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ABSTRACT 

Artificial intelligence chatbots and large language models are increasingly used to obtain, simplify, and personalize medical 
information for patients. This narrative medical review synthesizes 40 recent studies on chatbot-supported patient education 
across emergency medicine, cardiology, oncology, ophthalmology, gastroenterology, dermatology, orthopedics, 
otolaryngology, urology, pain medicine, nursing, and health-literacy research. The review evaluates opportunities, risks, and 
ethical challenges associated with patient-facing AI communication. The evidence suggests that chatbots can generate fluent 
explanations, improve access to plain-language materials, support appointment preparation, and reduce the workload of 
drafting educational content. However, important limitations recur across the literature, including excessive reading level, 
incomplete or unsafe advice, weak source transparency, fabricated references, model variability, language-related inequity, 
and patient overtrust in fluent but unverified answers. Ethically acceptable implementation should therefore treat chatbots as 
supervised communication-support tools rather than autonomous medical educators. Clinical use should require clinician-
approved source material, explicit AI disclosure, readability testing, escalation instructions, model-version documentation, 
multilingual validation, and post-deployment monitoring. Under such safeguards, AI chatbots may strengthen patient 
education, but unsupervised deployment may intensify existing problems in online medical information. 
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1. Introduction 

Patient education is a core clinical function because it affects symptom recognition, informed consent, 

treatment adherence, self-management, and shared decision-making (Kim et al., 2025). The emergence of 

conversational artificial intelligence has changed the information environment in which this education occurs 

because patients can now receive immediate, personalized, and dialogue-like medical explanations outside 

clinical encounters (Armbruster et al., 2024). The relevance of this change extends beyond technology adoption 

because chatbot answers can influence how patients interpret symptoms, prepare for appointments, and decide 

whether to seek urgent care (Yau et al., 2024). 

The patient-facing use of AI chatbots is especially important because conventional online patient 

education materials frequently exceed recommended reading levels and may not be actionable for people with 

limited health literacy (Will et al., 2025). Several studies suggest that large language models can rewrite 
complex clinical information into shorter, more coherent, and more patient-oriented explanations when 

appropriately prompted (Sudharshan et al., 2024). This potential aligns with a broader public-health need to 

make medical information understandable, timely, and accessible across languages, diseases, and care settings 

(Michalska et al., 2025). 

The clinical value of chatbot-based patient education depends on more than linguistic fluency because 

a useful educational tool must also be accurate, complete, cautious, readable, actionable, and transparent about 

uncertainty (Tiller et al., 2026). Evidence from oncology, cardiology, emergency care, ophthalmology, 

dermatology, gastroenterology, and otolaryngology shows that chatbot outputs can be acceptable for many 

routine questions but inconsistent when clinical complexity or safety-sensitive decisions increase (Yau et al., 

2024). Because patient education often occurs at moments of anxiety or vulnerability, even small omissions or 

overly reassuring statements can have disproportionate consequences (Armbruster et al., 2024). 

An additional concern is that the conversational form of chatbots can simulate empathy, certainty, and 

authority even when the underlying answer lacks sufficient evidence or omits appropriate escalation advice 
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(Ayers et al., 2023). Patients may evaluate an answer as trustworthy because it is fluent, personalized, and 

responsive, whereas clinicians may identify clinical risks that are not obvious to lay users (Armbruster et al., 

2024). This divergence between perceived helpfulness and clinical reliability creates an ethical challenge for 

autonomy, nonmaleficence, accountability, and trust in health systems (Tiller et al., 2026). 

This review examines AI chatbots in patient education as a socio-technical medical problem rather than 

only a software-performance problem (Ayers et al., 2023). The aim is to synthesize evidence on opportunities, 

risks, and ethical challenges in patient-facing chatbot communication, with particular attention to clinical 

accuracy, readability, health literacy, misinformation, trust, equity, and implementation safeguards (Tiller et 

al., 2026). The topic fits the scope of innovative technologies in social science because chatbot-mediated health 

communication reshapes relationships among patients, clinicians, institutions, technology providers, and 

public-health information systems (Armbruster et al., 2024). 

 

2. Methodology 

A narrative medical review design was used because the included literature is methodologically 

heterogeneous and includes cross-sectional evaluations, comparative experiments, quasi-experimental studies, 

methodological studies, readability analyses, content-quality assessments, and patient or clinician perception 

studies (Golan et al., 2023). The review did not aim to calculate a pooled effect size because the studies differed 
in clinical domain, model version, prompt design, comparator, rating scale, outcome definition, and whether 

patient or expert raters were used (Will et al., 2025). 

Eligible publications addressed artificial intelligence chatbots or large language models in relation to 

patient-facing health information, patient education materials, medical question answering, readability, health 

literacy, clinical communication, misinformation, or ethical risk (Ayre et al., 2024). The evidence base was 

intentionally broad because patient education is not confined to one specialty and because risks differ across 

urgent-care questions, chronic-disease self-management, procedural counseling, cancer education, and public-

health communication (Yau et al., 2024). 

The included studies were extracted into a structured evidence table containing author, year, clinical 

context, model or chatbot focus, educational task, comparator where applicable, principal outcomes, and 

contribution to the review question (Ayers et al., 2023). Findings were synthesized thematically into domains 

of clinical accuracy and completeness, readability and health literacy, patient experience and trust, 

misinformation and source transparency, model variability and equity, ethical governance, and clinical 

implementation (Tiller et al., 2026). 

The main limitation of this method is that narrative synthesis cannot eliminate publication bias, model-

version bias, prompt-specific bias, or heterogeneity in outcome assessment (Golan et al., 2023). This limitation 

is particularly relevant for AI studies because model behavior can change after deployment, repeated 

generations may differ, and prompt wording can alter readability, tone, and completeness (Zhang et al., 2025). 

The synthesis therefore emphasizes convergent patterns and implementation implications rather than treating 

any single study as definitive evidence of safety or effectiveness (Yau et al., 2024). 

 

3. Results 

The included studies show that AI chatbots are being evaluated across a wide range of patient education 

settings, including emergency care, hypertension, atrial fibrillation, obstructive sleep apnea, prostate cancer, 

lung cancer, breast cancer surgery, cervical cancer screening, inflammatory bowel disease, glaucoma, 

otolaryngology, urological malignancies, dermatology, orthopedic trauma, hand conditions, chronic pain 

medication, ostomy care, rheumatology, and plastic surgery (Yau et al., 2024). This diversity indicates that 

chatbot-based education is not a specialty-specific phenomenon but a cross-cutting innovation in medical 

communication (Armbruster et al., 2024). 

The evidence base also shows that studies often evaluate different dimensions of patient education that 

should not be conflated, including factual accuracy, completeness, readability, understandability, actionability, 

empathy, perceived trust, safety, referencing, and clinical appropriateness (Golan et al., 2023). A chatbot can 

perform well on one dimension while performing poorly on another, which means that implementation 

decisions require multidimensional evaluation rather than a single overall score (Golan et al., 2023). Table 1 

summarizes the clinical context and main contribution of the 40 included publications (Tiller et al., 2026). 
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Table 1. Included studies and main contribution to the medical review 

 
Citation Clinical education context Main contribution 

Ayers et al., 2023 General medical questions 
AI answers were rated highly for quality and empathy, 

supporting supervised communication use. 

Armbruster et al., 2024 Patient perspective 
Patients valued usefulness and empathy, but specialist review 

identified harmful advice. 

Yau et al., 2024 Emergency care 
Chatbot answers varied in accuracy, completeness, source 

reporting, and safety. 

Tiller et al., 2026 Misinformation-prone topics 
Multiple chatbots produced problematic answers, weak 

references, and fabricated citations. 

Laily et al., 2026 HPV vaccine information 
Responses were generally evidence-based but limited by 

jargon, reading level, and links. 

Gibson et al., 2024 Prostate cancer 
ChatGPT-4 performed well on quality and appropriateness, 

with readability and citation concerns. 

Gencer, 2024 Lung cancer 
Lung cancer responses remained at college-level difficulty 

across repeated generations. 

Richlitzki et al., 2025 Lung cancer radiotherapy 
Clinician and patient perspectives were favorable, but 

readability and usability limits remained. 

Almagazzachi et al., 2024 Hypertension 
Most answers to common hypertension questions were 

appropriate and reproducible. 

Lee et al., 2024 Atrial fibrillation 
Most responses were correct, but references were rarely 

supplied and readability was high. 

Kim et al., 2025 Heart attack education 
AI and human conversations improved knowledge, while 

human conversation was stronger for some outcomes. 

Sudharshan et al., 2024 Text simplification 
ChatGPT reduced text complexity, with language- and 

material-specific limitations. 

Ayre et al., 2024 Health literacy 
Simplification preserved many key messages but often 

remained above ideal reading grade. 

Kirchner et al., 2023 Orthopedics 
AI rewriting reduced readability level without reviewer-

detected inaccuracies. 

Zalzal et al., 2024 Otolaryngology 
Most answers were medically correct, although lay trust was 

lower than physician ratings. 

Thia & Saluja, 2024 Urological malignancies 
Age-targeted prompting improved accessibility relative to 

default outputs. 

Abdelmalek et al., 2025 Hand conditions 
GPT-4 performed better than GPT-3.5, but many outputs 

exceeded sixth-grade targets. 

Gondode et al., 2024 Chronic pain medications 
Traditional leaflets were more readable in some medication 

contexts than chatbot materials. 

Will et al., 2025 Online PEM rewriting 
Several LLMs improved readability while occasional 

inaccuracies persisted. 

Kacmaz et al., 2025 Ostomy education 
AI-assisted materials achieved high understandability and 

actionability despite remaining readability limits. 

Roster et al., 2024 Dermatology 
Sequential prompting improved readability, especially for 

sunscreen and melanoma education. 

Stephenson-Moe et al., 

2025 
Chemotherapy cardiotoxicity 

Materials were high quality but frequently required college-

to-graduate reading ability. 

Zhang et al., 2025 Inflammatory bowel disease 
Multiple models handled basic education but showed 

variability for complex advice. 

Campbell et al., 2023 Obstructive sleep apnea 
Most answers were correct or nearly correct, but readability 

remained too high. 

Michalska et al., 2025 Polish screening education 
Polish cervical-screening outputs were coherent but required 

high formal education. 

Rossettini & Palese, 2026 Accessibility critique 
Accuracy was framed as insufficient when outputs are not 

understandable or usable. 

Mendoza-Pinto et al., 2025 Rheumatology literature 
LLMs improved accessibility of specialist literature but did 

not reach ideal patient levels. 

Rodler et al., 2025 Oncological guidelines 
GPT-4 generated readable guideline-aligned oncology 

materials in randomized assessment. 
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Citation Clinical education context Main contribution 

Dejenie et al., 2026 Plastic surgery research 
Several LLMs improved accessibility of research summaries 

while performance differed by model. 

Sriram et al., 2026 Breast cancer surgery 
Simplified prompting reduced reading level while 

maintaining content quality. 

Kufta & Djalilian, 2025 Ophthalmology 
Default LLM materials were harder than AAO materials, but 

optimized prompts helped. 

Naufal et al., 2025 Breast cancer brochures 
ChatGPT and Gemini generated comparable brochures, with 

different complexity profiles. 

Lv et al., 2024 
Patient access/self-

management 

Expert and AI-generated content differed in appropriateness, 

readability, and stability. 

Golan et al., 2023 Quality/readability evaluation 
ChatGPT did not reliably replace established readability tools 

or human DISCERN ratings. 

Covarrubias et al., 2025 Trauma orthopedics 
Readability improved substantially, but expert editing 

remained necessary. 

He et al., 2025 IBD communication 
ChatGPT was comparable for accuracy and more complete, 

but patients still valued doctors. 

Wu et al., 2026 Ophthalmology handouts 
ChatGPT-4o handouts compared favorably with AAO 

materials, including Spanish versions. 

Todorov et al., 2025 Dermatology leaflets 
Outputs were not misleading but missed ideal readability and 

completeness targets. 

Yan et al., 2025 IBD doctor comparison 
Overall quality was similar to specialists, but complex 

integrated questions remained challenging. 

Cohen et al., 2024 Glaucoma 
ChatGPT was more accurate than Google but harder to read 

before simplification. 

Source: own elaboration based on the included studies. 

 

Clinical accuracy and completeness 

Several studies reported that chatbots can provide clinically acceptable responses to common, well-

bounded patient questions when the requested information is general rather than individualized (Almagazzachi 

et al., 2024). Hypertension, obstructive sleep apnea, atrial fibrillation, otolaryngology, glaucoma, and 

inflammatory bowel disease studies suggest that many routine explanations are correct or nearly correct, 

although conclusions differ by model, prompt, and evaluation method (Campbell et al., 2023). 

Accuracy becomes less stable when questions require triage, individualized judgment, source evaluation, or 

integration of symptoms with personal context (Yau et al., 2024). Emergency-care evaluations showed variability 

in accuracy, completeness, source reporting, and safety across four free-access chatbots, which is clinically 

important because urgent-care answers can influence whether patients seek immediate help (Yau et al., 2024). In 

inflammatory bowel disease, chatbot performance was promising for general education but more fragile when 

questions required nuanced doctor-patient integration or treatment-specific judgment (Yau et al., 2024). 

Oncology studies reinforce this mixed picture by showing both guideline-aligned educational potential 

and persistent risks related to completeness, readability, and citation quality (Richlitzki et al., 2025). GPT-4 

generated oncology materials that were readable and aligned with current guidelines in a randomized 
assessment, whereas prostate cancer and lung cancer evaluations still identified concerns regarding readability, 

hallucinated references, or patient usability (Rodler et al., 2025). 
These findings suggest that AI chatbots are strongest when the educational message is already 

established and the task is to translate, summarize, or organize that message for patients (Kirchner et al., 2023). 

They are weakest when asked to operate as autonomous clinical reasoners, safety triage agents, or sources of 

individualized advice without clinician oversight (Yau et al., 2024). 

Readability, health literacy, and accessibility 

Readability was the most recurrent limitation across the reviewed literature, even when content was 

judged clinically acceptable (Gencer, 2024). ChatGPT responses on lung cancer remained at a college-level 

reading difficulty, atrial fibrillation responses remained difficult despite prompt variation, and chemotherapy 

cardiotoxicity materials often required college-to-graduate reading ability (Gencer, 2024). 

A consistent opportunity is that prompt-based rewriting can reduce reading level and make patient 

education materials more accessible (Ayre et al., 2024). Orthopedic, online health information, trauma, breast 

cancer surgery, and ophthalmology studies suggest that large language models can simplify existing materials 
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rapidly, although the quality of simplification depends on model, prompt, language, and clinical domain (Will 

et al., 2025). 

Simplification does not automatically guarantee health literacy because patients need actionable, 

complete, and contextually meaningful information rather than only shorter sentences (Ayre et al., 2024). 

Ostomy education research showed high understandability and actionability after AI-assisted development, 

but other studies showed that outputs can remain above recommended levels or require expert editing even 

after simplification (Kacmaz et al., 2025). 

The accessibility problem is also visible in specialty-specific contexts where technically accurate 

material remains too difficult for the general population (Thia & Saluja, 2024). Urological malignancy, hand-

condition, and ophthalmology studies indicate that age-targeted or readability-targeted prompting can improve 

access but rarely removes the need for clinician or plain-language review (Abdelmalek et al., 2025). 

Readability should therefore be treated as a patient-safety metric rather than a cosmetic editing outcome 

(Rossettini & Palese, 2026). A response that is accurate but incomprehensible may fail to support informed 

decision-making and may widen disparities for patients with lower literacy, anxiety, limited schooling, or 

unfamiliarity with medical terminology (Rossettini & Palese, 2026). 

Patient experience, empathy, and trust 

Conversational AI can improve perceived access to health information because it provides immediate 
explanations, adaptable tone, and patient-specific phrasing (Armbruster et al., 2024). In a comparison of 

chatbot and physician responses to public patient questions, chatbot responses were rated higher for quality 

and empathy, suggesting that language generation can meet important communication needs that traditional 

online materials often leave unmet (Ayers et al., 2023). 

Patient experience studies also show that perceived usefulness is not the same as clinical safety 

(Armbruster et al., 2024). Patients may rate chatbot answers positively even when specialists identify 

potentially harmful advice, and patients may still prefer doctors for some treatment-related questions even 

when AI answers are complete and readable (Armbruster et al., 2024). 

Educational benefit is more likely when chatbots are used as complements to human communication rather 

than replacements for it (Kim et al., 2025). Quasi-experimental evidence in heart attack education showed that both 

AI and human-delivered conversations improved knowledge, but human conversation produced stronger gains in 

some outcomes and remains important for social support and judgment (Kim et al., 2025). 

The trust issue is ethically important because chatbot fluency can mask uncertainty and because patients 

may not know whether an answer is based on current evidence, institutional policy, or generated probability 

(Tiller et al., 2026). A safe patient education system must therefore explain the role of AI, disclose limitations, 

identify urgent symptoms, and direct users to clinicians when individual decisions or emergencies are involved 

(Yau et al., 2024). 

Misinformation, referencing, and epistemic transparency 

The most serious epistemic risk is that chatbots can produce confident medical language without reliable 

source grounding (Tiller et al., 2026). An audit of generative AI chatbots in misinformation-prone health topics 

found problematic answers, weak referencing, and fabricated citations, which directly undermines patient 

ability to verify medical information (Tiller et al., 2026). 

Referencing limitations recur even in clinical areas where response accuracy appears otherwise 

acceptable (Lee et al., 2024). Atrial fibrillation and prostate cancer studies found that correct or useful answers 

could still lack adequate references or include hallucinated citations, indicating that source quality should be 

evaluated separately from answer fluency (Gibson et al., 2024). 

A related problem is that chatbots may not reliably assess the quality or readability of medical 

information when asked to act as evaluators (Golan et al., 2023). Cross-sectional evidence showed that 

ChatGPT did not consistently match established readability tools or human DISCERN ratings, which means 

that AI self-evaluation should not replace validated assessment or expert review (Golan et al., 2023). 

Misinformation risk is particularly relevant for public-health topics such as vaccination, cancer 

screening, and online controversy because patients may combine chatbot answers with social media narratives 

or prior misinformation (Laily et al., 2026). HPV-vaccine and cervical-screening studies show that AI systems 

can generate coherent and broadly evidence-based messages, but accessibility, links, jargon, and reading level 

still influence whether information supports informed decisions (Laily et al., 2026). 
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Model variability, multilinguality, and equity 

Model selection and model version influence patient education quality, which makes results difficult to 

generalize across platforms and time (Zhang et al., 2025). Comparisons among ChatGPT, Google Gemini, 

Claude, Bard, Grok, and other models show differences in readability, appropriateness, stability, and content 

complexity, even when the educational task is similar (Lv et al., 2024). 

Multilingual performance is a major equity issue because patient education must be understandable in 

the language patients actually use (Michalska et al., 2025). Polish cervical cancer screening information was 

generally coherent but required high formal education, while ophthalmology handout studies showed that 

Spanish outputs can perform well when specifically evaluated rather than assumed to be equivalent to English 

(Michalska et al., 2025). 

Equity also concerns who benefits from immediate AI explanations and who is most exposed to harm 

from unclear, incomplete, or overconfident advice (Rossettini & Palese, 2026). Patients with lower health 

literacy, chronic illness, limited digital skills, poor access to clinicians, or anxiety after diagnosis may gain 

from accessible explanations but may also be less able to identify unsafe advice or invented references (Tiller 

et al., 2026). 

A socially responsible implementation strategy should therefore test chatbot education in multiple 

languages, literacy levels, ages, diseases, and care contexts before deployment (Wu et al., 2026). Without such 
evaluation, AI patient education may reproduce the same inequities already present in online health 

information while adding new risks related to automation and perceived authority (Tiller et al., 2026). 

 

4. Discussion 

The reviewed evidence supports a balanced conclusion that AI chatbots are promising patient education tools 

but should not be treated as autonomous medical educators (Tiller et al., 2026). Their strongest value lies in 

communication support, including drafting explanations, simplifying validated materials, preparing patient 

questions, translating content, generating handouts, and organizing complex disease information (Will et al., 2025). 

This interpretation is consistent across multiple specialties because the best-performing use cases 

involve transformation of already approved information rather than independent clinical decision-making 

(Rodler et al., 2025). When source material is clinically validated and outputs are reviewed by clinicians, 

chatbots can make health information more readable, personalized, and scalable (Kacmaz et al., 2025). 

The main clinical risk is unsafe confidence because patients may receive fluent language that omits 

warning signs, overgeneralizes, or fails to recommend urgent care when needed (Yau et al., 2024). The risk is 

intensified by weak source transparency and hallucinated citations because patients and clinicians may be 

unable to distinguish reliable education from plausible but unsupported statements (Tiller et al., 2026). 

The second major risk is a mismatch between generated text and patient health literacy (Rossettini & 

Palese, 2026). Even when a chatbot is accurate, patient education may fail if the information is written at a 

college level, lacks actionability, or does not clearly state when professional care is required (Lee et al., 2024). 

From an ethical perspective, patient autonomy requires more than simply increasing the quantity of 

available information (Michalska et al., 2025). Autonomy is strengthened only when patients can understand 

the message, evaluate uncertainty, recognize the difference between general education and individualized 

advice, and know when to contact a clinician (Tiller et al., 2026). 

Nonmaleficence requires explicit limits on chatbot scope because education can become advice when a 

patient asks about symptoms, medication effects, or treatment choices (Yau et al., 2024). Beneficence supports 

chatbot use when the tool reduces communication barriers, increases access to understandable materials, and 

helps patients prepare for clinical visits (Kim et al., 2025). 

Justice requires that chatbot education be tested for populations that are usually underserved by 

traditional medical communication, including non-English speakers, patients with low health literacy, older 

adults, patients with chronic illness, and people with limited access to clinicians (Michalska et al., 2025). 

Accountability requires that healthcare organizations know which model, prompt, source material, reviewer, 

language, and approval date produced the patient-facing content (Will et al., 2025). 

Socio-technical implications for patient education 

From a socio-technical perspective, the main innovation of patient-facing chatbots is not only automated 

text production but the redistribution of educational work across patients, clinicians, and healthcare 

organizations (Armbruster et al., 2024). When patients use chatbots before clinical encounters, the technology 

may shape the questions they ask, the confidence with which they interpret symptoms, and the expectations 

they bring to a consultation (Ayers et al., 2023). Evidence from heart-attack education shows that AI-based 
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conversation can increase knowledge, while the stronger performance of human-delivered conversation in 

some outcomes indicates that social interaction remains clinically meaningful (Kim et al., 2025). This means 

that chatbot-based patient education should be assessed as part of a communication infrastructure rather than 

as an isolated information product (Will et al., 2025). 

Equity implications are especially important because digital health tools can make information easier to 

access while simultaneously excluding patients who have limited literacy, limited language concordance, or 

limited confidence in online information (Michalska et al., 2025). The Polish cervical-cancer screening study 

shows that coherent AI-generated text may still require a high level of formal education, which limits practical 

accessibility for some target users (Michalska et al., 2025). The ophthalmology handout study indicates that 

non-English outputs can perform well when they are specifically evaluated, but it also shows why equivalence 

across languages should not be assumed without testing (Wu et al., 2026). Readability-oriented health-literacy 

research supports the view that simplification must be accompanied by assessment of meaning, actionability, 

and suitability for the intended audience (Ayre et al., 2024). Patients with lower health literacy may benefit 

greatly from conversational explanations, but they may also be less able to detect unsupported claims, missing 

warnings, or invented references (Rossettini & Palese, 2026). 

Ethical governance should therefore focus on source grounding, disclosure, scope limitation, and 

escalation rather than on a general declaration that chatbots are helpful or harmful (Tiller et al., 2026). 
Emergency-care evidence shows why open-ended deployment is risky, because questions that appear 

educational can quickly become symptom-triage questions requiring individualized clinical judgment (Yau et 

al., 2024). Prostate-cancer assessments demonstrate that useful answers may still contain limitations in 

completeness, referencing, or source quality, which makes expert review necessary even when the overall 

response appears clinically acceptable (Gibson et al., 2024). The finding that ChatGPT may not reliably 

evaluate the quality or readability of online medical information reinforces the need for independent 

assessment rather than AI self-certification (Golan et al., 2023). Documentation of the model, prompt, source 

material, language, and approval date is also required because outputs can vary across systems and over time 

(Naufal et al., 2025). 

The most defensible early use cases involve transforming validated content into patient-facing language 

under human supervision (Rodler et al., 2025). Orthopedic evidence shows that AI revision can improve 

readability when the starting point is an existing educational material rather than an unconstrained request for 

clinical advice (Kirchner et al., 2023). Ostomy education research adds that understandability and actionability 

should be validated explicitly, because a text can be short and fluent without helping patients decide what to 

do (Kacmaz et al., 2025). Trauma education research supports the practical value of using AI to improve 

readability in procedural and post-injury contexts, but it also implies the need to check whether simplified 

wording preserves essential safety information (Covarrubias et al., 2025). Breast-cancer surgery and 

reconstruction materials show that content quality and readability must be evaluated together when AI-

generated explanations address emotionally sensitive and preference-sensitive decisions (Sriram et al., 2026). 

Evaluation should include both clinicians and patients because these groups judge different dimensions 

of quality (Richlitzki et al., 2025). Clinicians are better positioned to identify factual omissions, guideline 

inconsistency, and unsafe reassurance, whereas patients are better positioned to report whether the explanation 

is understandable, emotionally acceptable, and useful for preparing questions (Richlitzki et al., 2025). 

Inflammatory-bowel-disease evidence comparing gastroenterologist and ChatGPT responses illustrates that 

apparent answer quality must be interpreted in relation to the clinical role that the answer is expected to play 

(He et al., 2025). Quasi-experimental evidence in heart-attack education suggests that chatbot conversations 

may contribute to learning outcomes, but it does not remove the need for human counseling where anxiety, 

uncertainty, or treatment decisions are involved (Kim et al., 2025). Studies that frame the problem as whether 

ChatGPT can replace doctors are valuable because they clarify the boundary between communication 

assistance and professional responsibility (Yan et al., 2025). 

Research methods in this field should become more transparent and reproducible because small 

technical choices can change the educational output that patients receive (Will et al., 2025). Readability studies 

on lung-cancer information show that repeated generations may remain too difficult for patients even when 

the answer appears organized and clinically plausible (Gencer, 2024). Chemotherapy-cardiotoxicity analyses 

demonstrate that readability and quality should be examined together because a clinically important topic can 

be compromised by both complexity and incomplete patient guidance (Stephenson-Moe et al., 2025). HPV-

vaccine information studies demonstrate the need to test misinformation-sensitive public-health topics, 

because chatbot communication may influence decisions that affect both individual and community health 
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(Laily et al., 2026). Research-summary simplification in plastic surgery illustrates another promising use case, 

but it also shows why simplification must be checked against the original scientific meaning before patients or 

clinicians rely on it (Dejenie et al., 2026). 

Clinical and ethical implementation framework 

A practical governance model should classify chatbot education by clinical risk, patient vulnerability, 

and degree of personalization (Yau et al., 2024). Low-risk uses include rewriting approved leaflets, generating 

appointment-preparation questions, summarizing general disease information, and translating clinician-

approved materials for review (Kirchner et al., 2023). Medium-risk uses include medication explanations, post-

procedure instructions, and chronic-disease self-management content that requires explicit escalation advice 

and clinician approval (Gondode et al., 2024). High-risk uses include symptom triage, emergency advice, 

individualized treatment recommendations, and content for patients at high risk of misunderstanding or harm 

(Yau et al., 2024). 

Table 2 translates the reviewed evidence into minimum safeguards for clinical integration (Tiller et al., 

2026). The central principle is that the degree of human review should increase as the clinical stakes, 

personalization, vulnerability, and uncertainty increase (Armbruster et al., 2024). 

 

Table 2. Clinical opportunities, risks, and safeguards in AI chatbot patient education 
 

Use case Opportunity Risk Minimum safeguard 

Drafting approved 

educational material 

Fast creation of summaries, 

FAQs, and handouts 

Factual omissions or 

unsupported additions 

Clinician-approved source 

base and expert review 

Plain-language rewriting 
Improved readability and 

accessibility 

Loss of nuance or incomplete 

simplification 

Readability testing plus 

fidelity review 

Multilingual communication 
Improved access for non-

English-speaking patients 

Translation errors and 

cultural mismatch 

Native-language clinical and 

patient validation 

Appointment preparation 
Better patient questions and 

shared decision-making 
Overtrust in generic advice 

AI disclosure and instruction 

to discuss decisions with 

clinicians 

Medication or post-procedure 

education 

Structured self-management 

support 

Unsafe omissions about 

adverse effects or warning 

signs 

Escalation instructions and 

clinician approval 

Symptom or emergency 

questions 

Rapid orientation when 

patients are uncertain 

False reassurance and 

delayed care 

Avoid autonomous triage and 

require urgent-care prompts 

Source-supported public-

health education 

Scalable response to 

misinformation 

Fabricated references or 

weak links 

Verified citations and 

institutional review 

Research-summary 

simplification 

Accessible explanation of 

specialist literature 

Oversimplification or 

distorted implications 

Expert check against original 

source and intended audience 

Source: own elaboration based on the evidence synthesis. 
 

Practical recommendations for healthcare organizations 

First, early deployment should be limited to supervised and source-grounded tasks rather than open-

ended patient counseling (Gibson et al., 2024). Health organizations should begin with clinician-approved 

source materials and use chatbots to produce plain-language summaries, FAQs, discharge-support 

explanations, or appointment-preparation prompts (Kirchner et al., 2023). 

Second, every patient-facing chatbot output should include safety boundaries and escalation pathways 

(Yau et al., 2024). The educational message should state that it does not replace professional medical advice, 

identify symptoms or situations requiring urgent care, and encourage patients to contact clinicians for 

individualized decisions (Yau et al., 2024). 

Third, readability should be measured before release and not assumed from model fluency (Gencer, 

2024). Prompts should specify target audience, reading level, tone, length, and actionability, but outputs should 

still be tested with objective readability tools and expert review because prompt optimization does not 

guarantee comprehension (Will et al., 2025). 

Fourth, source integrity should be treated as a clinical safety requirement rather than a formatting 

preference (Tiller et al., 2026). Patient-facing AI systems should cite only verified sources, avoid invented 

references, and make it clear when information is general, uncertain, or not applicable to individual clinical 

decisions (Tiller et al., 2026). 
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Fifth, implementation should include documentation and audit trails because model behavior may differ 

across tools and over time (Naufal et al., 2025). A safe record should include the model name, version or access 

date, prompt, source material, language, reviewer, approval date, and scope of intended use (Zhang et al., 

2025). 

Sixth, post-deployment monitoring should evaluate patient understanding, complaints, near misses, 

clinician feedback, and whether patients know when to seek help (Kim et al., 2025). The clinical success of 

chatbot education should be measured by patient comprehension, self-efficacy, appropriate care-seeking, and 

shared decision-making rather than only by text quality metrics (Kim et al., 2025). 

Minimum quality assessment before deployment 

Before a healthcare organization releases chatbot-generated patient education, evaluation should include 

more than a single demonstration that the model can answer a common question (Yau et al., 2024). A minimum 

test set should include routine informational questions, questions about warning signs, questions about adverse 

effects, questions that require referral to a clinician, and prompts that contain misinformation or misleading 

assumptions (Tiller et al., 2026). 

Quality assessment should separate accuracy, completeness, readability, actionability, empathy, and 

source reliability because these dimensions may move in different directions (Stephenson-Moe et al., 2025). 

A response may be accurate but too difficult to read, readable but incomplete, empathic but unsafe, or well-
structured but weakly referenced (Tiller et al., 2026). 

Testing should include both clinician review and patient-facing assessment because experts and lay users 

evaluate different aspects of quality (Richlitzki et al., 2025). Clinicians can identify factual omissions, unsafe 

advice, and guideline inconsistency, whereas patients can evaluate perceived clarity, usefulness, emotional 

tone, and whether the answer supports action (Richlitzki et al., 2025). 

Readability assessment should combine automated metrics with human evaluation because formulas 

alone do not determine whether patients can apply information in real situations (Golan et al., 2023). Human 

review is needed to determine whether simplified text preserves essential meaning, avoids misleading 

reassurance, and states what patients should do next (Kacmaz et al., 2025). 

Model stability should be assessed through repeated generations and documentation of the exact model 

environment (Gencer, 2024). This is necessary because patient education materials generated on different days, 

by different systems, or under different prompt instructions may vary in complexity, completeness, and clinical 

caution (Zhang et al., 2025). 

A deployment evaluation should also test edge cases rather than only typical questions because patient 

harm often occurs at the boundary between education and advice (Yau et al., 2024). Edge-case prompts should 

include urgent symptoms, medication interactions, ambiguous complaints, vulnerable-patient scenarios, 

culturally sensitive topics, and requests for certainty when uncertainty should be disclosed (Yau et al., 2024). 

Patient education chatbots should be evaluated with a source-grounding requirement when they are 

deployed by healthcare institutions (Gibson et al., 2024). If a system cannot reliably provide verified references 

or link its answer to approved materials, its use should be restricted to drafting for clinician review rather than 

direct patient-facing delivery (Tiller et al., 2026). 

The evaluation process should include equity testing because performance for English-language, well-

educated, digitally skilled users may not generalize to patients with different languages or literacy levels 

(Michalska et al., 2025). Materials should be tested with target users or proxies for the target population 

whenever possible, especially for cancer screening, chronic disease, postoperative care, and medication 

education (Kacmaz et al., 2025). 

A final approval decision should be tied to the intended use case rather than to a generic claim that a 

chatbot is safe or unsafe (Rodler et al., 2025). The same model may be acceptable for rewriting a validated 

leaflet, questionable for answering medication side-effect questions, and inappropriate for unsupervised 

emergency triage (Yau et al., 2024). 

Quality assessment should be repeated after major model updates or changes in institutional source 

material because apparent safety at one time point may not remain stable (Naufal et al., 2025). Continuous 

review is especially important when patient-facing systems are used in high-volume settings such as oncology 

education, chronic disease management, or public-health communication (Richlitzki et al., 2025). 
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Research priorities and limitations 

Future research should move beyond isolated output assessment toward patient-centered outcomes (Kim 

et al., 2025). Studies should evaluate whether patients understand information, remember warning signs, ask 

better questions, experience less decisional conflict, follow safer self-management steps, and seek appropriate 

care when needed (Kim et al., 2025). 

Research should also test chatbot education in real workflows rather than only as stand-alone prompts 

(Kacmaz et al., 2025). A chatbot used before a visit, after discharge, in a patient portal, during chronic disease 

management, or in public-health outreach creates different responsibilities and risks (Almagazzachi et al., 2024). 

Reporting standards for AI patient education studies should become more transparent because reproducibility 

depends on prompt text, model version, access date, temperature or generation settings, language, source material, 

number of generations, and evaluator background (Will et al., 2025). Without such reporting, results cannot be 

compared across models or safely translated into institutional practice (Dejenie et al., 2026). 

This review is limited by heterogeneity in study design, specialty, model type, outcome measures, and 

publication date (Will et al., 2025). It is also limited by rapid technological change because the performance 

of a commercial chatbot evaluated in one month may not represent its later behavior after model updates or 

changes in guardrails (Naufal et al., 2025). 

Despite these limitations, the convergence of findings across specialties strengthens the main conclusion 
that supervised use is more defensible than autonomous deployment (Tiller et al., 2026). The evidence 

consistently supports a model in which chatbots assist clinicians and patients with communication, while 

clinicians, institutions, and validated sources remain responsible for clinical quality and safety (Yau et al., 

2024). 

 

5. Conclusions 

AI chatbots have substantial potential to improve patient education by making medical information more 

immediate, conversational, personalized, and adaptable to different literacy levels (Ayre et al., 2024). The most 

credible current uses are supervised communication tasks such as drafting, simplifying, translating, 

summarizing, and organizing clinician-approved information (Kirchner et al., 2023). 

The reviewed evidence also shows that autonomous deployment would be clinically and ethically 

premature because outputs may be too difficult to read, incomplete, weakly sourced, fabricated in their 

references, or unsafe in urgent and individualized situations (Tiller et al., 2026). Patient satisfaction and 

perceived empathy should not be treated as proof of safety because patients may not reliably detect harmful or 

unsupported advice (Armbruster et al., 2024). 

Ethically acceptable integration requires human oversight, source grounding, explicit AI disclosure, 

readability targets, multilingual validation, escalation instructions, model documentation, and ongoing 

monitoring (Tiller et al., 2026). Within such a governance framework, AI chatbots can become valuable 

instruments of patient-centered education, but without it they may intensify existing problems in online health 

information (Rossettini & Palese, 2026). 
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