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Review article
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A B S T R A C T

Objective: The rapid expansion of digital healthcare has heightened the volume of patient communication, 
thereby increasing the workload for healthcare professionals. Large Language Models (LLMs) hold promises for 
offering automated responses to patient questions relayed through eHealth platforms, yet concerns persist 
regarding their effectiveness, accuracy, and limitations in healthcare settings. This study aims to evaluate the 
current evidence on the performance and perceived suitability of LLMs in healthcare, focusing on their role in 
supporting clinical decision-making and patient communication.
Materials and methods: A systematic search in PubMed and Embase up to June 11, 2025 identified 330 studies, of 
which 20 met the inclusion criteria for comparing the accuracy and adequacy of medical information provided 
by LLMs versus healthcare professionals and guidelines. The search strategy combined terms related to LLMs, 
healthcare professionals, and patient questions. The ROBINS-I tool assessed the risk of bias.
Results: A total of nineteen studies focused on medical specialties and one on the primary care setting. Twelve 
studies favored the responses generated by LLMs, six reported mixed results, and two favored the healthcare 
professionals’ response. Bias components generally scored moderate to low, indicating a low risk of bias.
Discussion and conclusions: The review summarizes current evidence on the accuracy and adequacy of medical 
information provided by LLMs in response to patient questions, compared to healthcare professionals and clinical 
guidelines. While LLMs show potential as supportive tools in healthcare, their integration should be approached 
cautiously due to inconsistent performance and possible risks. Further research is essential before widespread 
adoption.

1. Background and significance

Digital transformation in healthcare is a major topic [1]. Manual 
documentation contributes significantly to the administrative burden, 
creating a need for automation [2]. To address workforce shortages 
while maintaining quality of care, organizations are encouraged to 
reflect on this process [3]. Digital innovations offer promising oppor
tunities to improve both efficiency and care quality [4,5].

Digital healthcare improves accessibility [6] by enabling remote 
patient monitoring and large-scale data collection for quality 

improvement. However, these benefits come with unintended conse
quences. The rapid growth of digital services has nearly doubled patient 
message volumes in recent years [7]. Many patients turn to chat in
terfaces for medical advice due to long phone wait times [8], which 
increases workload stress [9] and contributes to burnout among 
healthcare professionals [10]. To manage this, routine questions are 
often delegated to support staff, while complex cases require physician 
input. Limited time and staffing can result in less experienced personnel 
answering messages, risking inaccurate responses and patient safety 
[11]. Some healthcare systems now charge for messages to reduce 
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volume, but this approach may leave questions unanswered [12].
Given these challenges, technological solutions such as artificial In

telligence (AI) have gained attention. AI, an integral part of computer 
science, is capable of analyzing complex medical data [13,14] and may 
help alleviate the growing burden of patient messaging [15]. Within AI, 
Large Language Models (LLMs) are built on transformer neural network 
architectures and advanced deep learning principles [16,17], enabling 
them to approximate human reasoning and generate coherent responses 
[18,19]. LLMs offer opportunities to automate repetitive tasks currently 
handled by healthcare personnel [20–23]. A promising application is the 
generation of draft responses to patient questions for clinician review 
[24].

Recent studies evaluating models such as Chat Generative Pre- 
Trained Transformer (ChatGPT) have shown promising results in 
terms of response preference and relevance [25–27]. However, their 
effectiveness in healthcare is still not fully investigated. Concerns 
remain regarding accuracy and safety of LLM-generated responses to 
patient questions [28–31]. Safety refers to the risk of harm caused by 
incorrect, biased, or inappropriate responses. Scientific evaluation is 

needed before these models can be reliably deployed in clinical practice.

2. Objective

Previous reviews have primarily focused on the use of LLMs for 
clinical research question answering [32] or have provided broad 
mappings of applications in patient care, particularly in areas such as 
medical text summarization, translation, and clinical documentation 
[23,33]. Other reviews emphasized that LLM performance is frequently 
evaluated through exam-style question-answering tasks in medicine, 
with results influenced by the prompting strategy used [34], and have 
also explored their potential integration into electronic health records 
(EHR’s) [35].

However, only a few reviews have examined real-world patient in
teractions [36]. Existing literature often lack a comprehensive synthesis 
of evidence regarding LLM performance in actual patient communica
tion scenarios. This review addresses this gap by comparing findings 
from studies involving real-world patient interactions, thereby 
providing insights into the suitability of LLMs for supporting clinical 

Fig. 1. PRISMA Flow Diagram. aLLM = Large Language Model.
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decision-making and patient communication. Specifically, this study 
aims to evaluate the current evidence on LLM performance and 
perceived suitability in healthcare, focusing on their role in facilitating 
clinical decision-making and enhancing patient communication.

3. Materials and methods

The systematic review adhered to Preferred Reporting Items for 
Systematic reviews and Meta-Analyses (PRISMA) guidelines [37]. The 
protocol for this systematic review was registered in PROSPERO (Iden
tification number: CRD42024520917).

3.1. Search strategy

A systematic search was conducted in PubMed and Embase in 
collaboration with a clinical librarian. The electronic databases PubMed 
and Embase were searched for publications up to 11 June 2025. Four 
domains of medical subject headings (MeSH) terms and keywords were 
combined with “AND” and within the domains combined with “OR”. 
The domains included keywords related to large language models, 
question answering, patient and health personnel (Appendix A). In this 
review AI-related terminology were restricted to these keywords 
because ChatGPT was the first widely adopted LLM and is frequently 
referenced in healthcare literature [38]. The terms LLM and chatbot 
serve as umbrella categories, ensuring inclusion of comparable models 
while excluding unrelated AI systems. Records from both PubMed and 
Embase searches were imported into the web application Rayyan for 
collaborative screening [39].

3.2. Eligibility criteria

The search is limited to 2018 onwards, as this period marks the 
introduction of transformer-based architectures and the emerge of large 
language models (LLMs) [40]. Earlier systems were rule-based or 
smaller NLP models, which differ fundamentally from LLMs [24,41].

Inclusion criteria encompassed published peer-reviewed observa
tional studies addressing whether LLMs match healthcare professionals 
in terms of accuracy and adequacy of medical information provided in 
response to patient questions. Patient questions had to originate from a 
platform where patients asked questions directly to healthcare pro
fessionals or were derived from medical websites that included 
frequently asked questions or were created by doctors based on what 
they commonly hear in practice. These studies evaluated LLMs in clin
ical contexts by comparing their responses to those provided by 
healthcare professionals or based on clinical guidelines. Assessors (in
dependent) judged the performance of LLMs, allowing for an analysis of 
their accuracy, suitability, and acceptance in healthcare practice.

Exclusion criteria were as follows; 1) studies published in a language 
other than English or Dutch; 2) publications addressing LLMs responses 
outside the healthcare setting; 3) publications originating from non- 
academic sources (e.g., newspapers, internet websites and magazines); 
4) publications that did not offer full-text availability and 5) articles in 
wherein an LLM was utilized for educational purposes, such as assessing 
the model’s ability to provide accurate responses to a medical 
examination.

3.3. Study selection

After removal of duplicates and non-English or non-Dutch articles, 
all titles and abstracts underwent independent screening using Rayyan 
by two authors to determine eligibility. Subsequently, the full-text 
manuscripts of selected records were independently screened by these 
two authors. In case of uncertainty, consensus was reached through 
discussion. A flow diagram illustrating the study selection process is 
presented in Fig. 1. Tables summarizing the characteristics of the studies 
were included in this review. In addition to summarizing study 

characteristics in tables, the review provides a descriptive synthesis 
highlighting key similarities and differences, including study design, 
populations, interventions, and outcomes.

3.4. Data synthesis

LLMs delivering medical information to patient questions constituted 
the intervention group. Their responses were compared to reference 
responses obtained from the included studies; these were either answers 
previously formulated by healthcare professionals to the same questions 
or recommendations extracted from clinical guidelines, and this com
parison was already performed within the included studies. Accuracy 
(how closely LLM responses aligned with those of healthcare pro
fessionals or clinical guidelines in terms of quality and similarity) and 
adequacy (correctness and the response’s fulfillment of the question’s 
requirements, including comprehensiveness, relevance, clarity, read
ability, thoroughness, and empathy) of medical information served as 
primary outcomes. Each study was analyzed separately to thoroughly 
evaluate the performance of the LLM versus healthcare professionals. 
Overall conclusions, based on significant differences, were compared 
between the studies.

3.5. Risk of bias assessment

To assess the risk of bias, the standardized tool for Risk of Bias in 
Non-randomized Studies of Interventions (ROBINS-I) was employed 
[42]. Ratings were assigned by one author, with green indicating low 
bias, orange signifying intermediate bias, and red indicating high bias. 
The ROBINS-I tool examines bias in pre-intervention (confounding, se
lection bias), at intervention (classification bias), and post-intervention 
(bias due deviations from intended interventions, missing data bias, 
outcome measurement bias, reporting bias) (see supplementary table 1, 
Appendix B). When a study exhibited high bias, it was included but 
explicitly noted in the discussion that the study’s reliability was 
questionable.

4. Results

4.1. PRISMA flow diagram

A total of 333 studies were identified through three sources: PubMed 
(n = 187), Embase (n = 143), and other sources such as snowballing and 
reference lists (n = 3). After removing duplicates (n = 101), 232 unique 
records remained. No records were excluded based on language. Of 
these, 156 were excluded during title and abstract screening based on 
predefined in- and exclusion criteria, leaving 76 for full-text review. 
After full-text screening, 56 were excluded, resulting in 20 studies 
included in the systematic review. See Fig. 1.

4.2. Study characteristics

The majority of studies included in the review (n = 20) were pub
lished in 2024 (n = 12), with others from 2023 (n = 1) and 2025 (n = 7). 
The number of patient questions varied widely, ranging from 251 [43] to 
eight [44]. Several sources were used to derive these questions: three 
used patient questions from eHealth platforms [31,45,46], six studies 
used questions composed by physicians [29,44,47–50], ten used FAQs 
from patient websites [43,51–59], and one study used a combination of 
physician-composed and FAQ-based questions [60]. All studies used 
ChatGPT, with various versions, and many included other LLMs such as 
Bard, Claude, Gemini, and Perplexity. Four studies [29,50,54,59] used 
prompts to instruct the LLM to respond as a physician. Most studies were 
conducted in hospital settings, with only one in primary care [44]. See 
supplementary table 2 (Appendix B).

Supplementary table 3 (Appendix B) provides an overview of the 
methods used to evaluate the agreement between LLM-generated 
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responses and those of healthcare professionals. Most studies assessed 
outcomes such as accuracy, clarity, empathy, reproducibility, and 
readability. Nearly all studies (n = 17) used a Likert-type scale to rate 
these outcomes, with the exception of two studies [48,49] that used 
binary or categorical scoring based on guideline consistency or repro
ducibility. Assessments were conducted by a diverse group of (inde
pendent) raters, including healthcare professionals (e.g., physicians, 
specialists, dietitians) (n = 93); non-physician raters (n = 3); authors or 
researchers (n = 10); patients (n = 31); PhD students and professors (n 
= 3). The identities of the non-physicians, authors of the article, early- 
career physician and professor were not specified in the studies. For 
the team of fellowship-trained neurosurgeons, the exact number of as
sessors involved was not reported. The number of assessors per study 
ranged from one [29,49] to 42 [45]. Four studies [29,47,56,58] used 
validated readability instruments such as the Flesch Reading Ease (FRE) 
and Flesch-Kincaid Grade Level (FKGL).

4.3. Performance of LLM and healthcare professionals in answering 
patient questions

4.3.1. Accuracy and correctness
ChatGPT often scores high on accuracy, sometimes even out

performing healthcare professionals (HCPs) [45,49,54,60]. In some 
cases, HCPs score higher or the difference is not statistically significant 
[31,43,56]. Accuracy rates vary from 47 % to 95 %, depending on the 
model version (e.g., ChatGPT 3.5 vs. ChatGPT 4.0), language, and 
context. ChatGPT rarely gives completely incorrect answers but may 
provide incomplete or partially correct information [51,53]. Supple
mentary table 4 (Appendix B) summarizes key study findings.

4.3.2. Readability and comprehensibility
FRE and FKGL scores show that ChatGPT’s responses are less read

able than those of HCP’s [56]. However, in some studies, ChatGPT is 
rated as more comprehensible, especially by laypeople [31,45].

4.3.3. Empathy
HCPs are rated as more empathetic [31], but in some cases, ChatGPT 

scores higher [46,56]. Empathy scores vary by language (English vs. 
Italian) [50].

4.3.4. Thoroughness, completeness, and actionability
ChatGPT often performs well in terms of thoroughness, completeness 

and actionability [31,44,56,58,59]. In some cases, it is considered 
overly detailed or overly cautious, leading to overestimation of condi
tions [52].

4.3.5. Reproducibility and consistency
ChatGPT shows high consistency in providing similar answers to 

repeated questions [49,51,53]. Reproducibility rates are often above 90 
%, which is crucial for reliability in medical contexts.

4.3.6. Statistical significance and methodology
Studies compared their (Likert)-scores using correlation coefficients 

or p-values to indicate significant differences. Most studies use T-tests, 
ANOVA, or Kruskal-Wallis to assess differences.

4.3.7. Comparison between LLMs
Each study used ChatGPT, and in some cases, ChatGPT was also 

compared to other LLMs. ChatGPT is frequently compared to other 
models like Claude, Gemini, Perplexity, and Copilot. ChatGPT generally 
scores highest, especially in accuracy, empathy, and relevance 
[46,47,52,55,57].

4.3.8. Evaluator differences
There are notable differences in ratings between physicians, non- 

physicians and patients. Patients tend to rate ChatGPT more 

positively, especially in empathy and satisfaction [45]. Non-physician 
raters rate healthcare professionals more positively [31].

4.3.9. Best topics for LLMs
In thyroid-related topics [45], ChatGPT outperformed specialists in 

accuracy, comprehensiveness, compassion, and satisfaction. For rare 
respiratory diseases [46], ChatGPT 4.0 scored highest on correctness, 
comprehensibility, relevance, and empathy. In total knee replacement 
[60], it achieved 88 % accuracy and perfect relevance.

4.4. Risk of bias assessment

The studies were assessed using the ROBINS-I tool [42]. Supple
mentary table 5 (Appendix B) presents the evaluation across different 
domains, with intermediate denoting missing or conflicting information.

All studies scored low on confounding and bias due to missing data, 
as questions posed to an LLM typically do not experience dropout or 
interact with other aspects. Additionally, bias in the classification of 
interventions was well-described, as there were only two groups: the 
LLM and the healthcare professional, with any subgroups outlined be
forehand. The same applied to bias due to deviations from intended 
interventions, as no unexpected deviations occurred in these in
vestigations. However, one study [44] posed fewer than ten questions 
and one other study [47] only posed fifteen questions, therefore scoring 
intermediate on bias. Studies with intermediate bias in outcome mea
surement lacked new chats, blinded and/or independent assessors, more 
than one assessor, or validated methods. Several studies scored inter
mediate for reporting bias due to unclear results from missing or 
inconsistent values. None of the included studies had a high risk of bias.

5. Discussion

This systematic review is, to our knowledge, the first to provide an 
overview of current comparisons between LLMs and healthcare pro
fessionals in answering patient questions. Twelve out of twenty included 
studies identified ChatGPT as a viable alternative, demonstrating high 
accuracy, similarity to human responses, scientific correctness, and 
comprehensibility [44–46,48–51,53,54,57,59,60]. Six studies reported 
mixed results [29,43,47,55,56,61], and two studies deemed LLMs un
suitable due to language complexity, poor quality, reduced empathy, 
and response accuracy [31,52].

5.1. Interpretation of key findings

5.1.1. Variation in study characteristics and clinical contexts
Two studies [44,47], of which one viewed LLMs as a viable alter

native and one reported mixed results, used a limited number of ques
tions (<20). With fewer questions, the reduced variation in topic and 
complexity makes the results more vulnerable to chance, which can 
affect the reliability of both positive and negative outcomes. However, 
studies that included approximately 150 questions and similarly 
concluded that LLMs can serve as a viable alternative, suggesting that 
positive findings are not solely attributable to small sample sizes 
[48,59].

LLMs were seen as a viable alternative to answer patient question 
related to nutrition, ophthalmology, colon and rectal cancer, total knee 
replacement, hypertension, thyroid-related topics, glaucoma and oral 
cancer, rare respiratory diseases, ovarian cancer, neck masses, pro
longed disorders of consciousness, but not in dermatology and labora
tory results. However, it is difficult to argue that dermatology and 
laboratory results represent inherently more challenging topics for LLMs 
compared to other domains. In fact, one study demonstrated that LLMs 
can outperform humans on certain patient questions in dermatology 
[62], and similar findings were reported in a study evaluating LLM- 
generated responses to patient questions about laboratory test results 
[63].

M.M.G. Jacobs et al.                                                                                                                                                                                                                           International Journal of Medical Informatics 209 (2026) 106250 

4 



One study using raw patient questions from an eHealth platform 
reported high scores for accuracy and empathy in favor of ChatGPT, 
with its responses also rated as more readable [45]. Another study using 
similar patient-generated questions also found ChatGPT to perform well 
in terms of empathy [46]. This demonstrates strong potential for using 
LLMs to answer real patient questions, which was the specific focus of 
this study.

5.1.2. Influence of measurement methods on reported performance
Measurement methods, predominantly Likert-scale or similar, had 

negligible influence, as all studies focused on comparing LLM responses 
to those of healthcare professionals or clinical guidelines. The same 
applies to the choice of LLM used; all studies included ChatGPT, with 
various versions of ChatGPT used in those studies that considered LLMs 
as a viable alternative as well as those viewing LLMs as unsuitable al
ternatives. Therefore, this is unlikely to have significantly influenced the 
outcomes. The choice for ChatGPT likely reflects the fact that ChatGPT is 
widely accessible [23], and some research indicates that ChatGPT per
forms better than other LLMs in certain evaluation settings [63]. Newer 
LLMs like ChatGPT 4.0 and Claude 2.1 consistently outperform older 
models such as ChatGPT 3.5 in accuracy, clarity, and empathy. They 
often match or exceed the performance of healthcare professionals, 
especially in specialized topics [46–48,57].

5.1.3. Role of assessors in evaluating LLM responses
Including laypersons, such as non-physicians and patients, as asses

sors contributed to a more diverse and potentially more representative 
evaluation of LLMs. In one case, lay assessors judged the LLM as un
suitable, despite being unaware they were comparing it to a healthcare 
professional, suggesting their judgement was unbiased [31]. In contrast, 
another study found that patients considered the LLM a suitable alter
native [45]. These observations provide limited insight, as they do not 
establish a consistent pattern regarding patient attitudes toward LLMs in 
healthcare. However, other research has shown that patients can view 
chatbots (or LLM-based solutions) positively, provided that the system 
delivers accurate, contextually appropriate responses and is easy to use 
[64].

Interestingly, four studies used a prompt to guide ChatGPT; while 
one of them reported mixed results [29], the other three demonstrated 
that LLMs were capable of providing high-quality and appropriate re
sponses [50,54,59]. However, these findings highlight that the quality of 
the prompt is critical for eliciting the best possible answers from the LLM 
[34 63]. Notably, the studies with the largest number of assessors (n =
37 and n = 42) concluded that ChatGPT responses were accurate and 
adequate, reinforcing its potential as a reliable alternative when eval
uated by a broader group [44,45].

5.1.4. Impact of study bias on interpretation of findings
Among the studies with the lowest risk of bias 

[29,43,45,46,50–52,58,60], two concluded that it was unclear whether 
the LLM outperformed humans, one found humans to be superior, and 
six studies indicated that the LLM performed better. This pattern suggest 
that studies with a lower risk of bias more frequently conclude that LLMs 
represent a suitable alternative to human performance.

5.2. Strengths and limitations

The study benefits from its well-defined inclusion and exclusion 
criteria that emphasize studies comparing LLM responses with those of 
healthcare professionals or clinical guidelines on patient questions 
conducted by independent assessors. By assessing both accuracy and 
adequacy across various aspects, the study effectively evaluates the 
quality of LLM responses. To our knowledge, no previous systematic 
review on studies comparing LLM responses to healthcare professional 
or guideline responses for patient questions has been published. Vari
ability in reporting and measurement aspects makes drawing conclusive 

inferences challenging. Despite using the ROBINS-I tool, bias in included 
studies remains possible due to incomplete descriptions, impacting 
result validation.

While the synthesis of findings provides useful insights, these results 
should be interpreted with caution. Differences in LLM performance 
may be overstated due to the small number of included studies and the 
limited question sets used. Such variations could reflect sampling vari
ability rather than true differences in model capability. Therefore, these 
findings should be considered exploratory. This review provides an early 
snapshot of a rapidly evolving field, where both the evidence base and 
the technology are advancing quickly, making some conclusions time- 
sensitive. Acknowledging this dynamic context enhances transparency 
and underscores the need for future research using larger and more 
diverse datasets to confirm these results and maintain relevance.

Another limitation of this review is the narrow search strategy 
focused on the terms LLM, ChatGPT, and chatbot, which may have 
excluded studies using broader keywords. Future reviews should 
consider a wider range of terms to capture related work and provide a 
more comprehensive overview.

5.3. Future research

This systematic review suggests that LLMs may be suitable alterna
tives to healthcare professionals in answering patient questions, but 
consistent with prior studies [29,31,43,47,52,61] highlighting de
ficiencies in complexity, poor quality, reduced empathy, and response 
accuracy. The lack of empathy, intuition, and experience compared to 
healthcare professionals [30] may be improved in the future, enabling 
LLMs to serve better as an alternative or aid for healthcare professionals 
in answering patient questions. One excluded study, focused on re
sponses to patient complaints rather than medical questions, still 
showed that ChatGPT 4.0 outperformed human responses in empathy, 
completeness, and satisfaction [65]. This study provides significant ev
idence supporting the effectiveness of LLMs in the resolution of patient 
complaints.

LLMs can in future automatically generate a response after which the 
healthcare professional can check it and send it to the patient, this way 
time can be saved. Besides, the prompt can be improved so that the LLM 
is encouraged to respond as a doctor and information on, for example, 
wound care, movements after surgery can be added to the LLM so that it 
will always give the right advice which is in line with the human doctor.

Despite promising results, future research should focus on newer 
LLMs and their performance across medical domains. Key gaps include 
the limited use of real patient-generated questions, lack of cost- 
effectiveness data, and overreliance on simulated or FAQ-based inputs. 
To advance the field, studies should incorporate real-world data, diverse 
assessors, and questions from e-health communication platforms. 
Additionally, future research should explore why LLMs perform better in 
certain clinical domains and less effectively in others. It will also be 
important to investigate the underlying factors driving these perfor
mance differences, such as topic complexity and data availability.

5.4. Practical implications

Despite the potential of LLMs in answering patient questions, several 
challenges remain. LLMs may help alleviate the growing burden of pa
tient messaging and offer opportunities to automate repetitive tasks 
currently handled by healthcare personnel [15,20–23]. A promising 
application is the generation of draft responses to patient questions for 
clinician review . If successfully implemented, these capabilities could 
reduce administrative workload and improve response times, poten
tially enhancing patient satisfaction. However, data privacy must be 
safeguarded to protect patient information. Technical integration re
quires IT expertise, which may not be readily available. The costs of 
implementing LLMs are still unclear, and their sustainability, in terms of 
energy consumption and long-term employability, must still be 
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investigated. In addition, successful implementation will require clinical 
protocols, training for healthcare professionals, and especially in early 
stages, a human-in-the-loop to ensure safe and effective use of LLMs in 
patient communication.

5.5. Prospective applications of LLMs in healthcare

Prospective applications include using LLMs as clinical decision- 
support tools, patient education aids, and triage assistants. These roles 
are justified by their ability to process large volumes of medical text and 
generate contextually relevant outputs. For example, summarizing 
guidelines can help clinicians quickly access key recommendations, 
while drafting patient-friendly explanations supports clear communi
cation and health literacy. Assisting with routine questions may reduce 
administrative burden and free up time for direct patient care. In all 
cases, professional oversight remains essential to ensure safety and 
accuracy.

6. Conclusion

The review summarizes current evidence on the accuracy and ade
quacy of medical information provided by LLMs in response to patient 
questions, compared to healthcare professionals and clinical guidelines. 
While LLMs show potential as supportive tools in healthcare, their 
integration should be approached cautiously due to inconsistent per
formance and possible risks. Further research is essential before wide
spread adoption.
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APPENDIX A: SEARCH PLANNING FORM

Fig. 2 contains the search planning form.
The finalized PubMed search string was as follows: (“Large Language 

Model” OR “LLM” OR “ChatGPT” OR “Chatbot”) AND (“question 
answering” OR “answer questions” OR “medical information” OR 
“healthcare information” OR “clinical information” OR “medical 
advice”) AND (“human” OR “healthcare professional” OR “physician” 
OR “doctor” OR “nurse” OR ‘’health personnel’’[MeSH]) AND (“accu
racy” OR “adequacy” OR “effectiveness” OR “efficacy”).

The finalized Embase search string was as follows: ((large language 
model or LLM or ChatGPT or chatbot).ti,ab. AND (question answering or 
answer questions or medical information or healthcare information or 
clinical information or medical advice).ti,ab. AND (human or healthcare 
professional or physician or doctor or nurse or health personnel).ti,ab. 
AND (accuracy or adequacy or effectiveness or efficacy).ti,ab.).

Appendix B. Supplementary data

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.ijmedinf.2025.106250.
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