clinitians and patients
	Colorectal cancer
	ChatGPT 3.5, Bing, Bard, Claude 2
	1) Web based, 2) Not specified (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	Text clinical scenarios derived from nine synthetic patient cases (age + family history)
	Plain Text
	Methods: Retrospective comparison of chatbot advice to four guideline sets (ACS, CCS, USPSTF, USMSTF).
Metric: counts and percentages of cases that aligned with each guideline, proportion of clinician‑vs‑patient answers that were discordant.
	Aligned = chatbot advice agreed with action endorsed by guideline. Discordant = clinician and patient versions gave opposing or inconsistent recommendations.
	USPSTF (clinician alignment): ChatGPT 3/4 (75 %), Bing 2/4 (50 %), Bard 3/4 (75 %), Claude 1/4 (25 %). USMSTF (clinician alignment): ChatGPT 7/9 (77.8 %), Bing 5/9 (55.6 %), Bard 6/9 (66.7 %), Claude 3/9 (33.3 %). Discordant clinician‑vs‑patient advice: 2/9 (22.2 %) ChatGPT, 3/9 (33.3 %) Bing, 2/9 (22.2 %) Bard, 3/9 (33.3 %) Claude.
	Inconsistent accuracy, guideline omission, location‑dependent results, lack of Canadian guideline citation, and reliance on unpaid GPT‑3.5 version
	Mixed .
	All free
	Open-source, Commercial

	[131]
	effectiveness of chatgpt 4.0 in telemedicine-based management of metastatic prostate carcinoma
	2024
	USA
	Clinical Decision Support System (CDSS)
	Treatment Planning, Triage
	Oncologists
	Metastatic prostate cancer
	ChatGPT 4
	1) Web based, 2) English (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	Prior consultation note, point‑of‑care laboratory results, and imaging findings (clinical notes + labs + imaging reports)
	Plain Text
	Methods: Single‑centre retrospective comparison.
Metrics: charting time, decision concordence, decision differences, mini-CEX score
	not reported
	K = 0.43, AUC = 0.730, chi-squared = 5.1, p = 0.02. Mini‑CEX median = 8, median diagnoses 5 vs 5, 41 mins time saving.
	AI cannot yet capture all clinical nuances and its accuracy depends on complete medical records.
	Mixed.
	Subscription
	Open-source, Commercial

	[132]
	effectiveness of the medical chatbot prosca to inform patients about prostate cancer: results of a randomized controlled trial
	2024
	Germany
	Patient-Facing Chatbot
	Screening, Diagnosis support, Treatment information, Patient Education
	Patients
	Prostate cancer
	SAP Conversational AI
	1) Web based, 2) German, 3) Direct answers (no explainability), 4) tailored for prostate cancer patients
	Text patient questions + navigation fields
	Plain text
	Methods: RCT (n=112; 59 chatbot, 53 control; analyzed n=103).
Metrics: 4-point Likert info need, usability/adoption, re-use willingness.
Analysis: t-test, chi-square.
	Primary: Change in patient information need.
Secondary: Usability, ease of use, re-use intent, recommendation.
	Information need decreased more in chatbot group (40.8% vs 26.5% control).
Increased less (16.7% vs 34.7%).
Significant benefit (p=0.035).
79.6% used PROSCA; 100% rated easy to use; 71.4% improved informedness; 90.7% would use again; 95.3% recommend for clinical use.
	small sample, single center, German-only, excluded low digital literacy, reliance on self-report, 4-week follow-up only.
	Supportive.
	Not specified
	Proprietary, commercial

	[133]
	efficacy and empathy of ai chatbots in answering frequently asked questions on oral oncology
	2025
	USA
	Patient-Facing Chatbot
	Education, Communication Aid
	Patients and caregivers
	Oral Cancer
	Bing, ChatGPT 3.5, ChatGPT 4, Bard, Claude
	1) Web based, 2) English (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	Text questions (20 oral-cancer FAQs) sourced from public health websites
	Plain text
	Metrics: Global Quality Score (GQS)
Clinical appropriateness
Readability
Empathy
Citation accuracy
Statistics: ANOVA with Tukey’s HSD (p<.05).
	Global Quality Score (GQS) on 5-point per response (quality/accuracy/comprehensiveness).
Clinical appropriateness (Yes/No: recommends seeing a healthcare professional).
Readability: Flesch-Kincaid Grade Level (FKGL) + Flesch Reading Ease (FRE).
Empathy: validated 5-point scale (not to very empathetic).
Citation accuracy: authenticity (real vs fake) and topical relevance.
	GQS (mean±SD): GPT-4 17.3±1.5 (highest), GPT-3.5 16.2±1.3, Claude 15.8±1.7, Bard 15.2±1.4, Bing 14.9±2.2 (lowest); overall differences significant.
Clinical appropriateness (/20): Bing 20/20, Bard 19/20, GPT-4 17/20, GPT-3.5 16/20, Claude 3/20.
Readability (FRE mean±SD): Bard 62±7 (easiest), GPT-4 45.8±10.8, Bing 43.8±11.5, Claude 36.7±13, GPT-3.5 35.9±9.3; FKGL shows Bard ( around grade 8-9) lowest, others at high-school/college levels.
Citation accuracy: >60% fake among Claude, Bing, GPT-3.5; Bing & Claude around 25%±10% answers lacked references; Bard around 45% true (but around 20% irrelevant); GPT-4 around 55% true (with around 30% unrelated).
Empathy: >=60% of all responses rated slightly empathetic or non-empathetic; highly empathetic responses most common with Bard (15%) and GPT-4 (10%); Bing and GPT-3.5 had none rated empathic/highly empathic.
	High rates of fabricated/irrelevant citations (esp. Claude, Bing, GPT-3.5); limited empathy; readability often above recommended patient level; need for human oversight and validation; concerns noted around privacy/data collection and model transparency for healthcare chatbots.
	Mixed
	Some free, some with paid subscriptions
	Open-source, Commercial

	[134]
	efficacy of chatgpt in educating patients and clinicians about skin toxicities associated with cancer treatment
	2024
	USA
	Patient-Facing Chatbot, Data Summarize
	Education, Communication Aid
	Oncologists, dermatologists, patients
	Multiple cancers
	ChatGPT 3.5
	1) Web based, 2) English (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	Text Question prompts
	Plain text
	Methods: Expert evaluation by three board-certified dermatologists of patient and oncologist Q&As
Metrics: Accuracy (1-5), Comprehensiveness (1-5), FRES (0-100), interrater reliability (Fleiss K).
	Not reported.
	Accuracy means 4.57 (patient) / 4.54 (oncologist); Comprehensiveness 4.43 / 4.37; FRES overall 41.9 (patient 47.5; oncologist 36.0); 72% (13/18) oncologist responses unanimously suitable for a patient-facing platform; overall Fleiss K = 0.227 (P<.001), 27.7% agreement.
	College-level readability limits patient use; occasional redundancy/irrelevance/minor inaccuracies; needs more evidence-based and up-to-date guidance; missed SJS risk with enfortumab (should be permanent discontinuation if suspected); privacy/bias/keeping current with guidelines; calls for refinement/monitoring.
	Mixed
	Free
	Open-source, Commercial

	[135]
	empowering patients: how accurate and readable are large language models in renal cancer education
	2024
	Saudi Arabia
	Patient-facing chatbot
	Education, Communication Aid
	Patients
	Renal Cancer
	ChatGPT 4, Gemini,
Perplexity AI
	1) Web based, 2) not specified (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	Text Question prompts
	Plain text
	Methods: Urologists rated accuracy on a 5-point Likert scale of readability via SMOG, GFI, FKGL; re-prompted to target grade-6; compared to AUA/EAU PEMs.
	Not reported.
	AUA PEM 9.84 ± 1.2 (most readable); EAU 11.88 ± 1.11; ChatGPT-4.0 11.03 ± 1.76; Gemini 10.83 ± 2.31; Perplexity 12.66 ± 1.83. Overall accuracy (lower=better): ChatGPT-4.0 = 1.5, Gemini = 1.9, Perplexity = 2.2. With grade-6 prompting, readability ranges: ChatGPT 5.76-9.19; Gemini 6.43-8.43; Perplexity 7.33-8.45. Treatment information was the least accurate category.
	Risk of hallucinations/misinformation; readability often above recommended level; variable performance (treatment/follow-up weaker); potential ambiguity handling issues; impact of included images on comprehension needs study.
	Mixed
	Paid subscription
	Open-source, Commercial

	[136]
	enhanced artificial intelligence in bladder cancer management: a comparative analysis and optimization study of multiple large language models
	2025
	China
	Clinical Decision Support System (CDSS)
	Diagnosis, Prognosis, Treatment Planning, Follow-Up Visit
	oncologists, patients
	Bladder cancer
	Claude-3.5-Sonnet, ChatGPT-4.0, Grok-beta, Gemini-1.5-Pro, Mistral-Large-2, GPT-3.5-Turbo (fine-tuned with two-phase optimization)
	1) Web based, 2) not specified (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	Clinical text questions derived from guidelines
	plain text, binary classification (yes/no)
	Methods: Benchmarking against expert-validated clinical questions; three independent trials
Metrics: accuracy, error rate, response consistency; statistical tests (ANOVA, Tukey’s test)
	Accuracy (% correct responses), Error rate, Response consistency across trials
	Claude-3.5-Sonnet accuracy 89.33%; ChatGPT-4.0 85.67%; Grok-beta 84.33%; Gemini-1.5-Pro 82%; Mistral-Large-2 81%; GPT-3.5-Turbo 74.33%. After optimization, GPT-3.5-Turbo achieved 100% accuracy.
	Restricted flexibility, limited reasoning depth, inconsistent responses, outdated knowledge cutoff
	supportive
	not reported
	not reported

	[137]
	enhanced artificial intelligence strategies in renal oncology: iterative optimization and comparative analysis of gpt 3.5 versus 4.0
	2024
	China
	Clinical Decision Support System (CDSS)
	Diagnosis, Treatment Planning, Prognosis, Follow-Up
	oncologists
	Renal Cancer
	ChatGPT 3.5, ChatGPT 4, ChatGPT 3.5 Turbo (fine-tuned using question variants)
	1) Web based, 2) Chinese (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	clinician-authored text questions (80 RCC clinical questions)
	Plain text
	Method: experiment on a fixed 80-question set, each asked 3 times to GPT-3.5 and GPT-4.0; then fine-tuned GPT-3.5 Turbo and re-evaluated.
Metrics: Accuracy (%), error rate; statistical tests: t-test, Wilcoxon (p<0.05).
	Not reported.
	GPT-3.5 67.08%, GPT-4.0 77.50%; fine-tuned GPT-3.5 Turbo 93.75%; after iterative optimization 100% on this set.
	instability/variability of answers across repeats; training cut-off (to April 2023) causing recency limitations; limited reasoning/understanding; and inability to anchor to local/authoritative RCC guidelines, risking mismatched advice.
	Supportive
	Free ChatGPT 3.5. ChatGPT 4 paid subscription
	Open-source, Commercial

	[138]
	enhancing doctor-patient communication using large language models for pathology report interpretation
	2025
	China
	Documentation aid
	Communication Aid; Education
	patients, oncologists, surgeons
	Multiple cancers
	ChatGPT 4
	1) Web based, 2) Chinese (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	Text clinical pathology reports
	Plain text
	Methods: Retrospective dataset analysis (n=698 reports); human evaluation by non-medical volunteers (n=6) for understanding and reading time; expert review by pathologists (n=3) for consistency;
Metrics: Understanding, consistency, reading time
Stats: statistical tests (t test / Mann-Whitney U; Spearman).
	Understanding via a custom Pathology Report Understanding Level Assessment Scale (developed from health-literacy principles).
Consistency via a Pathology AI Quality Index (Accuracy, Interpretative Depth, Readability, Clinical Relevance, Overall; each scored 1-5).
Reading time (seconds); doctor-patient communication time (seconds); word count and number of medical terms.
	Understanding improved from 5.23 (original reports) to 7.98 (IPRs), P<0.001.
Doctor-patient communication time dropped from 2091.25 s ( around 35 min) to 599.15 s ( around 10 min), P<0.001.
Reading time averaged 401.76 s (original) vs 430.67 s (IPRs), P<0.001.
Consistency high across dimensions (=>4.9/5, Readability=5/5).
n=698 reports analyzed.
	Model dependence: heavy reliance on GPT-4
	Supportive
	Paid subscription
	Open-source, Commercial

	[139]
	enhancing readability of online patient-facing content: the role of ai chatbots in improving cancer information accessibility
	2024
	USA
	Patient-Facing Chatbot, Documentation aid
	Education, communication aid
	patients
	Multiple cancers
	ChatGPT 4
	1) Web based, 2) English (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	Patient-facing website text from 34 NCCN Member Institutions, covering main, diagnosis, screening, and treatment pages
	Plain text
	Methods: Retrospective dataset analysis of website texts
Metrics: readability indices (Flesch-Kincaid, Fry, Gunning Fog, SMOG); accuracy via F1, precision, recall; cosine similarity between original and AI text; modified DISCERN Section 2 for quality; ICC for interrater reliability.
	F1 combines precision & recall; cosine similarity 0-1 for text similarity; modified DISCERN Section 2 scored excellent (40-32), good (31-26), fair (25-21), poor (20-15), very poor (14-8); ICC for absolute agreement.
	Original readability = grade 13 ±1.5; AI-rewritten = grade 9 ±0.8; F1 0.87, precision 0.934, recall 0.814; cosine similarity 0.915 (95% CI 0.908-0.922); modified DISCERN mean = 28.5 (“good”), similar to originals.
	De-novo AI text (without human source material) scored poor quality and low accuracy; the authors stress human quality assurance and that AI must not replace clinical judgment; readability ≠ comprehension; English-only corpus; plan to incorporate patient perspectives.
	Supportive
	Paid subscription
	Open-source, Commercial

	[140]
	enhancing triage efficiency and accuracy in emergency rooms for patients with metastatic prostate cancer: a retrospective analysis of artificial intelligence-assisted triage using chatgpt 4.0
	2023
	USA
	Clinical Decision Support System (CDSS)
	Triage; Diagnosis; Treatment Planning
	emergency physicians, ER providers
	Metastic prostate cancer
	ChatGPT 4
	1) Web based, 2) English (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	text clinical notes (HPI); Laboratory tests; Imaging/radiology reports; Structured EHR data
	Plain text, Binary classification (admit vs discharge), classification label (emergency severity index score)
	Methods: Retrospective dataset analysis vs ER physician decisions
Metrics: sensitivity/specificity (admission decision), primary diagnosis agreement (Cohen’s K), number of diagnoses, association of ESI with outcomes, MDM word count, proportion with additional treatment recommendations; plus sensitivity analyses.
	Sensitivity = proportion of admitted patients correctly recommended for admission; Specificity = proportion of discharged patients correctly recommended for discharge; Cohen’s K for primary diagnosis agreement; partial correlation between ChatGPT-assigned ESI and admission/LOS/ICU; MDM complexity operationalized as word counts; additional treatment recommendations coded as present/absent.
	n=56 included (147 screened). Sensitivity 95.7% (22/23); Specificity 18.2% (6/33; 1 undecided). Primary diagnosis concordance 87.5% (K=0.33). Median diagnoses: ChatGPT 3 vs physicians 2 (p<0.001). ESI not associated with admission (p=0.12), hospital stay length (p=0.91), or ICU admission (p=0.54). MDM word count: 169±66 vs 272±105 (p<0.001). Additional treatment recommendations: 94.3% vs 73.5% (p<0.001).
	Hallucinations observed (eg: confusion in a UTI case), bias/fairness concerns, privacy/HIPAA and data handling, vulnerability to adversarial prompting, dependence on input quality, not designed to replace medical diagnosis, and need for clinician oversight and user trust.
	Mixed
	Paid subscription
	Open-source, Commercial

	[141]
	evaluating ai in medicine: a comparative analysis of expert and chatgpt responses to colorectal cancer questions
	2024
	China
	Patient-Facing Chatbot
	education, communication aid
	patients
	Colorectal cancer
	ChatGPT 3.5
	1) Web based, 2) not reported (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	text questions (131 items) from a CRC Q&A book
	plain text
	Methods: Experiment with benchmarks (answers compared against an expert-authored book; physicians scored outputs).
Stats: Wilcoxon signed-rank test; p<0.05; analyses in Prism 9.
	Comprehensiveness = coverage of the book’s listed points; deduct 1 for each missing aspect. Accuracy = penalize 1 per wrong/misleading/irrelevant element; both averaged across two raters; final score is the mean of the standardized comprehensiveness and accuracy ratios.
	131 questions; mean final score 0.91 (lower than benchmark); mean comprehensiveness 0.85 and accuracy 0.97; relatively strong in radiation therapy, interventional therapy, stoma care, venous care, and pain control; weaker in basic information, surgery, internal medicine.
	Lower comprehensiveness vs expert benchmark; static training cut-off (can’t assimilate new knowledge post-training); tendency toward “confirmation bias” when corrected; risk of hallucinations; lacks empathy/contextual adaptability
	mixed
	free
	open-source, Commercial

	[142]
	evaluating chatgpt as a patient resource for frequently asked questions about lung cancer surgery—a pilot study
	2025
	USA
	Patient-Facing Chatbot; Education
	education, communication aid
	patients
	Lung cancer
	ChatGPT 3.5
	1) Web based, 2) not reported (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	Questionnaires (a 30-question survey of common patient FAQs derived from hospital websites).
	plain text
	Methods: Clinical user study (n=9) thoracic surgeons rated answers.
	5-point Likert (1=poor, 2=fair, 3=good, 4=very good, 5=excellent) + surgeons flagged minor/major inaccuracies and provided text comments.
	Average quality: 3.1-4.2 / 5.0 across questions.
Accuracy findings: Minor inaccuracies found in 100% of answers by >=1 surgeon; major inaccuracies in 36.6% (none deemed unsafe).
Perception metrics: 66.7% felt it’s an accurate source; 55.6% thought answers comparable to experienced surgeons; 44.4% would recommend to their patients.
	Inaccuracies (minor in all answers; major in around 36.6%).
Lengthiness and lack of surgical specificity, partially outdated treatment info, lack of references.
General risk of “hallucinations” noted.
	mixed
	free
	open-source, Commercial

	[143]
	evaluating chatgpt as an adjunct for the multidisciplinary tumor board decision-making in primary breast cancer cases
	2023
	Germany
	Clinical Decision Support System (CDSS)
	Treatment Planning
	oncologists
	Breast cancer (early stage)
	ChatGPT 3.5
	1) Web based, 2) German (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	Structured EHR/clinical characteristics
	plain text
	Method: Pilot comparison / retrospective dataset analysis on 10 consecutive early breast cancer MDT cases; two independent scorers; custom consensus/agreement scoring by modality.
Metric: total ChatGPT points divided by the maximum possible points to yield % agreement with MDT.
	Per-modality scoring: 0 = not mentioned/incorrect; 1 = mentioned as possible treatment or requested non-relevant tests; 2 = definite treatment or correctly requested relevant tests; total points normalized by the maximum possible for % agreement.
	Average score 64.2 (max 400) --> 16.05% congruence with MDT; wide range (0 to an “over-achievement” of 400)
	Neoadjuvant options not considered; no study/lifestyle mentions; Misinterpreted HER2-low (1+ / 2+, FISH-neg.) as eligible for anti-HER2 therapy; Tended to give generic advice; labeled endocrine therapy as “hormonal treatment.”; Knowledge limited to data up to 2021; not a medical bot; flagged HBOC risk (BRCA), recognized endocrine therapy needs, individualized discussion for an elderly patient.
	mixed
	free
	open-source, Commercial

	[144]
	evaluating chatgpt-4o as a decision support tool in multidisciplinary sarcoma tumor boards: heterogeneous performance across various specialties
	2024
	Germany
	Clinical Decision Support System (CDSS)
	Diagnosis; Treatment Planning; Follow-Up Visit
	oncologists, rediologists, pathologists, radiation oncologists
	Many types of sarcoma cancer
	ChatGPT-4o
	1) Web based, 2) not reported (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	text case histories; pathology descriptors; radiology descriptors (no images)
	plain text
	Methods: Expert panel on 5 simulated cases
Metrics: understanding; therapy/diagnostics; aftercare/rehab; summarization/overall decision; usefulness.
Stats: Shapiro-Wilk; ANOVA/Tukey or Kruskal-Wallis/Dunn.
	five-item Likert (1-5)
	Overall mean 3.76 (75.2% of max). By criterion: understanding 3.92; therapy/diagnostics 3.60; aftercare 3.96; summarization/decision 4.00; usefulness 3.88. By specialty group: Surgery 4.48; Diagnostics 3.86; Radiation Oncology 2.68.
	Heterogeneous specialty performance; inaccuracies (eg: undertreatment, histopathology misclassification); failure to request missing critical info; potential deviations from country-specific guidelines; safety concerns requiring human oversight
	mixed
	Paid subscription
	open-source, Commercial

	[145]
	evaluating chatgpt's competency in radiation oncology: a comprehensive assessment across clinical scenarios
	2025
	Canada
	Clinical Decision Support System (CDSS)
	Diagnosis; Treatment Planning; Follow-Up Visit
	oncologists
	Multiple cancers
	ChatGPT 4
	1) Web based, 2) not reported (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	text clinical cases / vignettes
	plain text
	Methods: Expert-reviewed, case-based assessment across 12 disease sites; single expert scored each case with a standardized rubric; one-way ANOVA + post-hoc tests.
Metrics: Conciseness, Completeness, Correctness scored 0-5 each (total 0-15).
	Not reported.
	Total 2317/2730 (84%) overall. Completeness 79% (range 70-99), Conciseness 92% (83-99), Correctness 81% (72-92). Best domains: Epidemiology and Cancer biology (both 93%). Lower: Treatment planning (completeness 70%, correctness 72%), Clinical management (completeness 74%, correctness 79%). ANOVA significant for total, completeness, correctness; differences driven by high performance in epidemiology/biology vs. lower in management/planning. Quality breakdown: 80.2% good, 19.2% fair, 0.5% poor.
	Hallucinations, incorrect/incomplete answers in complex cases, lower performance in treatment planning & clinical management, lack of attribution, and variability in practice complicating synthesis
	mixed
	Paid subscription
	open-source, Commercial

	[146]
	evaluating text and visual diagnostic capabilities of large language models on questions related to the breast imaging reporting and data system atlas 5th edition
	2025
	Türkiye
	Clinical Decision Support System (CDSS)
	Diagnosis; Treatment Planning; Follow-Up Planning; Screening
	radiologists
	Breast cancer
	Text MCQs (10 LLMs): ChatGPT 4o; ChatGPT 4; ChatGPT 3.5; Google Gemini 1.5 Pro; Google Gemini 1.0; Microsoft Copilot; Perplexity; Claude 3.5 Sonnet; Claude 3 Opus; Claude 3 Opus 200K.
Visual (5 multimodal LLMs): ChatGPT 4o; ChatGPT 4V; Google Gemini 1.5 Pro; Claude 3.5 Sonnet; Claude 3 Opus.
	1) Web based, 2) not reported (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	imaging reports/images (breast ultrasound images); Question prompts/MCQs (text)
	Classification label, plain text
	Methods: Experiment with benchmarks (100 BI-RADS MCQs); evaluation on a publicly available ultrasound dataset; comparisons with radiologists.
Metrics: Accuracy (% correct); Management Score (3-point Likert).
Stats: McNemar’s; chi-squared; Kruskal-Wallis; Wilcoxon; significance at P<0.05.
	Accuracy = correct vs. incorrect; Management Score: 3 = correct per BI-RADS; 2 = partially correct; 1 = incorrect.
	Text MCQs: Claude 3.5 Sonnet 90%; ChatGPT 4o 89%; Claude 3 Opus 200K 84%; Claude 3 Opus 82%; ChatGPT 4 79%; breast radiologist 82%; general radiologists 78% and 76%; Gemini 1.5 Pro 67%; Copilot 65%; Gemini 1.0 61%; Perplexity 61%; ChatGPT 3.5 60%.
Ultrasound images (accuracy): Claude 3.5 Sonnet 59%; ChatGPT 4o 39%; Gemini 1.5 Pro 31%; ChatGPT 4V 20%; Claude 3 Opus 19%.
Management Score (mean±SD): Claude 3.5 Sonnet 2.12±0.97; ChatGPT 4o 1.78±0.98; Gemini 1.5 Pro 1.64±0.93; ChatGPT 4V 1.40±0.80; Claude 3 Opus 1.42±0.81.
	Visual diagnostic performance remains limited, with risk of misdiagnosis; models should be used under radiologist supervision. Ethical concerns noted include patient privacy/informed consent if integrated into clinical decision support, and lack of transparency in model decision-making
	Mixed
	Some free, some with paid subscriptions
	open-source, Commercial

	[147]
	evaluating the accuracy of large language model (chatgpt) in providing information on metastatic breast cancer
	2024
	India
	Patient-Facing Chatbot
	Education
	patients
	Breast cancer (metastatic)
	ChatGPT 4
	1) Web based, 2) not reported (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	text patient questions (FAQs)
	plain text
	Methods: Expert evaluation of ChatGPT’s responses
Metrics: diagnosis, treatment, survival, quality of life.
	4-point accuracy scale: 1 = entirely inaccurate; 2 = partially accurate (mix of correct/incorrect); 3 = accurate but not comprehensive; 4 = highly accurate and comprehensive.
	5 entirely inaccurate; 22 partially accurate; 42 accurate but not comprehensive; 31 highly accurate. By category: diagnosis (0/2/7/8), treatment (1/11/10/12), survival (0/1/5/4), quality of life (4/8/20/17).
	inaccuracies, static knowledge base (cannot reflect the latest guidelines without updates), privacy/over-reliance concerns, and the need for clinician oversight/workflow fit.
	mixed
	Paid subscription
	open-source, Commercial

	[148]
	evaluating the alignment of artificial intelligence-generated recommendations with clinical guidelines focused on soft tissue tumors
	2024
	Japan
	Clinical Decision Support System (CDSS)
	Diagnosis; Screening; Treatment Planning; Follow-Up Visit
	oncologists, researchers
	Soft tissue sarcoma
	ChatGPT 4
	1) Web based, 2) not reported (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	textual clinical questions from the JOA guideline, and for select items, textual excerpts of guideline descriptions used in a second pass
	Classification labels (recommendation strength 1-4; evidence A-D); plain text
	Methods: Experiment with benchmarks: compared ChatGPT’s recommendation strength and evidence labels to those in the JOA guideline across 22 CQs
Metrics: Overall Alignment Rate (Complete Alignment, Partial Alignment, Nonalignment)
	Complete alignment = both recommendation strength and strength of evidence match; Partial alignment = agreement on “to be implemented” vs “not to be implemented”; Nonalignment = trends in recommendation strength do not align.
	2 complete, 17 partial, 3 nonalignment; around 86% overall alignment; after providing guideline text for the three discordant CQs (8, 14, 22), ChatGPT adjusted recommendations toward the guideline.
	Generalizability limited to a single country’s guideline; possible mismatch with latest evidence due to ChatGPT’s April 2023 training cutoff; recommendations can vary by country; AI may not capture real-world clinical nuances (patient preferences, comorbidities, social factors)
	mixed
	paid subscription
	open-source, Commercial

	[149]
	evaluating the efficacy of chatgpt as a patient education tool in prostate cancer: multimetric assessment
	2024
	Australia
	Patient-Facing Chatbot
	Education, Communication Aid
	patients, caregivers, oncologists
	Prostate cancer
	ChatGPT 3.5, ChatGPT 4
	1) Web based, 2) english (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	Patient-facing clinical questions on PSA screening, treatment choices, side effects, survivorship.
	plain text
	Method: Multimetric evaluation (accuracy, readability, comprehensiveness, empathy).
Metrics: Flesch-Kincaid readability, content accuracy vs guidelines, empathy scoring by clinicians.
	Accuracy: expert grading against prostate cancer guidelines.
Readability: Flesch-Kincaid Grade Level.
Empathy: rated via standardized empathy scale.
	Accuracy: ChatGPT’s responses were mostly guideline-concordant.
Readability: grade level around 10-12 (above average health literacy)
Comprehensiveness: high coverage of treatment options.
Empathy: responses rated moderately empathetic, varied by version.
	Hallucinations; Readability too high for low-literacy patients; Experts flagged US-centric guideline bias; cost of using ChatGPT-4 vs free 3.5 is cited as a potential barrier and equity risk.
	mixed
	Free ChatGPT 3.5. ChatGPT 4 paid subscription
	open-source, Commercial

	[150]
	evaluating the performance of chatgpt in answering questions related to benign prostate hyperplasia and prostate cancer
	2023
	Türkiye
	Patient-facing chatbot
	education
	patients, caregivers
	Prostate cancer
	ChatGPT 4
	1) Web based, 2) not specified (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	Questionnaires
	plain text
	Method: Two specialist urologists independently scored each answer (1-4); discrepancies and repeatability issues were adjudicated by a senior urologist. Each question was asked twice on different computers to assess reproducibility
Metrics: percent of answers per grade; similarity (repeatability) rates for repeated questions.
	Grade 1 = completely correct; Grade 2 = correct but insufficient; Grade 3 = misleading plus correct; Grade 4 = completely incorrect.
	BPH overall: 90.0% Grade-1 (completely correct).
Prostate cancer overall: 94.2% Grade-1.
EAU-derived questions: BPH 77.8% Grade-1; prostate cancer 76.2% Grade-1.
Repeatability similarity: BPH 90.0%; prostate cancer 93.0%.
	Answers limited to information before 2021 (knowledge cutoff); Dataset used by the application is unknown, reducing reliability; In some cases, answers were insufficient
	supportive
	paid subscription
	open-source, Commercial

	[151]
	evaluating the use of chatgpt to accurately simplify patient-centered information about breast cancer prevention and screening
	2024
	USA
	patient-facing chatbot, data summarizer
	education
	patients
	Breast cancer
	CharGPT 3.5
	1) Web based, 2) english (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	25 patient-style questions
	plain text
	Methods: Retrospective analysis of ChatGPT outputs to 25 questions; clinical appropriateness reviewed by a fellowship-trained breast radiologist
Metrics: readability via Flesch Reading Ease, Flesch-Kincaid Grade Level, Gunning Fog, Coleman-Liau, Automated Readability Index, SMOG; word count; statistics: paired t-tests and McNemar test.
	flesch Reading Ease 0-100 (>=60 = adequate); readability adequacy = grade 6 or below; grade level summarized as mean of the five indices.
	Reading ease increased from around 45.4 to around 70.4; mean grade level decreased from around 13.2 to around 8.9; word count decreased from around 193 to around 174; 100% of simplified responses met adequate reading ease; 8% met grade-6 readability; 92% of simplified responses deemed clinically appropriate; differences in reading ease/readability significant (P<.001).
	Potential for incorrect information; physician oversight required; evolving LLM versions during study; English-only; variability and limited reproducibility (no controlled random seed; independence assumption may not hold); variability across readability scales; potential bias in LLMs.
	mixed
	Free
	open-source, Commercial

	[152]
	evaluation and practical application of prompt-driven chatgpts for emr generation
	2025
	China
	Documentation aid, Screening Aid, information extraction tool
	Screening, Diagnosis
	oncologists, clinicians, patients
	Lung cancer
	ChatGPT 3.5, ChatGPT 4
	1) Web based, 2) mandarin chinese (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	text clinical notes, Voice-recorded consultations, Structured questionnaires
	plain text (Structured Electronic Medical Records)oncologists, clinitians, patients
	Methods: retrospective dataset analysis, clinical user study, benchmarks (BERTScore, ROUGE), expert physician evaluation
	BERTScore (precision, recall, F1)
ROUGE-1, ROUGE-2, ROUGE-L
7DI (Key Result, Coherence, Usefulness, Readability, plus extended attributes)
	GPT-4 outperformed GPT-3.5 across all metrics
Prompt-4 achieved highest recall/precision in BERT and ROUGE
Expert ratings: GPT-4 (Prompt-4/5) highest, mean 7DI around 28-31
Consultation efficiency improved (junior clinician time reduced from 9.56 min to 7.41 min, comparable to senior)
	Data privacy concerns, eneralizability across specialties limited
	supportive
	Free ChatGPT 3.5. ChatGPT 4 paid subscription
	open-source, Commercial

	[153]
	evaluation of chatgpt and google bard using prompt engineering in cancer screening algorithms
	2024
	USA
	Clinical Decision Support System (CDSS), Screening Aid, Information Extraction Tool, Communication Aid
	Screening, diagnosis, treatment planning, communication aid
	oncologists, radiologists, patients
	Many types of cancer
	ChatGPT 4, Bard
	1) Web based, 2) not specified (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	clinical scenarios
	plain text
	Method: experiment with benchmarks
Metrics: Average accuracy, average OE scores, word count (conciseness)
	not reported.
	Average accuracy (%) for SATA prompts (e.g., ChatGPT-4: 83%, Bard: 70%), average OE scores (scale 0-2, e.g., ChatGPT-4: 1.82 for breast cancer screening, Bard: 1.89)
	Variable accuracy, hallucinations, bias due to unknown training data sources, limited generalizability
	supportive
	Not reported
	open-source, Commercial

	[154]
	evaluation of chatgpt as a reliable source of medical information on prostate cancer for patients: global comparative survey of medical oncologists and urologists
	2025
	Multicountry
	Information Extraction Tool, Data Summarizer
	patient education
	patients and caregivers
	prostate cancer
	ChatGPT 4
	1) Web based, 2) English (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	medical literature and websites
	plain text
	Method: Clinical user study, experiment with benchmarks
Metrics: clarity, accuracy, relevance, completeness
	5-point Likert scale
credibility rating of sources
	redibility was low: only 14-19% rated ChatGPT as “very/extremely credible” vs. 52-70% for established medical websites
>= 70% of respondents rated ChatGPT’s responses “very” or “extremely” on all criteria
ChatGPT’s answers were rated significantly higher
	ChatGPT 4.0 gave a factually incorrect answer to a prostate cancer risk-group question, while ChatGPT 3.5 performed better in that case; responses may change unpredictably with updates
	mixed
	paid subscription
	open-source, Commercial

	[155]
	evaluation of chatgpt’s potential in tailoring gynecological cancer therapies
	2024
	Germany
	Clinical Decision Support System (CDSS), Treatment Planning, Symptom Management Aid
	Diagnosis, Treatment Planning, Follow-Up
	oncologists, radiologists, pathologists, caregivers, patients
	Ovarian, Cervical, Endometrial (early-stage (IA-IB) and advanced (IVA-IVB))
	ChatGPT 3.5
	1) Web based, 2) German (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	Clinical notes, structured EHR, imaging reports
	plain text
	Method: empirical study discussed in ITBs
Metrics: answer scoring system
	-1 =incorrect/contraindicated
0 = correct but incomplete
+1 = correct and complete
+1 additional if detailed information provided
Max = 2
	average scores: Ovarian cancer: 0.75, Cervical cancer: 0.7, Endometrial cancer: 1.5
	model had knowledge cutoff September 2021; incomplete therapy recommendations, omission of certain treatment steps; incorrect recommendations
	supportive
	free
	open-source, Commercial

	[156]
	evaluation of chatgpt-4’s performance in therapeutic decision-making during multidisciplinary oncology meetings for head and neck squamous cell carcinoma
	2024
	Belgium
	Clinical Decision Support System (CDSS)
	Treatment Planning, Triage, Symptom management Aid
	oncologists, surgeons, clinicians
	Head and Neck Squamous Cell Carcinoma (HNSCC) (T1-T4, N0-N2, M0, includes early-stage and advanced non-metastatic disease)
	ChatGPT 4
	1) Web based, 2) not reported (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	Clinical data including CT, MRI, PET-CT scans, and information about the patient
	plain text, binary classification (eg: gastronomy: yes/no)
	Method: retrospective data analysis
Metrics: Kappa coefficient (agreement), snesitivity, specificity
	Not reported.
	First-line treatment (MOM vs ChatGPT-4): Kappa = 0.35 (95% CI: 0.28-0.42); improved to 0.48 (95% CI: 0.4-0.55) when excluding gastrostomy
First-line treatment (NCCN vs ChatGPT-4): Overall Kappa = 0.72 (95% CI: 0.66-0.79)
Second-line treatment (MOM vs ChatGPT-4): Kappa = 0.56 (95% CI: 0.32-0.8); improved to 0.78 (95% CI: 0.64-0.92) when excluding gastrostomy
Second-line treatment (NCCN vs ChatGPT-4): Overall Kappa = 0.66 (95% CI: 0.56-0.76)
	Hallucinations and inaccurate recommendations; Inability to judge surgical feasibility; dependence on existing guidelines and literature limiting adaptability to individual cases and updates
	supportive
	paid subscription
	open-source, Commercial

	[157]
	evaluation of chatgpt-supported diagnosis, staging and treatment planning for the case of lung cancer
	2023
	Greece
	Clinical Decision Support System (CDSS)
	Diagnosis, Staging, Treatment Planning
	patients, pulmonologists, oncologists
	Lung cancer (adenocarcinoma) (Stage IIIA/IIIB)
	ChatGPT 4
	1) Web based, 2) not reported (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	text symptoms descriptions, summaries of immaging/PFT findings
	plain text (ranked list of possible diagnosis)
	Method: Expert review of responses
Metrics: three-pillar methodology: validity/accuracy, specificity/usefulness, economic value
	Pillar 1 (Validity/Accuracy): context & references rated Correct / Generic / Incorrect.
Pillar 2 (Specificity/Usefulness): Doctor rated Actionable / Generic / Non-actionable; Patient rated Precise / Generic / Misleading.
Pillar 3 (Economic value): Under-extend / Exact / Over-extend with definitions.
	Prompt 1: Diagnoses Exact; Diagnostics Over-extend; Doctor Actionable; Patient Misleading
Prompt 2: Diagnoses Exact; Diagnostics Over-extend; Doctor Generic; Patient Misleading; plus notes on invasive tests ordering
Prompt 3: Diagnoses Exact; Diagnostics Exact; Doctor Actionable; Patient Precise.
	Hallucinations; Bias; Lack of explainability; outdated answers; inconsistent/expired references
	mixed
	paid subscription
	open-source, Commercial

	[158]
	evaluation of oropharyngeal cancer information from revolutionary artificial intelligence chatbot
	2024
	USA
	Patient-Facing Chatbot
	Patient education, Communication aid
	patients
	Oropharyngeal cancer (includes stage 3, HPV-related)
	Chatgpt 3.5
	1) Web based, 2) english (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	patient style text questions
	plain text
	Expert grading (four physicians using 5-point Likert scales); Readability tests (Flesch Reading Ease, Flesch-Kincaid Grade Level)
	Accuracy, Comprehensiveness, Similarity to physician response (1-5 Likert); FRE and FKRGL readability scales
	Mean accuracy 3.88, comprehensiveness 3.80, similarity 3.67; FRE=41.37 (11th grade+ readability), FKRGL=12.77; Posttreatment questions scored significantly higher than diagnosis-related questions.
	Risk of misinformation; suboptimal educational value; overly high readability level for patients
	mixed
	free
	open-source, Commercial

	[159]
	evaluation of the integration of retrieval-augmented generation in large language model for breast cancer nursing care responses
	2024
	China
	Information Extraction Tool,Patient-Facing Chatbot
	Symptom management, patient education, treatment planning, follow-up planning
	nurses
	Breast cancer (Early-stage and metastatic)
	ChatGPT 4, ChatGPT 4 + BGE
	1) Web based, 2) not reported (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	Free-text clinical notes/questions
	plain text
	Methods: Clinical user study: Three senior nurses independently evaluated Q&A responses
Metrics: Overall satisfaction, Accuracy, Empathy
	Likert scale 1-10, assessed by nurses
	Overall satisfaction: GPT-4 = 5.4 ± 1.27 vs. RAG-GPT = 8.4 ± 0.84 (p < 0.01)
Accuracy: GPT-4 = 5.6 ± 0.96 vs. RAG-GPT = 8.6 ± 0.69 (p < 0.01)
Empathy: GPT-4 = 7.8 ± 1.22 vs. RAG-GPT = 8.4 ± 0.85 (p > 0.05, no significant difference)
	hallucinations, lack of explanatory ability, lack of generalizability
	supportive
	not reported
	open-source, Commercial

	[160]
	evolution of publicly available large language models for complex decision-making in breast cancer care
	2024
	Germany
	Clinical Decision Support System (CDSS)
	Treatment Planning
	oncologists
	breast cancer
	ChatGPT 3.5 (sept 2021 version, jan 2022 version), ChatGPT 4, LLaMA2, Bard
	1) Web based, 2) not reported (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	Text complex breast cancer patient profiles
	plain text
	Method: Retrospective dataset simulation
Metrics: Concordance rates (%) across cancer profiles and treatment categories.
	not reported.
	GPT-4: 70.6% invasive, 60% incl. DCIS (100% radiotherapy, 85% genetic testing); GPT-3.5 Sept 2021: 58.8% / 50%; GPT-3.5 Jan 2022: 41.2% / 35%; LLaMA2: 35.3% / 30%; Bard: 23.5% / 20%.
	Security concerns for processing health data; decline in GPT-3.5 accuracy over time due to data source changes
	mixed
	Some free, some with paid subscriptions
	open-source, Commercial

	[161]
	examining the role of chatgpt in promoting health behaviors and lifestyle changes among cancer patients
	2024
	Saudi Arabia
	Patient-Facing Chatbot
	Symptom management, Patient education, Communication aid, Shared decision-making
	patients
	multiple cancers
	ChatGPT (version not specified)
	1) Web based, 2) not reported (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	Text patient queries
	plain text
	Method: Qualitative study with cancer patients
Metrics: Patient-reported outcomes, thematic analysis of benefits/concerns. No quantitative accuracy metrics.
	not reported.
	Patients (n=72) reported improved health literacy, emotional and peer support, connection to cancer resources, and lifestyle changes (diet, smoking)
	Privacy, lack of personalization, reliability concerns
	supportive
	not specified
	open-source, Commercial

	[162]
	expert-guided large language models for clinical decision support in precision oncology
	2024
	Germany
	Clinical Decision Support System (CDSS)
	Treatment planning
	oncologists, MTBs
	multiple cancers
	RAG with chain of thought prompting + not specified backbone model
	1) Web based, 2) not reported , 3) chain of thought prompting, 4) Not tailored for specific stakeholders
	Genomic data, guidelines, clinical trial databases, drug availability databases
	plain text, ranked options
	Method: quantitative assessment of agreement between LLM recommendations and clinician responses using cosine similarity
	not reported.
	The enhanced LLM achieved 94.7% concordance with molecular tumor board recommendations, compared to 77.1% for the draft system
	hallucinations
	supportive
	not specified
	not specified

	[163]
	exploring chatgpt's potential for consultation, recommendations and report diagnosis: gastric cancer and gastroscopy reports’ case
	2023
	China
	Patient-facing chatbot
	Diagnosis, Screening, Patient education
	patients, oncologists
	Gastric cancer (early and advanced stages)
	ChatGPT 3.5, ChatGPT 4
	1) Web based, 2) English and Chinese (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	Free-text clinical cases; Endoscopy/gastroscopy report descriptions; Medical knowledge questions
	plain text
	Method: Experiment with benchmarks
Metrics: Appropriateness, Consistency, Error-correction ability
	Appropriateness = correctness of responses; Consistency = similarity across three generated responses; Error correction tested via automatic vs guided correction
	GPT-4 achieved 91.3% appropriateness, 95.7% consistency; GPT-3.5 achieved 73.9% appropriateness, 82.6% consistency
	Hallucinations; Missed details in cancer staging; Limited error correction; Risk of over-reliance by patients; Incomplete information leading to misdiagnosis
	mixed
	Free ChatGPT 3.5. ChatGPT 4 paid subscription
	open-source, Commercial

	[164]
	exploring the accuracy of embedded chatgpt-4 and chatgpt-4o in generating bi-rads scores: a pilot study in radiologic clinical support
	2025
	USA
	Clinical Decision Support System (CDSS)
	Diagnosis, Screening
	radiologists
	Breast cancer
	ChatGPT 4 (embedded with ACR BI-RADS Atlas, few-shot), ChatGPT 4o
	1) Web based, 2) not reported (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	Imaging data
	plain text, classification label (BI-RADS 1-5)
	Method: Experiment with benchmarks using ground truth BI-RADS scores from Radiopaedia.
Metrics: Accuracy, Cohen’s kappa.
	Accuracy = number of correct predictions / total cases.
Cohen’s kappa = inter-rater agreement statistic.
	Overall accuracy: 66.2%.
ChatGPT-4: 84.4% (BI-RADS 5), 70% (BI-RADS 4), 0% (BI-RADS 3).
ChatGPT-4o: 88.9% (BI-RADS 5), 0% (BI-RADS 1 and 3).
Cohen’s kappa: 0.72 (ChatGPT-4), 0.68 (ChatGPT-4o).
	Hallucination/misclassification, variability due to prompting, reliance on potentially training-seen data, limited dataset diversity.
	mixed
	paid subscription
	open-source, Commercial

	[165]
	exploring the capabilities of genai for oral cancer consultations in remote consultations: author
	2025
	China
	Patient-Facing Chatbot
	Diagnosis, Prognosis, Treatment Planning, Patient Education
	patients
	Oral cancer (Stage 0-IVC)
	ChatGPT 3.5 Turbo, ChatGPT 4o
	1) Web based, 2) chinese (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	text patient questions
	plain text
	Method: Retrospective analysis
Metrics: Accuracy, number of key points, text length, lexical density, Likert-scale ratings (fluency, relevance, completeness, medical knowledge); Statistical tests (chi-square, Mann-Whitney U, Kruskal-Wallis, t-test)
	Accuracy = inclusion of all key points without errors; Likert scale 1-5 for fluency, relevance, completeness, medical knowledge
	GPT-3.5-Turbo: 77.5% accuracy, mean score 3.96; GPT-4o: 88.2% accuracy, mean score 4.35
	Hallucinations; lack of domain-specific depth
	supportive
	Free ChatGPT 3.5. ChatGPT 4 paid subscription
	open-source, Commercial

	[166]
	exploring the role of artificial intelligence chatbots in preoperative counseling for head and neck cancer surgery
	2024
	USA
	Patient-Facing Chatbot
	Patient education, Shared decision-making
	patients
	Head and Neck Cancer
	ChatGPT (version not specified)
	1) Web based, 2) not reported (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	text prompts
	plain text
	Methods: Blind expert evaluation
Metrics: accuracy, thoroughness, number of medical errors, readability (Flesch Reading Ease, Gunning-Fog Index), surgeon preference
	Accuracy and Thoroughness: rated 1-10
Errors: count of medical errors
Readability: Flesch Reading Ease, Gunning-Fog Index
Preference: proportion selecting ChatGPT vs web
	Accuracy: ChatGPT 7.7 vs Web 8.1 (not significant)
Thoroughness: ChatGPT 7.5 vs Web 7.3 (not significant)
Errors: ChatGPT 1.2 vs Web 1.0 (not significant)
Surgeon preference: Web 52% vs ChatGPT 48%
Readability improved when prompts adjusted to 6th grade level
	hallucinations, misinformation risk, content bias, untraceable references, legal responsibility, integration difficulties in clinical settings
	mixed
	free
	open-source, Commercial

	[167]
	extracting lung cancer staging descriptors from pathology reports: a generative language model approach
	2024
	South Korea
	Information Extraction Tool
	Diagnosis, Prognosis, Treatment Planning
	oncologists, pathologists, researchers
	Lung cancer
	GLMs deductive Mistral-7B (Pre-trained with a deductive dataset; prompt-response pairs created for training and evaluation)
	1) Web based, 2) not reported (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	text clinical notes
	Extracted structured TN descriptors; classification labels
	Methods: Compared six trained GLMs; validated against expert gold standard.
Metrics: Exact match ratio, Accuracy
	not reported.
	Deductive Mistral-7B: 92.24% exact match ratio, Accuracy = 0.9876.
	not reported
	supportive
	not reported
	not reported

	[168]
	feasibility and acceptability of chatgpt generated radiology report summaries for cancer patients
	2023
	USA
	Patient-Facing Chatbot
	Communication Aid, Patient Education
	patients
	multiple cancers
	ChatGPT (version not specified)
	1) Web based, 2) not reported (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	text radiology reports
	plain text
	Methods: Clinical user study
Metrics: Patient acceptability, perceived usefulness, satisfaction (qualitative + Likert-type survey)
	not reported.
	Patients found summaries feasible and acceptable; they improved understanding and communication.
	Hallucinations; Concerns about patient safety if errors occur.
	supportive
	not reported
	open-source, Commercial

	[169]
	from bytes to best practices: tracing chatgpt-3.5’s evolution and alignment with the national comprehensive cancer network® guidelines in pancreatic adenocarcinoma management
	2024
	USA
	Clinical Decision Support System (CDSS)
	Diagnosis, Treatment Planning, Prognosis
	oncologists
	Pancreatic adenocarcinoma
	ChatGPT 3.5
	1) Web based, 2) English (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	Text NCCN Clinical Practice Guidelines
	plain text
	Methods: Experiment with benchmarks
Metrics: Scoring with Likert scale (1-5). Subgroup analysis with Correctness (scores 3-5) vs Accuracy (scores 4-5). Statistical test: Mann-Whitney U-test
	Likert Scale 1-5
	Feb/March 2023: 60% Accuracy (30/50), 84% Correctness (42/50).
May 2023: 76% Accuracy (38/50), 84% Correctness (42/50).
Statistically significant improvement in Accuracy (p = .027)
	hallucinations, bias, inability to self-regulate outputs, lack of interpretability, workflow limitations
	mixed
	free
	open-source, Commercial

	[170]
	generative ai chatbots for reliable cancer information: evaluating web-search, multilingual, and reference capabilities of emerging large language models
	2025
	Multi-country (Australia, UAE, Thailand, USA)
	Patient-Facing Chatbot
	Screening, prognosis, treatment planning, education
	patients
	multiple cancers
	ChatGPT 4o, Microsoft Co-Pilot, Google Gemini pro 1.5, MetaAI (Llama-3.2-70B-chat). Anthropic Claude (Claude-3.5-Sonnet), X Grok (Grok v2). Perplexity AI
	1) Web based, 2) 8 languages: English, French, Chinese, Thai, Hindi, Nepali, Vietnamese, Arabic (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	text queries
	plain text
	Methods: Experiment with benchmarks; Asessment by health academics fluent/native in the tested languages
Metrics: Clinically meaningful hallucinations (presence/absence); Referral inclusion (Yes/No); Reference inclusion and quality; Readability (Flesch-Kincaid Grade for English; qualitative readability for non-English)
	not reported
	336 responses tested; 0/42 English hallucinations vs 7/294 non-English; 48% included references (39% .com links); referrals in 67-100% (English) and 69-95% (non-English); English readability often >8th grade
	hallucinations; bias/fairness;
	mixed
	Some free, some with paid subscription
	open source, commercial/proprietary

	[171]
	generative artificial intelligence and non-pharmacological bias: an experimental study on cancer patient sexual health communications
	2024
	Japan
	Patient-Facing Chatbot
	Symptom management, Communication Aid, Shared Decision-Making
	patients
	Breast cancer
	ChatGPT 3.5
	1) Web based, 2) Japanese (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	Epidemiological survey data
	plain text
	Methods: Experimental study with dialogue generation and exploratory analysis
Metrics: Frequency analysis of response types (pharmacological vs non-pharmacological interventions)
Odds ratios; Semantic similarity scores; Sentiment analysis
	not reported
	Mean similarity score between Bot1 and Bot2 responses: 0.93; OR = 47.3 (95% CI 9.55-233.81, p<0.001) for Bot1; OR = 97.2 (95% CI 11.72-806.04, p<0.001) for Bot2; Slightly positive polarity (Bot1 mean = 0.18 ± 0.12, Bot2 mean = 0.19 ± 0.15)
	Bias toward non-pharmacological interventions due to OpenAI usage policies restricting medical/drug content; Potential for influencing patient expectations about treatment
	supportive
	free
	open source, commercial

	[172]
	generative artificial intelligence as a source of breast cancer information for patients: proceed with caution
	2025
	USA
	Patient-Facing Chatbot
	Patient education, Communication aid
	patients
	Breast cancer
	Chatgpt 3.5
	1) Web based, 2) not reported (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	text patient questions
	plain text
	Methods: Expert grading by six breast oncology specialists, repeated queries
Metrics: Accuracy (4-point Likert scale); Clinical concordance (5-point Likert scale); Intraclass correlation coefficient; Flesch Kincaid readability score; Reference verification
	not reported
	ChatGPT-3.5 provided some accurate, patient-friendly breast cancer information but 24% of answers were inaccurate, 41% cited broken/fabricated references, and none met recommended readability levels
	Inaccuracy; Fabricated references; Poor readability; Automation bias risk due to hallucinations; Not suitable for patient education without safeguards
	mixed
	free
	open source, commercial

	[173]
	harnessing large language models for structured reporting in breast ultrasound: a comparative study of open ai (gpt-4.0) and microsoft bing (gpt-4)
	2024
	China
	Clinical Decision Support System (CDSS), Information Extraction Tool, Documentation aid
	Diagnosis, Treatment Planning, Documentation aid
	radiologists
	Breast cancer
	ChatGPT 4, Microsoft Bing (GPT-4)
	1) Web based, 2) not reported (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	text breast ultrasound reports, clinical information, postoperative pathology data
	plain text
	Methods: Retrospective dataset analysis; evaluation by three senior radiologists.
Metrics: accuracy of structured reporting, BI-RADS category correctness, management recommendation appropriateness, AUC for malignancy prediction, ICC for consistency.
	Structured report scoring (structured/incomplete/unstructured), BI-RADS correctness, management recommendations scored (reasonable/partially reasonable/unreasonable), AUC values, ICC, McNemar’s test.
	GPT-4.0 generated structured reports in 88% vs Bing 55%. BI-RADS correct: GPT-4.0 54%, Bing 47%. Management recommendations reasonable: GPT-4.0 81%, Bing 63%. Predicting malignancy AUC: GPT-4.0 0.9317, Bing 0.8177, Radiologists 0.9763.
	Bias due to single-center dataset; limited generalizability; dependence on prompting techniques; risk of erroneous or fabricated outputs; insufficient domain-specific reasoning for nuanced breast imaging cases.
	supportive
	not specified
	open source, commercial

	[174]
	health document presentation in patient-centered recommender systems with carousel interfaces
	2024
	USA
	Data Summarizer, Information Extraction Tool
	Patient education, Communication aid
	patients, caregivers
	Ovarian Cancer
	ChatGPT 3.5-turbo-1106
	1) Web based, 2) not reported (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	Health documents
	plain text summaries
	Methods: Multi-phase user study:
Phase 1: 3 domain experts
Phase 2: 3 nursing students
Phase 3: Consistency testing
Metrics: Acceptance/rejection rates, inter-rater agreement, Cohen’s Kappa
	not reported
	Phase 1: 55% accepted without modification
Phase 2: 78.7% accepted, 20% minor edits, 1.3% rejected
Phase 3: 88% agreement; Cohen’s Kappa = 0.37
	issues with accuracy, missing/inaccurate annotations
	supportive
	not reported
	open source, commercial

	[175]
	health text simplification: an annotated corpus for digestive cancer education and novel strategies for reinforcement learning
	2024
	USA
	Data Summarizer, Patient-facing Chatbot
	Patient education, Screening, Communication aid
	patients
	Digestive cancers
	LLaMA 2, LLaMA 3, GPT-4 (Adaptations: Fine-tuning, Reinforcement Learning (RL), Reinforcement Learning with Human Feedback (RLHF), domain adaptation, prompt-based approaches)
	1) Web based, 2) not reported (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	text educational webpages
	plain text
	Methods: Experiments with benchmark corpora (SimpleDC, Med-EASi); Manual evaluation by experts
Metrics: Automatic simplification metrics (unspecified); Manual quality judgments by experts
	not reported
	Fine-tuned LLaMA performed strongly; novel RLHF reward outperformed baselines; RL/RLHF matched or improved fine-tuning; enabled domain adaptation; RL-enhanced LLaMA surpassed GPT-4 on automatic metrics and experts evaluations
	not reported
	supportive
	not reported
	not reported

	[176]
	how ai responds to common lung cancer questions: chatgpt versus google bard
	2023
	USA
	Patient-Facing Chatbot
	Screening, Education, Communication Aid
	patients
	Lung cancer
	ChatGPT 3.5, Google Bard
	1) Web based, 2) not reported (tool is multilingual), 3) Direct answers (no explainability), 4) Not tailored for specific stakeholders
	text questions
	plain text
	Methods: Comparative evaluation, responses scored by two radiologists
Metrics: Accuracy, Consistency, Odds ratios, 95% CI, p-values
	Accuracy (correct / partially correct / incorrect / unanswered), Consistency (agreement across tools)
	ChatGPT-3.5 answered all 120 questions: 85 (70.8%) correct, 14 (11.7%) partially correct, 21 (17.5%) incorrect; consistency 90%. Google Bard answered 97/120: 62 (51.7%) correct, 11 (9.2%) partially correct, 24 (20%) incorrect, 23 unanswered; consistency 57.5%. ChatGPT-3.5 around 1.5× more likely to be correct/partially correct than Bard (OR=1.55, p=.004). ChatGPT-3.5 around 7× more consistent than Bard (OR=6.65, p=.002).
	hallucinations; training cutoff limitations; inability to differentiate guidelines
	mixed
	free
	open source, commercial

	[177]
	assessing the use of the novel tool claude 3 in comparison to chatgpt 4.0 as an artificial intelligence tool in the diagnosis and therapy of primary head and neck cancer cases
	2024
	Tested in this paper: Germany
	Clinical Decision Support System
	Diagnosis, treatment selection
	Physicians (oncologists and head and neck surgeons in multidisciplinary tumor boards)
	Head and neck squamous cell carcinoma (HNSCC)
	Claude3 Opus, ChatGPT 4.0
	1.) Web-based, 2.) tested in English, 3.) Explainability not specified, 4.) Tool not tailored for specific stakeholders
	User-inputted data (Age, cTx, cNx, tumor localization, p16 status, smoking status, comorbidities, Karnofsky Performance Index %); 
Standardized prompt
	Plain text
	Performance
Summarization
Clinical recommendation
Explanation
Number of therapy options
	Performance: Modified Artificial Intelligence Performance Index (AIPI) (max score = 17)
Summarization: Likert score 1-5 (5=best)
Clinical recommendation: Likert score 1-5 (5=best)
Explanation: Likert score 1-5 (5=best)
Number of therapy options: Likert score 1-5 (5=best)
	Performance: ChatGPT=13.6 and 15.1, Claude=15.2 and 16.3
Summarization: ChatGPT=4.5, Claude=4.37
Clinical recommendation: ChatGPT=4.5, Claude=4.4
Explanation: ChatGPT=4.45, Claude=4.28
Number of therapy options: ChatGPT=4.81, Claude=3.3

Claude = superior to ChatGPT in diagnosis, similar results to ChatGPT re: treatment recommendations
	Tools' recommendations not always in line with most up-to-date clinical guidelines;
Tools have biases toward certain therapeutic approaches (e.g., surgery, chemotherapy);
Claude's responses does not include the sources it used;
Usefulness of tools depend on quality/quantity of inputted data;
Tools do not allow for personalization in treatment planning;
Tools tend to not ask for additional information.
	Mixed - Recommends further studies with larger sample sizes, acknowledges utility of ChatGPT and Claude but emphasizes that they should never replace MTBs even if  improvements to the tools are made down the line
	Not specified
	 

	[178]
	assessing the utility of multimodal large language models (gpt-4 vision and large language and vision assistant) in identifying melanoma across different skin tones
	2024
	Unclear (even corresponding author affiliated with multiple countries)
	Clinical Decision Support System
	Diagnosis
	Physicians (PCPs, providers in remote areas, and medical students/residents)
	Melanoma (skin cancer)
	Large Language and Vision Assistant (LLaVA), GPT-4 Vision (GPT-4V)
	1.) Web-based, 2.) tested in English, 3.) Explainability not specified, 4.) Tool not tailored for specific stakeholders
	User-inputted data (images + questions, instructions, and image-based prompts)
	Plain text
	Accuracy (identifying vs. missing melanoma diagnosis), 
Manipulating ABCDE characteristics of melanoma to identify whether these factors were included in the tools' reasoning
	Accuracy: % correctly identified
ABCDE characteristics: mentioned consistently in reasoning or not (yes vs. no)
	Accuracy: 
GPT-4V = 85% 
LLaVA = 45%

GPT-4V consistently mentioned ABCDEs of melanoma in reasoning (LLaVA did not)

LLaVA could not always recognize melanoma in darker skin tones and did not comment on certain features of images (e.g., ulceration, bleeding)
	The 2 tools place varying emphasis on certain ABCDE characteristics of melanoma (i.e., reasoning methods are not uniform across tools)
Color bias in images submitted (did not perform uniformly across darker/lighter images and skin tones)
	Mixed - Recommends further studies to investigate AI-inherent limitations (e.g., hallucinations, perpetuation of existing biases) before tools can be integrated into clinical care
	Not specified
	 

	[179]
	assessment of artificial intelligence chatbot responses to top searched queries about cancer
	2023
	Tested in this paper: United States
	Patient education
	Screening, diagnosis, treatment selection
	Patients
	Many types of cancer
	ChatGPT 3.5, Perplexity, Chatsonic, Bing AI
	1.) Web-based, 2.) tested in English, 3.) Explainability not specified, 4.) Tool not tailored for specific stakeholders
	User-inputted data (top 5 search queries about top 5 cancers)
	Plain text
	Quality of information
Understandability and actionability of information
Misinformation
Readability
	Quality: DISCERN instrument: score 1-5, 
Understandability and actionability: understandability and actionability domains of Patient Education Materials Assessment Tool (PEMAT): scores 0%-100%, 
Misinformation: Likert score 1-5 assigned by 2 blinded reviewers
Readability: Flesch-Kincaid Grade level readability score
	Quality of information (DISCERN score): *high* median=5, range=2-5

Misinformation: None found

Understandability (PEMAT score): *moderate* median=66.7%, range=33.3%-90.1%

Actionability (PEMAT score): *low* median=20.0%, range=0%-40.0%

Readability (reading level): *high* college-level
	Too high reading level of responses, 
Low actionability of responses, 
Responses may be too short for explaining, complex medical topics to laypeople, 
Not all tools cited their sources, 
Phrasing of questions may affect type/quality of answers, 
Tools do not have the capacity to include visual aids in their responses which may be necessary/helpful when explaining certain concepts.
	Mixed - Recommends further investigation, suggests that tools could be used to be a supplementary but not primary source of medical information for patients
	Free
	 

	[180]
	assessment of challenging oncologic cases: a comparative analysis between chatgpt, gemini, and a multidisciplinary tumor board
	2025
	Tested in this paper: Mexico
	Clinical Decision Support System
	Treatment selection, follow-up
	Physicians (MTB members)
	Many types of cancer
	ChatGPT 4.0, Gemini 1.5 flash
	1.) Web-based, 2.) tested in English, 3.) Explainability not specified, 4.) Tool not tailored for specific stakeholders
	Data extracted from EMR (age, gender, diagnosis and stage, CBC values, tumor markers, imaging results, and treatment history)
	Plain text
	Agreement between the MTB and tools for each decision point (i.e., whether or not the following are recommended for each patient: 1.) new imaging studies, 2.) chemotherapy, 3.) radiotherapy, 4.) surgery)
	Agreement: Cohen's Kappa coefficient
Subgroup analyses done 1.) within individual types of cancers, and 2.) on recommendations more specifically in cases with strong overall agreement
	ChatGPT had statistically significant agreement with MTB on 2.) chemotherapy (fair agreement), 3.) radiotherapy (moderate),  and 4.) surgery (moderate). 

Gemini had statistically significant agreement with MTB on 3.) radiotherapy (fair), and 4.) surgery (slight).

ChatGPT was superior to Gemini in most respects
	Standardized metrics must be created to quantify tool agreement with physicians; 
Prioritizing health data privacy; 
Ensuring transparency of reasoning behind tool-generated recommendations; 
Accountability (who is accountable if adverse outcomes occur as a result of recommendations from the tool); 
These tools are often not working with the most up-to-date medical guidelines/information; 
Oncology deciison-making is often more complex and situation-dependent than these tools can account for;
These tools are not trained on medical/oncological datasets
	Mixed - Recommends further investigation, suggests that tools could eventually be complementary but should not be independent decision-makers
	Not specified
	 

	[181]
	assessment of chatgpt-3.5's knowledge in oncology: comparative study with asco-sep benchmarks
	2024
	Tested in this paper: United States
	Clinical Decision Support System
	Diagnosis, treatment selection, "other"
	Health care providers
	Many types of cancer
	ChatGPT 3.5
	1.) Web-based, 2.) tested in English, 3.) Explainability not specified, 4.) Tool not tailored for specific stakeholders
	1040 multiple choice questions on cancer diagnosis, treatment, and "other" from the American Society of Clinical Oncology Self-Evaluation Program's (ASCO-SEP) educational program
	Not specified
	Accuracy
	Accuracy: Giving the correct response to multiple choice questions (correct answer chosen vs. incorrect answer chosen, no answer chosen, or multiple answers chosen) 
	Accuracy=56.1% (583/1040 questions correct) (below
70% score required for claiming Continuing Medical Education credits with this question bank)

Highest accuracy = developmental therapeutics questions (80% correct)
Lowest accuracy=gastrointestinal cancer questions (48.8% correct)
No significant difference in performance across categories of diagnosis, treatment, and other (p=0.16)
	Oncology has dynamic and rapid advances, which ChatGPT may not be entirely up-to-date on due to being trained on older data
	Mixed - in its current state, ChatGPT should not be used for clinical decision-making, but will hopefully eventually reach a point where it can be used for such purposes  
	Free
	 

	[182]
	assessment of decision-making with locally run and web-based large language models versus human board recommendations in otorhinolaryngology, head and neck surgery
	2025
	Tested in this paper: Germany
	Clinical Decision Support System
	Treatment selection
	Physicians (MTB members)
	Head and neck cancers
	ChatGPT 4.0, Llama 3
	ChatGPT 4.0: 1.) web-based, 2.) prompts given in German, responded in German, 3.) Explainability not specified, 4.) Tool not tailored for specific stakeholders

Llama 3: 1.) locally-run, 2.) prompts given in German, responded in English, 3.) Explainability not specified, 4.) Tool not tailored for specific stakeholders
	25 clinical scenarios created and presented to LLMs with standardized prompt including variables: "age, sex, ECOG stadium, medical history, oncological history, drug consumption (cigarettes, alcohol), tumor entity, localization, frst diagnosis, TNM-stadium, histological type, p16-, PD-L1 status, grading and therapy to date"

If applicable, prompt also included surgeon's
opinion on tumor resection, and stated that situation is being presented to a MTB. Prompt requested treatment plan for each all relevant domanians (surgical-, radio-, systemic- and palliative therapy). ranking of suitable treatments, and 200 word limit for answer.
	Plain text
	Concordance with MTB
Medical adequacy
Whether LLM's decisions could enhance MTB's decisions 
	Concordance: Curative vs palliative therapy plan, first-line therapy
chosen by MTB mentioned, first-line therapy chosen by MTB prioritized (yes/partly/not in concordance)
Medical adequacy: mean score on 6-point Likert-scale (6 is most adequate) 
Decision enhancement: yes/no
	Concordance:
Curative vs. palliative therapy: 
ChatGPT 4.0 = 84% (21/25 cases) 
Llama 3 = 92% (23/25 cases)

Identifying first-line therapy chosen by MTB:
ChatGPT 4.0 = 64% (16/25)
Llama 3 = 60% (15/25) 

Prioritizing first-line therapy chosen by MTB:
ChatGPT 4.0 = 52% (13/25)
Llama 3 = 48% of cases (12/25)

Medical adequacy:
ChatGPT 4.0 = 4.7 (IQR: 4–6)
Llama 3 = 4.3 (IQR: 3–5) 

Decision enhancement: 
Decision enhanced by LLM in 17% of cases (33/200) (high degree of variation from different reviewers, e.g., one reviewer said 0%, another said 33% of cases.)

Overall, ChatGPT was superior to Llama 3
	Llama 3 ignored instructions when it couldn't / didn't want to fulfill them instead of admitting its deficiencies  (e.g., surpassed the imposed word limit in almost every answer sometimes even claiming it did not do so when it did, answered in English not in German) - dangerous implications for medical settings
Patient data privacy concerns with web-based LLMs
MTB physicians will be wary of putting any decision-making power "in the hands of a computer"
Unclear medicolegal implications of giving LLMs decision-making authority
	Supportive - despite Llama 3 being inferior to ChatGPT across every outcome and having various flaws noted in study (e.g., ignoring several aspects of instructions from inputted prompts), authors still recommend its eventual implementation (though noting it should currently only support not replace MTBs)
	ChatGPT 4.0 = Not specified
Llama 3 = free
	 

	[183]
	assessments of lung nodules by an artificial intelligence chatbot using longitudinal ct images
	2025
	Tested in this paper: China
	Clinical Decision Support System
	Screening, diagnosis, clinical monitoring
	Radiologists
	Lung cancer
	GPT-4o
	1.) web-based, 2.) tested in English, 3.) Explainability not specified, 4.) Tool not tailored for specific stakeholders
	Longitudinal CT scans (videos) and standardized prompts including demographic information (age, gender, smoking history), CT image time stamps, image resolution and slice thickness, and malignancy score definition
	Plain text, images (frames from inputted videos) with nodule boundaries detected/drawn, nodule size and change measurements, malignancy probability
	Accuracy (in predicting malignancy)
Nodule size measurements
Ability to capture changes in nodule features
	Predicting malignancy: area under curve (AUC)
Nodule size measurements: intraclass correlation coefficient (ICC)
Changes in nodule features: Likert scores (1-5)
	Predicting malignancy: Average accuracy = 0.88 compared to pathological results (unclear if this is AUC)

Nodule size measurement: ICC = 0.91 compared with manual measurements by radiologists. 
Changes in nodule features: Median Likert score = 4.17
	Not specified
	Supportive - tool showed "convincing accuracy" and stated that it could help with clinical management of lung cancer patients
	Not specified
	 

	[184]
	availability of chatgpt to provide medical information for patients with kidney cancer
	2024
	Tested in this paper: Korea
	Patient education
	Prevention, diagnosis, prognosis, treatment selection
	Patients
	Kidney cancer
	ChatGPT 3.5
	1.) web-based, 2.) tested in English, 3.) Explainability not specified, 4.) Tool not tailored for specific stakeholders
	10 commonly googled questions about kidney cancer symptoms, causes, treatment, prevention, genetics, incidence, metastasis, differences from other cancers, survival rate, probability of recurrence
	Plain text
	Quality
Acceptability
	Acceptability: % of reviewers who mostly agreed with answer for each question (at least 50%)
Quality: adapted version of SERVQUAL model - 5 domains: tangibility, reliability, responsiveness, assurance, empathy (mean Likert score 1-5, with 5 being best) - 1 overall score (not per question)
	Acceptability:
Acceptability rating for all 10 answers > 60%
Q2's answer had highest rating: 91.7% deemed acceptable (disease etiology)
Q8's answer had lowest rating: 62.5% (comparison to other cancers)

Quality:
Tangibility = 4.1
Reliability = 3.4
Responsiveness = 3.2
Assurance = 3.7
Empathy = 3.9
	Tool's answers cannot incorporate most recent trends in treatment 
Tool does not take responsibility for its responses
Tool lacks specialized medical knowledge
	Mixed - tool can respond to common questions with good understandability and accessibility, but substitute provider guidance 
	Free
	 

	[185]
	beyond the surface: assessing gpt-4's accuracy in detecting melanoma and suspicious skin lesions from dermoscopic images
	2025
	Tested in this paper: Canada
	Clinical Decision Support System
	Screening, diagnosis
	Clinicians (generalists and dermatologists, particularly those in remote/rural areas)
	Melanoma (skin cancer)
	GPT-4
	1.) web-based, 2.) tested in Italian, 3.) Explainability not specified, 4.) Tool not tailored for specific stakeholders
	200 dermoscopic images of clinically diagnosed skin lesions (common nevus, atypical nevus, and melanoma), each accompanied by standardized prompt requesting 3 differential diagnoses ordered by likelihood based on the lesion's appearance and morphology
	Plain text
	Accuracy
Sensitivity
Specificity (all for melanoma detection)
	Accuracy: % images correctly identified out of all images
Sensitivity: % images correctly identified as melanoma out of all melanoma images
Specificity: % images correctly identified as nonmelanoma out of all nonmelanoma images
	Accuracy: 
65.50% (95% CI: 58.47%- 72.06%)

Sensitivity: 
52.50% (95% CI: 36.13%-68.49%)

Specificity: 
68.75% (95% CI: 60.96%-75.83%)
	Commonly had false positives, which may cause false alarm in patients and unneccesarily increase referrals
Tool underperforms in regards to having false negatives, suggesting it is prone to missing some early cancer warning signs 
	Critical - authors concluded this tool should neither replace nor support decision-making for melanoma identification due to underperformance compared to real clinicians (other AI tools should be investigated instead)
	Not specified
	 

	[186]
	bi-rads category assignments by gpt-3.5, gpt-4, and google bard: a multilanguage study
	2024
	Switzerland, Holland, United States
	Decision Support Tool
	Screening, diagnosis
	Radiologists
	Breast Cancer screening
	GPT-3.5 and GPT-4 (OpenAI) and Bard, now called Gemini (Google)
	1)web-based
	report containing a complete description of imaging findings (no images were included). Reports in English, Italian, or Dutch. Total of 2400 reports, 800 in each language
	Plain text
	Human-human agreement; Human-LLM agreement; cross language agreement
	Gwet agreement coefficients (AC1 values) and their 95% CI.
Interpreted according to the Landis and Koch scale: 
0–0.20, slight agreement; 
0.21–0.40, fair agreement; 
0.41–0.60, moderate agreement; 
0.61–0.80, substantial agreement;
0.81–1.00, almost perfect agreement.
	Human-human agreement: 0.91 (0.90, 0.92);
Human–GPT-3.5: 0.48 (0.47, 0.48);
Human--GPT-4: 0.52 (0.51, 0.53);
Human-Bard: 0.42 (0.39, 0.43);
GPT-3.5--GPT-4: 0.65 (0.62, 0.67);
GPT-3.5–Bard: 0.54 (0.51, 0.55);
GPT-4–Bard: 0.57 (0.55, 0.59)
	large language models (LLMs) have shown promising results for simple tasks, but their performance in more complex tasks is not as good
	Critical - authors concluded this tool should neither replace nor support decision-making for categorizing breast imaging reports
	Not specified
	commercial

	[187]
	can artificial intelligence provide accurate and reliable answers to cancer patients’ questions about cancer pain? comparison of chatbots based on esmo cancer pain guideline
	2024
	Turkey
	Patient education
	Prognosis, treatment information
	Patients
	Cancer pain
	Google Bard, ChatGPT-4 (premium
version), ChatGPT-3.5 (free version), Perplexity and Chatsonic
	unspecified
	20 cancer pain-related questions were developed using the European Society of Medical Oncology (ESMO) cancer pain patient guide
	Plain text
	Accuracy, readability, and stability
	Percentage Accuracy and Stability; Readability: grade level
	Accuracy, readability and stability rate of response
Google Bard: Accuracy: 94%; Readability: 14; Stability: 100%
ChatGPT-4: Accuracy: 96%; Readability: 13.4; Stability: 100%
ChatGPT-3.5: Accuracy: 96%; Readability: 13.6; Stability: 100%
Perplexity: Accuracy: 86%; Readability: 11.2 Stability: NA
Chatsonic: Accuracy: 90%; Readability: 13.9; Stability: 80%
	LLMs dependent on prompt wording; LLMs develop rapidly so evolution is fast
	Critical: resources are deficient in
terms of content and being up-to-date, all the chatbots are insufficient in terms of accurate information for cancer patients and their families.
	GPT-4 paid, others not specified
	commercial

	[188]
	can artificial intelligence software be utilised for thyroid multi-disciplinary team outcomes?
	2025
	United Kingdom
	Decision Support Tool
	Screening, diagnosis
	Clinicians 
	Thyroid Cancer
	ChatGPT- 4TM 
	unspecified
	30 thyroid cases
	Plain text
	Condordance with the British Thyroid Association Guidelines for the Management of Thyroid Cancer
	Percentage condordance from Level 1 to levels 1 through 4 (Y1 -Y4) 
	Concordance: 
Y1 20/30 (67%) (highest level of condordance); 
Y2 5/30 (17%); Y3 1/30 (3%); Y4 (0); Discordant 4/30 (13%)
	GPT is Frequently updated--fast evolution
	Mixed: exciting for the future but not there yet
	Unspecified
	commercial

	[189]
	can chatgpt provide quality information on integrative oncology? a brief report
	2024
	Hong Kong, Australia
	Patient education
	Diagnosis
	Patients
	Use of complementary and integretative medicine for managing treatment toxicity or symptoms
	ChatGPT 3.5
	unspecified
	8 questions
	Plain text
	Quality
	Used the Quality Evaluation Scoring Tool (QUEST) to rate responses on: attribution, type of study, conflict of interest, currency, complementarity and tone (score of 26)
	Median scores were between 13 and 16 (moderate quality)
	This version of GPT trained on data from 2021 and prior, so is not up to date.
	Mixed--has promise but not ready for patients to rely on it
	Free
	commercial

	[190]
	can chatgpt, an artificial intelligence language model, provide accurate and high-quality patient information on prostate cancer?
	2023
	Turkey
	Patient education
	Information
	Patients
	Prostate cancer
	ChatGPT (version unknown)
	unspecified
	59 queries developed based on European Association of Urology Patient Information.
	Plain text
	Accuracy; Precision, Recall; F1 Score
	Accuracy--Assessed by likert scale
Precision = TP / (TP + FP)
Recall = TP / (TP + FN)
F1 Score = 2 * (Precision * Recall) / (Precision + Recall)
TP=True Positive; FP=False Positive; TN=True Negative; FN=False Negative
	General Quality Score=3.62 (Scale of 1 through 5)
F1=0.43; Precision=0.35; Recall=0.55; Cosine Similarity=0.61
	LLMs are trained to generate responses that are grammatically correct, but they are not designed to guarantee the accuracy of the information they generate.
	Critical--inaccuracies and potential misunderstandings
	Unspecified
	commercial

	[191]
	can large language models aid caregivers of pediatric cancer patients in information seeking? a cross-sectional investigation
	2025
	USA
	Patient education
	Condition, treatment, side effect information for caregivers of pediatric cancer patients
	Caregivers of Patients
	Pediatric oncology
	ChatGPT (GPT- 4), Google Bard (Gemini Pro), Microsoft Bing Chat, and Google SGE
	unspecified
	26 questions created by a panel of oncologists
	Plain text
	Accuracy, clarity, inclusivity, completeness, clinical utility, and overall rating
	Accuracy (1-3);  clarity (1-3), inclusivity (1-3), completeness (0/1), clinical utility (1-5), and overall rating (1-4)
There is also a free text analysis of empathy
	ChatGPT shows high overall performance when evaluated by the experts. Bard also performed well, especially in accuracy and clarity of the responses, whereas Bing Chat and Google SGE had lower overall scores.  Google SGE generated the most readable responses. ChatGPT answered with the most complexity. LLM tools varied significantly (p < 0.001) across all expert evaluations except inclusivity. Through our thematic analysis of expert free- text comments, emotional tone and empathy emerged as a theme.
	AI disclosure (presumably of references) is essential to stem the risk of misinformation.
	Mixed--providers should remain cautious regarding AI tools
	Unspecified
	commercial

	[192]
	can patients with urogenital cancer rely on artificial intelligence chatbots for treatment decisions?
	2024
	Turkey
	Patient education
	Treatment selection
	Patients
	urogenital cancers
	ChatGPT, Gemini, Copilot
	unspecified
	the most searched questions about prostate, bladder, kidney and testicular cancer treatment from Google Trends were converted into questions 
	Plain text
	Reliability, readability, quality, understandability
	DISCERN scores: each of 16 questions rated from 1 thru 5. 15-26 indicates poor quality, 27- 38 indicates low quality, 39-50 indicates average quality, 51-62 indicates good quality and 63-75 indicates excellent quality. Readability based on Coleman Liau scores. Understandability based on PEMAT-P
	The DISCERN score evaluation indicates that ChatGPT(41) and Gemini (42) provided moderate quality information, while Copilot’s (35). was low. PEMAT-P Understandability scores were low (40%) and PEMAT-P Actionability scores were moderate only for Gemini (60%) and low for the others (40%). Their readability according to the Coleman-Liau index was above the college level.
	Some LLMs provided information without references and that none of them addressed the side effects of treatment, the effects of not receiving treatment, and the effects of treatment on quality of life were the main reason for the moderate level of the total DISCERN score
	Critical--cannot replace human medical advice
	Not specified
	commercial

	[193]
	challenging chatgpt 3.5 in senology—an assessment of concordance with breast cancer tumor board decision making
	2023
	Germany
	Decision Support Tool
	Diagnosis
	Oncologists/tumor board
	Breast cancer
	ChatGPT 3.5
	free
	20 patient profiles designed by a physician
	Plain text
	Concordance between tumor board and LLM
	Descriptive % for each profile and each treatment option
	Concordance was 50%--removing genetic testing resulted in in 68.4% concordance
	ChatGPT doesn't always take individual patient information into account when making recommendations. There are some hallucinations.
	Mixed - in its current state, ChatGPT should not be used for clinical decision-making, but will hopefully eventually reach a point where it can be used for such purposes  
	free
	commercial

	[194]
	chatgpt accurately performs genetic counseling for gynecologic cancers
	2024
	USA
	Patient education
	Prognosis, treatment information
	Patients
	Breast cancer--genetics
	ChatGPT (version unknown)
	No references, limited tool per OpenAI
	40 questions designed by providers
	Plain text
	Comprehensive and correct
	scored by raters
	ChatGPT provided correct and comprehensive answers to 33/40 (82.5%) questions, correct but not comprehensive answers to 6/40 (15%), partially incorrect answers to 1/40 (2.5%) questions, and incorrect answers to 0/40 (0%). The genetic counseling category of questions had the highest proportion of answers that were both correct and comprehensive with ChatGPT answering all 20/20 questions with 100% accuracy/comprehensiveness
	ChatGPT doesn't provide references
	supportive
	free
	commercial

	[195]
	chatgpt and oral cancer: a study on informational reliability
	2025
	Turkey
	Patient education
	Prognosis, treatment information
	Patients
	Oral Cancers
	ChatGPT 3.5
	Not specified
	20 questions based on Google trends
	Plain text
	Accuracy
	scored by raters using Likert scale: 
1—very poor
2—poor
3—acceptable
4—good
5—very good
	The mean score was 4.49±0.03. Out of a total of 80 evaluations
by 4 specialists for 20 ChatGPT responses, 41 (51.25%) were very good, 37 (46.25%) were good, and 2 (2.50%) were acceptable.
	LLMs like ChatGPT generate incorrect information learned during training, based on the user’s input, referred to as hallucinations.
	Mixed--generally helpful, but no references and not always based on real information
	Free
	commercial

	[196]
	chatgpt as a patient education tool in colorectal cancer—an in-depth assessment of efficacy, quality and readability
	2025
	Australia
	Patient education
	Prognosis, treatment information
	Patients
	Colorectal cancer
	ChatGPT 4.0
	Not specified
	8 questions based on Google trends
	Plain text
	Accuracy, safety, appropriateness, actionability and effectiveness
	Answers were evaluated using validated tools: the Patient Education Materials Assessment Tool (PEMAT-AI), modified DISCERN (DISCERN-AI) and Global Quality Score (GQS). A number of readability assessments were measured including Flesch Reading Ease (FRE) and the Gunning Fog Index (GFI)
	Accuracy: median 4, safe 4.25, appropriate 4, actionable 4, and effective 4. Quality assessments rated PEMAT-AI as very good 71.43, DISCERN-AI as fair 12.00 and GQS as high 4.0. Readability scores indicated a high difficulty level (FRE 47.00, GFI 12.40
	Significant chance of misinformation which might lead to harm
	Mixed--better readability needed, but LLMs can be helpful to integrate into clinical care
	Not specified
	commercial

	[197]
	chatgpt can help guide and empower patients after prostate cancer diagnosis
	2024
	Australia
	Patient education
	Prognosis, treatment information
	Patients
	Prostate cancer
	ChatGPT 3.5
	Not specified
	10 commonly asked questions about prostate cancer
	Plain text
	Appropriateness and quality
	PEMAT scores for understandability and actionability; QUEST score
	Understandability mean=91.7%; Actionability=76%; QUEST mean 40.4%
	Good overall, but not patient specific responses
	Mixed--better readability needed, but LLMs can be helpful to integrate into clinical care
	Not specified
	commercial

	[198]
	chatgpt compared to national guidelines for management of ovarian cancer: did chatgpt get it right? – a memorial sloan kettering cancer center team ovary study
	2024
	USA
	Patient education
	Prognosis, treatment information
	Patients
	Ovarian cancer
	ChatGPT 4.0
	Not specified
	10 questions based on National Comprehensive Cancer Network (NCCN) Guidelines.
	Plain text
	Accuracy and completeness
	0 was defined as inaccurate, 1 as accurate and incomplete, and 2 as accurate and complete. 5 providers did the scoring. Compared NCCN with prompted and unprompted GPT
	Overall, 48% of responses from NCCN, 64% from unprompted GPT, and 66% from prompted GPT were accurate and complete.
	GPT-4 is not able to reliably identify its sources of training, and the manner in which it assigns weight to sources used to generate responses remains unclear
	Mixed--can be hepful to patients but needs to be overseen and confirmed by providers
	Not specified
	commercial

	[199]
	chatgpt in glioma adjuvant therapy decision making: ready to assume the role of a doctor in the tumour board?
	2023
	Switzerland
	Decision Support Tool
	Diagnosis, treatment selection
	Oncologists/tumor board
	Brain/CNS tumors
	ChatGPT 3.5
	Not specified
	10 glioma cases from institutions tumor board registry
	Plain text
	Accuracy and completeness of treatment choice and regimen
	0 (complete disagreement) to 10 (complete agreement). Seven raters participated.
	The ratings were poor for diagnosis (median 3), good for treatment recommendation (median 7), good for therapy regimen (7), moderate for functional status consideration (median 6) and moderate for overall agreement with the recommendations (5)
	It displayed limited precision in identifying specific tumor subtypes and was not good at diagnoses
	Mixed- at this stage info from LLMs need human verification
	Not specified
	commercial

	[200]
	chat-gpt on brain tumors: an examination of artificial intelligence/machine learning's ability to provide diagnoses and treatment plans for example neuro-oncology cases
	2024
	USA and Turkey
	Decision Support Tool
	Diagnosis, treatment selection
	Oncologists
	Breast cancer
	ChatGPT 3.5, ChatGPT 4
	Not specified
	20 cases from textbooks
	Plain text
	Accuracy of the answers to the following: 
(1) What is the diagnosis & what is the differential diagnosis?
(2) What are the treatment / surgical options 
(3) What is your treatment plan 
(4) What is the prognosis of patients with this disease
	Rated on a scale of 1 through 10
	GPT 3.5 Diagnosis, treatment plan, overall performance  mean approx 6; GPT 4: Diagnosis, treatment plan, overall performance mean approx 8
	artificial intelligence is a computer algorithm, and while it can recognize and organize data at incredible speeds, they do not possess or decisionmaking capacity, ethical concerns
	Critical--cannot replace clinicians
	Not specified
	commercial

	[201]
	chatgpt on guidelines: providing contextual knowledge to gpt allows it to provide advice on appropriate colonoscopy intervals
	2024
	Singapore
	Decision Support Tool
	Diagnosis
	Non-specialist providers
	Colonoscopy
	ChatGPT 4.0 and an enhanced version of ChatGPT 4
	For the enhanced version, the guidelines were processed into a knowledge base,in order to facilitate querying the LLM
	Detailed sets of guidelines from the US. Programming done with Python.
	Plain text
	Correct responses to scenarios. 62 dcenarios were presented.
	Rated on a scale of 1 through 10
	The contextualized/enhanced GPT outperformed the standard in all domains. For recommendation of appropriate colonoscopy intervals, the contextualized GPT4 model had better performance (79% correct intervals) vs the standard GPT4 model (51% correct intervals)
The difference was statistically signiﬁcant in the direction of the enhanced model in all risk categories as well.
	No standard way to optimize prompts. The underlying models are non-open source.
	Very supportive of enhanced model
	Not specified
	commercial and research (enhanced model)

	[202]
	chatgpt v4 outperforming v3.5 on cancer treatment recommendations in quality, clinical guideline, and expert opinion concordance
	2024
	Taiwan
	Decision Support Tool
	Treatment selection
	Patients
	Prostate cancer, kidney, and bladder cancers
	ChatGPT 3.5, ChatGPT 4
	In contrast, ChatGPT-4 (gpt-4-0613 model) is the most sophisticated in the GPT series, known for handling complex tasks with greater depth but with a slower response time  
	16 prompts
	Plain text
	Correctness, comprehensiveness, specificity, and appropriateness
	Rated on a scale of 1 through 5
	GPT 4 better than GPT 3.5 in these domains:
Correctness
3.3 vs 4.8 (p<.001)
comprehensiveness
2.1 vs 4.6 (p<.001)
specificity
1.4 vs 3.8 (p<.001)
appropriateness
2.3 vs 4.6 (p<.001)
	Responses may be a mixture of correct and incorrect advice. With an error rate of 9.5%, non-experts may struggle to identify inaccurate recommendations,  which isa significant ethical concern 
	Mixed--can be helpful to patients but needs to be overseen and confirmed by providers
	ChatGPT 3.5 = free; ChatGPT 4.0=paid
	commercial

	[203]
	chatgpt vs. gemini: comparative accuracy and efficiency in lung-rads score assignment from radiology reports
	2025
	USA
	Decision Support Tool
	Prognosis, treatment information
	Clinicians/radiologists
	Lung cancer
	ChatGPT-3.5, ChatGPT-4o, Google Gemini, and Google Gemini Advanced
	Not specified
	242 radiology reports in order for the LLM to give  Lung-RADS (Lung Image Reporting and Data System) score from lung cancer screening low-dose CT (LDCT) report. 
	Plain text
	Accurate Lung-RADS score
	Y/N
	GPT-4o demonstrated the highest accuracy in assigning Lung-RADS scores.
A total of 242 LDCT reports were included in the final analysis, where ChatGPT-4o was found to produce a Lung-RADS score from the assigned reports in 97 % of the cases whereas ChatGPT-3.5 assigned a score in case of 83 % of cases, and both Gemini and Gemini Advanced failed to produce a score in >20 % of cases. 
	the LLMs studied did not have access to all the information pertinent to the patient including the CT images, relevant clinical data of medical/social history, and diagnostic test results.
	Mixed- at this stage info from LLMs need human verification
	Not specified
	commercial

	[204]
	chatgpt vs. surgeons on pancreatic cancer queries: accuracy & empathy evaluated by patients and experts
	2025
	Germany
	Decision Support Tool
	Prognosis, treatment information
	Patients
	Pancreatic cancer
	ChatGPT 4.0
	Not specified
	10 commonly asked questions about pancreatic cancer surgery
	Plain text
	Evaluated endpoints were:
(1) agreement with the content of the response
(2)comprehensibility for laypersons
(3)for patient representatives the perceived empathy conveyed in the answer.
	Likert scale spanning from 1 to 5, where 1 denotes strongly disagree, 2 signifies partially disagree, 3 is ‘neutral’, 4 indicates ‘partially agree’, and 5 represents ‘strongly agree’.
	Patients rated GPT as better than surgeons on Agreement on Content, Lay Comprehension and Empathy
	GPT not optimized for medical uses, currently a limited dataset within GPT
	Mixed - tool can respond to common questions with good understandability and accessibility, but not a substitute for provider guidance 
	Not specified
	commercial

	[205]
	chatgpt, google, or pink? who provides the most reliable information on side effects of systemic therapy for early breast cancer?
	2025
	Germany
	Decision Support Tool
	Treatment selection
	Patients
	Breast cancer
	AI in the form of ChatGPT 3.5 and 4.0, Google, and the website of PINK, a provider of a  prescription-based mobile health app for patients with BC
	Google Search is an internet-based information retrieval service that uses algorithms; PINK: PINK! Coach is a therapy-accompanying App for patients with BC from the time of diagnosis to the final follow-up;  the AI ChatGPT , which is publicly available--in contrast to classic web searches, the input is made as a normal question.
	Each digital medium reported up to five side effects for each of the twenty evaluated drugs
	Plain text
	Accuracy in reporting of side effects
	The ranking for each drug was as follows: 2 points if the side effect was mentioned correctly, 1 point if only the category of the side effect was mentioned without a specific side effect and 0 if the side effect wasn’t reported
	The best score in the overall comparison was achieved by ChatGPT 3.5 with 67.5% (135 points), followed by ChatGPT 4.0 with 67% (134 points). The answers between the two software versions therefore differed in terms of content. Google scored 80 points (40.0%) in the overall comparison and PINK 119 points (59.5%). 
	The digital media provide good, but only moderately congruent information with the specialized information
	Mixed - tool can respond to some questions with good understandability and accessibility, but not a substitute for provider guidance 
	GPT 4 is paid
	commercial

	[206]
	chatgpt: is this patient education tool for urological malignancies readable for the general population?
	2024
	Australia
	Decision Support Tool
	Treatment selection, follow-up
	Patients
	urogenital cancers
	GPT (unclear which version)
	Not specified
	"A number of questions" about urological cancers
	Plain text
	Readability of responses of the GPT (Flesch-Kincaid) The same scoring system was then applied to patient information sheets from Mayo Clinic, Cancer Council Australia and UpToDate.
	Flesch-Kincaid: This assessment tool takes into account the length of sentences and the number of syllables per word to determine the level of reading difficulty of a text. It is scored from 0–100, with a higher score reflecting a text that is easier to read.
	The average readability score for information provided by ChatGPT was 31.2 ± 12.6, compared with the 41.3 ± 5.5 (p = 0.26) for UpToDate Beyond Basics, 47.5 ± 5.1 (p = 0.17) for CCA, 53.7 ± 3.5 for the Mayo Clinic (p = 0.11), and 64.9 ± 12.6 (p = 0.09) for UpToDate Basics. There was no statistically significant difference
	The current ChatGPT-4 model is still based on information from 2021, meaning that current medical advancements are not included in the responses/knowledge base
	Mixed--better readability needed, but LLMs can be helpful to integrate into clinical care. Not a substitute for clinicians
	paid
	commercial

	[207]
	chatgpt’s performance in spinal metastasis cases—can we discuss our complex cases with chatgpt?
	2024
	Austria and Switzerland
	Decision Support Tool
	Treatment selection
	Providers
	spinal metastases
	ChatGPT 4.0
	ChatGPT which resembles an NLP model and has is trained to generate comprehensive and contextual responses to a variety of subjects
	Five spine metastasis questions
	Plain
	Agreement between 5 spine surgeon raters and GPT
	For the analysis of binary answers, median and quartiles were used, and Fisher’s exact test was used for frequencies. Rater agreement was measured by Fleiss’ Kappa 
	ChatGPT’s treatment recommendations agreed with the majority of human raters in 73% of treatment choices, with moderate to substantial agreement on systemic therapy, pain management, and supportive care. However, ChatGPT’s recommendations tended towards general statements rather than tailored responses
	Data protection and safety is are crucial aspects to avoid potential misuse of medical data or even identity theft and to maintain privacy and safeguard data security
	Mixed--has potential but currently limited
	paid
	commercial

	[208]
	chatgpt4 outperforms endoscopists for determination of postcolonoscopy rescreening and surveillance recommendations
	2024
	USA
	Decision Support Tool
	Follow-up planning
	Oncologists
	colonoscopies
	ChatGPT 4.0
	GPT is trained on Azure AI (Microsoft Corporation) from training data based on 1.7 trillion parameters. The training data include information from the internet and published texts. ChatGPT is a text interface.
	Clinical notes for 505 patients
	Plain text
	The primary outcome was to find the overall accuracy and concordance of recommendations between ChatGPT4 and a reference USMSTF Panel. The secondary outcome was to determine the reliability of interval recommendations made by ChatGPT4, a USMSTF Panel, and a real world GI practice.
	Accuracy was calculated for ChatGPT4 using the USMSTF Panel as the reference. The Fleiss k statistic was used to measure interrater reliability of rescreening and surveillance recommendations from ChatGPT4, the USMSTF Panel, and the gastroenterology practice.
	ChatGPT4 recs agreed with the USMSTF Panel in 85.7% of cases, compared with recs of the GI practice with the Panel in 75.4% of cases (McNemar test, P < .001). Inter-rater reliability was good (k, 0.786; 95% CI, 0.734–0.838; P < .001) for ChatGPT4 vs the USMSTF Panel (Figure 2). Inter-rater reliability was fair (k, 0.543; 95% CI, 0.493–0.594; P < .001) for ChatGPT4 vs GI practice.
	We note that ChatGPT4 provided 44 discordant earlier follow-up responses
	Mixed--more training of the AI needed, but the results here are positive
	paid
	commercial

	[209]
	chatgpt's gastrointestinal tumor board tango: a limping dance partner?
	2024
	Germany
	Decision Support Tool
	Treatment selection, follow-up
	Oncologists
	GI tumors
	ChatGPT 3.5
	Not specified
	115 patients from the tumor board
	Plain text
	Therefore, this study seeks to determine the reliability and replicability of ChatGPT’s recommendations compared to those of a MTB for gastrointestinal tumor cases, along with examining reproducibility.
	Categorical variables were compared using chi-squared test and Fisher’s exact test.
	Overall concordance of 83% (77 out of 93 cases), with the highest observed in gastric cancer (GC),pancreatic ductal adenocarcinoma (PDAC), esophageal cancer (EC), and cholangiocarcinoma (CCC) at 87.5%, 84%, 84%, and 82%
	Ethical concerns regarding patient safety and the quality of care show further development and caution before integrating  ChatGPT into  healthcare contexts.
	Mixed - in its current state, ChatGPT should not be used for clinical decision-making, but will hopefully eventually reach a point where it can be used for such purposes  
	free
	commercial

	[210]
	colorectal cancer prevention: is chat generative pretrained transformer (chat gpt) ready to assist physicians in determining appropriate screening and surveillance recommendations?
	2024
	Argentina
	Decision Support Tool
	Screening, diagnosis
	Oncologists
	Colorectal cancer
	ChatGPT 3.5
	Advanced language models developed with AI use deep learning to produce human-like responses to natural language inputs. These models get capabilities by collecting information & learning from large amounts of data.
	An assessment with 10 multiple choice questions, including 5 Colorectal Cancer (CRC) screenings and 5 CRC surveillance clinical vignettes
	plain text
	The primary outcome of the study was to determine the accuracy of ChatGPT. A secondary outcome was to compare the performance between ChatGPT and expert physicians
	The chi-sq test and t-test were used to compare categorical and continuous variables between groups
	The average overall performance of ChatGPT was 45%. The mean number of correct answers was 2.75 (95% CI: 2.26-3.24), 1.75 (95% CI: 1.26-2.24), and 4.5 (95% CI: 3.93-5.07) for screening, surveillance, and total questions, respectively. 
	Unfortunately, current evidence suggests that this platform requires further refinements to match the performance of qualified physicians.
	Critical--GPT got a lot of wrong answers
	free
	commercial

	[211]
	communicative competence of generative artificial intelligence in responding to patient queries about colorectal cancer surgery
	2024
	South Korea
	Decision Support Tool
	Treatment selection, follow-up
	Patients
	Colorectal cancer
	GPT-4, Google Bard, CLOVA X
	Not specified
	A total of 10 questions were selected, four from the hospital websites and six from a direct patient survey.
	plain text
	accuracy of information, completeness of answer, level of empathy, humanness, patient satisfaction
	Analysis of variance (ANOVA) was used to compare the mean scores between the evaluated entities, comprising the three GAI tools and an information book.
	In an analysis including only providers, the information book scored 11.8 ± 1.2, GPT-4 scored 13.5 ± 1.1, Google Bard scored 11.5 ± 0.7, and CLOVA X scored 12.2 ± 1.4 (P = 0.001). The score of GPT-4 was significantly higher than those of the information book (P = 0.020) and Google Bard (P = 0.001). 
	It is important to consider that patients may have limited ability to recognize inaccuracies or hallucinations in the responses provided by GAI which does happen
	Positive--may facilitate communication between providers and patients
	Not specified
	commercial

	[212]
	comparative analysis of generative pre-trained transformer models in oncogene-driven non-small cell lung cancer: introducing the generative artificial intelligence performance score
	2024
	USA
	Decision Support Tool
	Treatment selection
	Oncologists
	non-small cell lung cancer
	GPT 3.5 and 4.0
	While GPT-3.5 was built with 175 billion parameters, GPT-4 was built with significantly more (the exact number has not been publicly detailed by OpenAI), allowing for better understanding and generation capabilities.
	For data collection, we used the same zero-shot prompt, “Create a next-generation sequencing report with a list of first-line treatment options for a patient with stage IV nonsmall cell lung cancer with an (oncogenic driver).”
	Plain text
	Accuracy, relevancy, and hallucinations. For data collection, used the same zero-shot prompt, “Create a next-generation sequencing report with a list of f irst-line treatment options for a patient with stage IV nonsmall cell lung cancer with an (oncogenic driver).”
	Creation of a Generative AI Performance Score (G-PS). Responses were assessed against  (NCCN) guidelines for accuracy, relevance, and hallucinations, with G-PS calculating scores from–1 (all hallucinations) to 1 (fully NCCN-compliant recommendations).
	Analyzing 160 to input, GPT4  outperformed GPT-3.5, showing higher score (90% v 60%;P <.01) and fewer hallucinations (34% v 53%; P < .01). GPT-4’s overall G-PS was significantly higher (0.34 v–0.15; P < .01), indicating superior performance.
	Transparency in sources used by LLMs would be helpful in assessing utility.
	Mixed--generative AI tools have the potential to enhance decision making and optimize patient care; however, further oncology-specific training and validation  are needed before they can be used
	Not specified
	commercial

	[213]
	comparing chatgpt-3.5 and chatgpt-4’s alignments with the german evidence-based s3 guideline for adult soft tissue sarcoma
	2024
	Germany
	Decision Support Tool
	Diagnosis, treatment selection
	Oncologists
	Sarcoma
	GPT 3.5 and 4.0
	Not specified
	80 questions
	Plain text
	Accuracy and adequacy
	Accuracy assessed on 6 point Likert scale and adequacy assessed on a 5 point scale
	The median accuracy scores of ChatGPT-3.5 and ChatGPT-4 was 5.0 (2.6–6.0) and 5.5 (4.1–6) with the overall adequacy score of 4.0 (2.1–5.0) and 5.0 (4.0–5.0), respectively. ChatGPT-4 outperformed ChatGPT-3.5 regarding both overall accuracy and adequacy of responses to questions (p<0.001, and p<0.001).
	The GPT did well but also provided answers that would be life threatening if put into practice. It is currently unsafe and unethical to utilize its responses as the basis for directing actual practices.
	mixed--it has promise but isn't ready to be used in it's current iteration
	Not specified
	commercial

	[214]
	comparing the management recommendations of large language model and colorectal cancer multidisciplinary team: a pilot study
	2024
	USA, Egypt, Israel (cases from US)
	Decision Support Tool
	Diagnosis, treatment selection
	Oncologists/tumor board
	Colorectal cancer
	ChatGPT 3.5
	Not specified
	15 patients who were discussed at tumor board meetings
	Plain text
	Concordance between tumor board and LLM
	1=Complete disagreement to 5=Complete Agreement
	Average concordance rating between tumor board and GPT of 4.08
	Dependent on the current knowledge base which may not be current
	supportive because of high concordance
	free
	commercial

	[215]
	comparing the performance of chatgpt and ernie bot in answering questions regarding liver cancer interventional radiology in chinese and english contexts: a comparative study
	2025
	China
	Decision Support Tool
	Diagnosis, treatment selection
	Oncologists
	Liver cancer
	ChatGPT 4.0 and Ernie Bot 4
	Like ChatGPT, ERNIE Bot is a new knowledge-enhanced big LLM from Baidu in China.
	38 questions developed by providers
	Plain text
	Accuracy and comprehensiveness
	5 point Likert scale
	ERNIE Bot is better than ChatGPT in the Chinese language  context (ERNIE Bot: 5, 89.47%; 4, 10.53%; 3, 0%; 2, 0%; 1, 0% vs ChatGPT: 5, 57.89%; 4, 5.27%; 3, 34.21%; 2, 2.63%; 1, 0%; P=0.001). 
ChatGPT did better than ERNIE Bot in the English language context (ERNIE Bot: 5, 73.68%; 4, 2.63%; 3, 13.16; 2, 10.53%；1, 0% vs ChatGPT: 5, 92.11%; 4, 2.63%; 3, 5.26%; 2, 0%; 1, 0%; P=0.026).
	ChatGPT’s weaker performance in Chinese underscores the challenges faced by general-purpose models when applied to linguisticulturally diverse healthcare environments.
	Mixed--shows promise but needs more work
	Not specified
	commercial

	[216]
	comparison of large language models in answering immuno-oncology questions: a cross-sectional study
	2024
	USA
	Decision Support Tool
	Diagnosis, treatment selection
	Oncologists
	Immuno-oncology
	ChatGPT 3.5, ChatGPT 4, Google Bard
	Not specified
	60 open ended questions
	Plain text
	reproducibility, accuracy, relevance, and readability
	Answer returned: Yes/No; Reproducibility: Yes/No; Accuracy; Readability; Relevance (low 1- high 3)
	Accuracy: the numbers of answers deemed fully correct were 31 (58.5%), 43 (75.4%), and 7 (43.8%) for ChatGPT-3.5, ChatGPT-4, and Google Bard, respectively.
The numbers of highly readable answers were greater for ChatGPT-3.5 and ChatGPT-4 (52 [98.1%] and 57 [100%]) compared to Google Bard (14 [87.5%]) 
	ChatGPT was  trained on specific datasets valid up to September 2021. On the contrary, other LLMs (including BingAI) can remain up to date.
	Mixed - in its current state, ChatGPT should not be used for clinical decision-making, a person needs to be involved
	Chat GPT 3.5 is free 4.0 is paid Bard (unspecified)
	commercial

	[217]
	consulting the digital doctor: google versus chatgpt as sources of information on breast implant-associated anaplastic large cell lymphoma and breast implant illness
	2024
	USA and Italy
	Decision Support Tool
	Diagnosis, treatment selection
	patients
	breast implant-associated anaplastic large cell lymphoma
	ChatGPT 3.5 and Google
	This large language model (LLM) incorporates
artificial intelligence (AI) and natural language processing (NLP) to simulate human-like responses.
	20 questions based on Google trends
	Plain text
	Quality
	Quality score from 1 through 5; 1=Poor quality and 5=Excellent quality
	The average score for Google was 2.72 ± 1.44. 
Meanwhile, the average score for ChatGPT was 4.18 ± 1.04.
	Unreliable references are a problem for GPT
	Mixed but has the potential to be very useful
	Free (3.5 used for this reason)
	commercial

	[218]
	conversational artificial intelligence (chatgpt™) in the management of complex colorectal cancer patients: early experience
	2024
	Korea
	Decision Support Tool
	Diagnosis, treatment selection
	Oncologists/tumor board
	Colorectal cancer
	ChatGPT 3.5
	Not specified
	30 cases of Stage IV colorectal cancer cases that went through the tumor board
	Plain text
	Accuracy/concordance with tumor board
	If the decision from the tumor board
matches the ﬁrst treatment recommendation of
chatGPT this was classiﬁed as level 1 concordance (Y1).
When the MDT decision concords with the second treatment rec of chatGPT, the concordance was deﬁned as Y2. 
	ChatGPT achieved an 86.7% concordance rate, with 73.3% of level 1 concordance and 13.5% of level 2 concordance.
	Not specified
	supportive because of high concordance
	free
	commercial
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