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ABSTRACT  

Objective: This study focuses on the assessment of the precision and depth of ChatGPT's feedback to medical 

questions posed by physicians, providing preliminary evidence of its reliability in offering precise and 

comprehensive information.  

Methods: This research involved 10 physicians formulating questions for ChatGPT without patient-specific 

data. Approximately 29% of the 35 invited doctors participated, creating eight questions each. The questions 

covered easy, medium, and hard levels, with yes/no or descriptive responses. ChatGPT's responses were 

evaluated by physicians for accuracy and completeness using established Likert scales. An internal validation 

re-submitted questions with low accuracy scores, and statistical measures analyzed the outcomes, revealing 

insights into response consistency and variation over time. 

Results: The analysis of 80 first-round ChatGPT responses revealed a median accuracy score of 4 (mean 4.7, 

SD 2.6) and a median completeness score of 2 (mean 1.8, SD 1.5). Notably, 30% of responses achieved the 

highest accuracy score (6), and 38.7% were rated nearly all correct (5), while 8% were deemed completely 

incorrect (1). Inaccurate answers were more common for physician-rated hard questions. Completeness 

varied, with 45% considered comprehensive, 37.5% adequate, and 17.5% incomplete. A modest correlation 

(Spearman’s r = 0.3) existed between accuracy and completeness across all questions. 

Conclusion: Integrating models of language like ChatGPT in the practice of medicine shows promise, but 

cautious considerations are crucial for safe use. While AI-generated responses display commendable accuracy 

and completeness, ongoing refinement is needed for reliability.  
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Introduction 

The employment of natural language 

processing (NLP) techniques in the medical field 

offers a significant opportunity to improve access to 

healthcare information for both professionals and 

patients. 1 Among these techniques, Large 

Language Models (LLMs) stand out for their ability 

to mimic human text. These models are distinct 

from traditional supervised deep learning models in 

that they utilize a more efficient learning approach. 

This approach involves initial training through self-

supervision on extensive unlabeled data, followed 

by specific fine-tuning on smaller, labeled datasets 

for specialized tasks. 2 

One AI-based tool that has recently gained 

attention is Chat-Generative Pre-Trained 

Transformer (ChatGPT). This tool is developed on 

the foundation of the Generative Pre-Trained 

Transformer-3.5 (GPT-3.5) framework, an LLM 

boasting more than 175 billion parameters. 3 

ChatGPT's training includes a wide array of internet 

materials like articles, books, and websites. Its 

capability for communicative tasks is honed 
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through principles of reinforcement learning from 

human feedback (RLHF), allowing it to understand 

the subtleties of user intent and to effectively tackle 

diverse tasks, possibly including those related to 

healthcare. 4 

As the volume of medical-related data 

grows and clinical-based decision-making becomes 

more complex, NLP technologies could help 

doctors in making rapid and better choices, thereby 

enhancing healthcare quality and efficiency. 5 

Remarkably, ChatGPT has demonstrated 

capabilities close to the qualifying standards for the 

United States Medical Licensing Exam (USMLE) 

regardless of no training in any specialty. 6 This 

underlines its possible utility in healthcare 

education and practical hospital support. Moreover, 

technological progress has shifted the dynamics of 

knowledge acquisition. Patients increasingly use AI 

chatbots and search engines as favorable, readily 

usable sources of health information, moving away 

from relying solely on medical professionals. 7 

ChatGPT and similar AI chatbots are now 

capable of engaging in detailed conversations and 

providing seemingly authoritative answers to 

complex medical inquiries. 8 However, despite its 

promising capabilities, ChatGPT sometimes 

generates plausible yet inaccurate responses. 9 This 

calls for caution in its application in clinical settings 

and research. The dependability and precision of 

these tools, particularly in responding to open-

ended medical questions commonly posed by 

doctors and patients, have not been thoroughly 

evaluated. 

This study aimed to assess the accuracy and 

depth of ChatGPT's replies to medical questions 

posed by physicians, providing preliminary 

evidence of its reliability in offering precise and 

comprehensive information. Furthermore, the study 

will shed light on the limitations inherent in AI-

generated medical advice. 

Materials and Methods 

 This study received an exemption from 

Institutional Review Board review at Cooper 

Medical School, Rowan University, as it did not 

involve human participants, patient data, or 

identifiable health information. Data were collected 

between July 2023 and November 2023 using the 

publicly available version of ChatGPT based on 

GPT-3.5 (OpenAI, San Francisco, CA, USA), 

accessed via chat.openai.com. The investigation 

employed a set of questions formulated by 10 

physicians from various specialties. Of the 35 

doctors initially invited, around 29% participated. 

These participants were either faculty members or 

recent graduates from diverse international 

locations. The directive for these doctors was to 

create queries based on clear, non-controversial 

information derived from current medical 

guidelines, reflecting the knowledge base as of 

early 2021, which aligns with the training data cut-

off for ChatGPT. Each doctor was tasked with 

devising eight questions, yielding a total of 80 

unique questions. Half of these questions were 

designed to have straightforward yes/no or 

correct/incorrect responses, categorized into easy, 

medium, and hard levels based on the doctor's 

subjective assessment. The remaining questions 

required either descriptive responses or a 

compilation of multiple correct answers, also 

classified into the same three levels of difficulty. 

The doctors were instructed against pre-testing the 

quizzes on ChatGPT themselves to decrease the 

chances of bias. 

For consistency, a single researcher (ZA) 

inputs all queries into the ChatGPT system, 

instructing the AI to provide detailed responses and 

to integrate relevant medical guidelines where 

applicable, using the prompt “Be distinct and 

embrace any relevant healthcare guidelines”. Each 

question was entered as a new conversation to avoid 

contextual carryover between responses. The 

responses generated via AI were then evaluated by 

the doctors who formulated the queries. These 

physicians, considering their expertise in their 

respective fields, assessed the responses using two 

established scales: one for accuracy and another for 

completeness. 

The accuracy assessment was conducted 

using a six-point Likert scale, ranging from 1 

(completely incorrect) to 6 (entirely correct). The 

completeness of the answers was evaluated on a 

three-point Likert scale, where 1 indicated an 

incomplete answer that missed significant elements, 

2 denoted adequacies in covering all aspects of the 

question, and 3 signified a comprehensive response 

that provided additional context or information 

beyond the basic query. Responses deemed 

completely incorrect in terms of accuracy 

(receiving a score of 1) were not evaluated for 

completeness. 

To assess response consistency over time, 

the complete set of 80 questions was submitted to 

ChatGPT on three separate occasions, spaced 8–17 

days apart, yielding a total of 240 evaluated 

responses (80 questions × 3 rounds). The same 

physicians evaluated all three rounds of responses 

to their own questions. This design allowed 

comparison of ChatGPT's performance across time 
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points to determine whether the model's outputs 

varied with ongoing updates. 

The outcomes were presented 

descriptively, using statistical measures such as 

mean, median, standard deviation, and intra-

quartile range. Differences between groups were 

analyzed using either the Kruskal-Wallis test or the 

Mann-Whitney U test. The re-evaluated answers 

were juxtaposed using the signed rank test by 

Wilcoxon. In specific data subsets, such as those 

concerning immunotherapy/melanoma and 

common conditions, intra-rater reliability was 

assessed with kappa statistics for all marks (1-3 for 

completeness and 1-6 for accuracy). Additionally, 

an exploratory and condensed analysis was 

conducted to gauge common agreement (accuracy 

scores for accuracy into categories of 1-2, 3-4, and 

5-6). A two-sided significance level of α = 0.05 was 

applied throughout. All analyses were performed in 

IBM SPSS Statistics version 29.0 (IBM Corp., 

Armonk, NY, USA).  

Results 

Of the 35 physicians invited across multiple 

specialties, 10 (28.6%) agreed to participate. The 

participating physicians represented general 

internal medicine (n = 4), oncology (n = 2), 

endocrinology (n = 2), pulmonology (n = 1), and 

hematology (n = 1). Among the 80 first-round 

responses generated by Chat-GPT, the median 

accuracy score was 4 (mean 4.7, SD 2.6), and the 

median completeness score was 2 (mean 1.8, SD 

1.5) (Table 1). Amongst them, the highest accuracy 

rating (score of 6) was 30% (n= 24), and a score of 

near-perfect rating (accuracy score of 5) was 38.7% 

(n= 31).  Conversely, completely incorrect 

(accuracy score of 1) was 8% (n=10). False 

responses, with an accuracy score of 2 or lower 

(n=14), were mostly in answer to physician-rated 

difficult questions with either two answers (n=9, 

11.25%) or explanatory answers (n=5, 6%) but 

were divided across all groups. Furthermore, the 

thoroughness of the responses was assessed, with 

45% (n=36) rated as thorough, 37.5% (n = 30) as 

sufficient, and 17.5% (n=14) as unfinished. 

Accuracy and completeness were modestly 

correlated (Spearman's r = 0.30; 95% CI 0.09–0.49; 

p < 0.01) across all questions. 

When all three evaluation rounds were pooled (n = 

240 responses to 80 unique questions), the mean 

accuracy score was 5.6 (SD 2.1) with a median of 

4.9 (IQR 1.5), whereas the mean completeness 

score was 2.3 (SD 0.7) with a median of 2.0 (IQR 

1.0).  

All descriptive questions had a median 

accuracy of 4.2 (average 3.9, SD 2.2, IQR 1.5), 

while binary questions had a median accuracy of 5.8 

(average 5.1, SD 1.8, IQR 1.5) (Mann Whitney U 

p=0.06). The descriptive questions had median 

accuracy scores of 5.5 (mean 5.1, SD 2.5, IQR 2), 

4.7 (mean 4.4, SD 1.8, IQR 1.6), and 3.8 (mean 4.8, 

SD 1.7, IQR 1.9) for the easy, medium, and hard 

questions, respectively (Kruskal-Wallis p = 0.3). 

There was a significant difference between the 

groups (Kruskal-Wallis p = 0.02) in the binary 

questions. The median accuracy scores for the easy, 

medium, and hard questions were 6 (mean 5.5, SD 

1.8, IQR 2), 5 (mean 4.4, SD 2.2, IQR 1.8), and 3.5 

(mean 2.7, SD 1.4, IQR 1.9). For the repeated-

question subsets, intra-rater agreement across 

rounds was fair to moderate. In the 

immunotherapy/melanoma subset, agreement was κ 

= 0.34 for accuracy and κ = 0.29 for completeness, 

while in the common-conditions subset, agreement 

was κ = 0.47 for accuracy and κ = 0.41 for 

completeness. In the exploratory condensed 

analysis of accuracy (1–2, 3–4, 5–6), agreement 

increased to κ = 0.53 for immunotherapy/melanoma 

and κ = 0.61 for common conditions. 

 

Table 1: Examples of answers generated by ChatGPT to common medical questions 

Difficulty 

Level 

Common 

Medical 

Condition 

Question Asked ChatGPT generated 

answer 

Accuracy 

Score 

Completeness 

Score 

Easy 

(Descriptive) 

Anemia What is the most 

likely cause of 

anemia? 

Iron deficiency is the most 

likely cause of anemia 

worldwide. It can arise 

from poor intake, reduced 

absorption, chronic blood 

loss, or increased demand 

during growth and 

6 3 
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pregnancy. 

Medium 

(Descriptive) 

Diabetes What are the 

complications of 

untreated 

hyperglycemia? 

Untreated hyperglycemia 

can injure small and large 

blood vessels. Key 

complications include 

retinopathy, nephropathy, 

neuropathy, 

cardiovascular disease, 

recurrent infections, 

delayed wound healing, 

and peripheral vascular 

disease. 

5 2 

Hard 

(Descriptive) 

Asthma For an 18-year-old 

with moderate 

persistent asthma, 

what regimen is 

recommended by 

the current National 

Asthma Education 

and Prevention 

Program? 

guidance? 

For moderate persistent 

asthma in an 18-year-old, 

a preferred Step 3 regimen 

is a low-dose inhaled 

corticosteroid with 

formoterol used for both 

maintenance and relief, 

known as single 

maintenance and reliever 

therapy. Alternatives 

include a low-dose inhaled 

corticosteroid with long-

acting beta-agonist, along 

with a short-acting beta-

agonist as needed, or a 

medium-dose inhaled 

corticosteroid. 

4 1 

† The accuracy scale employed a six-point Likert scale ranging from 1 (completely incorrect) to 6 (correct). The 

completeness scale, comparatively, utilized a Likert scale with three points: 1 (insufficient), 2 (adequate, 

addressing every side of the quiz with the least required information), and 3 (comprehensive, addressing all 

sides of the question with additional information or context beyond expectations). Responses rated as 

completely incorrect (score of 1) on the accuracy scale were exempt from assessment for comprehensiveness. 

 

Discussion 

This study suggests that approximately 

three months after its public release, ChatGPT 

shows the potential to provide error-free and 

extensive medical-related information. 

Nevertheless, it does not prove to be entirely 

reliable. The analysis by 10 physicians across five 

specialties, evaluating 240 responses generated 

from 80 unique questions across three rounds, 

highlights that (n=240) 52.1% of the AI responses 

were deemed "almost all accurate" or "accurate" 

(mean accuracy score 4.4, median 5). A majority of 

the answers (53.5%) were considered thorough 

(median 3, mean completeness score 2.4), 

indicating thorough responses with added context 

or information. The examination of this data reveals 

that the median of accuracy scores tended to be 

higher than the mean of said scores, underscoring 

instances where the chatbot provided notably 

incorrect information. Consequently, utilizing the 

latest model of ChatGPT for the dissemination of 

healthcare expertise should acknowledge its 

potential to arrive at entirely mistaken conclusions, 

presented convincingly. 

In general, accuracy remained relatively 

high across different question types and difficulty 

levels. More challenging questions exhibited 

slightly lower accuracy scores compared to easier 

ones, hinting at a possible restraint in handling 

complicated medical questions. ChatGPT was able 

to pass the Japanese medical board exam with a 

72% result which reinforces its potential for solving 

easy to medium questions. 10 Similarly, this AI 

chatbot was able to solve more than 60% of the 

questions included in four different types of USA 

medical board exams including NBME-Free-Step1, 

and NBME-Free-Step2, AMBOSS-Step1, and 

AMBOSS-Step2. 11 We did not find studies that 

investigated ChatGPT’s response to easy, medium 
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and hard questions separately. However, in this 

study, the difference did not reach any statistical 

significance. Overall, the performance across 

question types (descriptive or binary) and difficulty 

levels was comparable, suggesting ChatGPT's 

potential applicability to a variety of open-ended 

questions with varying difficulty levels. 

The internal validation revealed ChatGPT's 

ability to significantly upgrade over a short span. 

This improvement may be attributable to 

uninterrupted updates and advancement of the 

model's parameters and algorithms, as well as the 

influence of recurrent user feedback resulting in 

reinforcement learning. This feature is being used 

by researchers and entrepreneurs in devising 

algorithms for AI medical software, where AI chats 

with patients and answers their most common 

medical-related questions. The AI collects recorded 

conversations and presents them to the consultant in 

an efficient manner. This helps the consultant 

respond to patients’ queries and concerns swiftly 

and in a timely manner. 10 

Results after analyses of four recognizable 

query sets (asthma, diabetes, anemia, and ordinary 

conditions) demonstrated relatively consistent and 

high scores. The dataset of common conditions 

exhibited relatively greater accuracy scores, 

implying that the availability of more training data 

for common conditions may contribute to improved 

scores. However, it's worth noting that scoring on 

this dataset was repeated later, potentially 

reviewing the ongoing improvement of the model 

over weeks and even days. 

Despite such encouraging findings, the 

generalizability of our interpretations is restricted 

by the limited sample size, consisting of 10 

physicians from a single academic medical centre 

evaluating 80 unique questions (240 total responses 

across three rounds), which possibly do not 

adequately represent the diversity of medical 

specialties and the wide range of possible questions 

within them. Moreover, there are notable biases, 

including selection bias stemming from the cohort 

being confined to academic practitioners, in 

addition to a potential bias of respondents. 

Additional restraints include the personalized 

selection of presented queries and the lack of a 

method of validation to authenticate the precision of 

the given facts and figures. The research depended 

on doctors’ own reported, subjective rankings, 

introducing potential bias, especially considering 

variations in judgments among physicians (e.g., the 

distinction between nearly all correct vs more 

correct than incorrect (5 vs. 4) might be subtle). 11 

Questions selected by physicians tended to have 

unchallenged and clear answers, aligned with 

current guidelines, potentially deviating from the 

inquiries that patients and the general public might 

pose, lacking explicit knowledge regarding factors 

such as prior therapies, cancer staging, and sites of 

metastases, which can significantly influence 

responses. 12 The study was confined to one 

particular AI variant, ChatGPT, and may not be 

universally applicable to additional variants of AI, 

especially with specialized healthcare training. 

The research presents preliminary 

confirmation supporting the potential of systems 

using AI to address non-multiple choice clinical 

questions of the real world. With further validation, 

tools like ChatGPT could serve as valuable 

resources for rapid medical information retrieval in 

fast-paced clinical settings, enhancing the 

efficiency of healthcare and aiding complicated 

decision-making. 13 Healthcare providers should 

think about how patients might put these tools into 

use and how ChatGPT is set up to make the right 

suggestions and send patients to licensed healthcare 

professionals. 14 To help patients and healthcare 

providers make educated decisions about when and 

how to employ AI-powered tools, healthcare 

education should include relevant instruction on the 

potential advantages, drawbacks, and hazards 

associated with these tools. 15 However, depending 

only on the present-day publicly accessible edition 

of ChatGPT for medical information is cautioned 

against. If instructed by credible specialists on a 

wide-ranging dataset of scrutinized medical 

information, such as pharmacology databases, 

medical literature, electronic healthcare accounts, 

etc., training ChatGPT and similar language models 

on curated medical datasets could substantially 

improve the accuracy and reliability of AI-

generated healthcare information. Recent 

advancements, such as a GPT-style model of 

language exclusively trained on biomedical 

literature, achieving 51% accuracy on diverse 

biomedical question-answering assignments, 

underscore the aptitude of context-sensitive 

language generation models in practical healthcare 

applications. 16 

Validation of AI-generated healthcare 

information requires more research involving 

bigger communities of medical specialists with 

varying question categories. 17 Furthermore, studies 

should also assess how AI-created healthcare data 

has advanced over time. Additional considerations 

include privacy and ethical issues. As the data used 

to train these AI tools predetermines their 

reliability, efforts are made regarding the 

incorporation of reliable sources of medical 
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information, such as pharmacology databases, 

medical literature, and evidence from existing 

sources, to guarantee that AI variants are properly 

trained and provide current, evidence-based 

information. Furthermore, text-based AI models 

might miss subtleties presented only in tabular or 

figure form instead of being explored expressly in 

theory. Lastly, future efforts should focus on 

developing a robust regulatory framework and 

standards regarding the effective and secure 

application of AI in medicine. 

Conclusion 

 Incorporating models of language like 

ChatGPT into the application of medicine shows 

initial potential, but careful deliberations are 

essential for ensuring secure and effective 

utilization. Although the AI-generated responses 

demonstrated commendable completeness scores 

and accuracy across diverse question types, 

specialties, and levels of difficulty, ongoing 

refinement is necessary to enhance the 

dependability and resilience of such tools before 

their seamless incorporation into clinical settings. 

Patients and medical practitioners should remain 

cognizant of the shortcomings and actively verify 

medical information generated by AI through 

dependable sources. This research serves as a 

fundamental step in initiating an authentic base for 

the integration of healthcare-related AI language 

models, emphasizing the crucial need for 

continuous evaluation and regulatory measures. 
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