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Abstract

Background: Medical students increasingly rely on online tools for clinical information retrieval. While traditional platforms
like Google, PubMed, and UpToDate are commonly used, the rise of large language models (LLMs) such as ChatGPT offers
new potential in this area.

Objective: This study compared ChatGPT with conventional online resources in terms of accuracy, speed, and user satisfaction
when retrieving medical information among sixth-year medical students.

Methods: We conducted a quasi-experimental, posttest-only study with 64 sixth-year medical students at a Thai teaching
hospital. Students were initially randomly assigned to use either ChatGPT or traditional online medical resources (Google,
PubMed, and UpToDate), with final groups of 35 and 29 participants respectively due to protocol deviations. Participants
completed a 10-question open-ended test on internal medicine topics. Responses were scored using expert-validated rubrics with
multiple key elements per question, totaling 10 points each. We also recorded completion time and assessed satisfaction via a
15-item Likert questionnaire. Between-group comparisons used independent t-tests.

Results: The ChatGPT group achieved significantly higher accuracy scores (mean 63.79, SD 9.71) than the control group (mean
47.22, SD 8.82, P<.001), reflecting a 35.1% improvement. They also completed the task more quickly (mean 58.59 vs 75.76
minutes, P=.003), with a 22.7% time reduction. Satisfaction scores were higher overall in the ChatGPT group (mean 62.06, SD
7.14 vs 56.72, SD 10.23; P=.018), particularly in the search process domain (P<.001). Performance varied by cognitive level,
with application-type questions showing the largest advantage (20.63 percentage points), followed by remembering-level
questions (16.14 percentage points) and analysis-level questions (8.54 percentage points). No significant associations were found
between ChatGPT use and demographics, prior experience, or Al attitudes.

Conclusions: ChatGPT significantly outperformed traditional online resources in accuracy, speed, and user satisfaction for
clinical information retrieval among medical students. These findings suggest its potential as a supportive tool in medical
education. However, future integration should include training in critical appraisal and responsible use to ensure safe and
effective application in learning environments.
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Abstract

Background: Medical students increasingly rely on online tools for
clinical information retrieval. While traditional platforms like Google,
PubMed, and UpToDate are commonly used, the rise of large
language models (LLMs) such as ChatGPT offers new potential in this
area.

Objective: This study compared ChatGPT with conventional online
resources in terms of accuracy, speed, and user satisfaction when
retrieving medical information among sixth-year medical students.

Methods: We conducted a quasi-experimental, posttest-only study
with 64 sixth-year medical students at a Thai teaching hospital.
Students were initially randomly assigned to use either ChatGPT or
traditional online medical resources (Google, PubMed, and

https://preprints.jmir.org/preprint/83670 [unpublished, non-peer-reviewed preprint]
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UpToDate), with final groups of 35 and 29 participants respectively
due to protocol deviations. Participants completed a 10-question
open-ended test on internal medicine topics. Responses were scored
using expert-validated rubrics with multiple key elements per
question, totaling 10 points each. We also recorded completion time
and assessed satisfaction via a 15-item Likert questionnaire.
Between-group comparisons used independent t-tests.

Results: The ChatGPT group achieved significantly higher accuracy
scores (mean 63.79, SD 9.71) than the control group (mean 47.22,
SD 8.82, P<.001), reflecting a 35.1% improvement. They also
completed the task more quickly (mean 58.59 vs 75.76 minutes,
P=.003), with a 22.7% time reduction. Satisfaction scores were
higher overall in the ChatGPT group (mean 62.06, SD 7.14 vs 56.72,
SD 10.23; P=.018), particularly in the search process domain
(P<.001). Performance varied by cognitive level, with application-
type questions showing the largest advantage (20.63 percentage
points), followed by remembering-level questions (16.14 percentage
points) and analysis-level questions (8.54 percentage points). No
significant associations were found between ChatGPT use and
demographics, prior experience, or Al attitudes.

Conclusions: ChatGPT significantly outperformed traditional online
resources in accuracy, speed, and user satisfaction for clinical
information retrieval among medical students. These findings
suggest its potential as a supportive tool in medical education.
However, future integration should include training in critical
appraisal and responsible use to ensure safe and effective
application in learning environments.

Keywords: Artificial Intelligence; Education, Medical; Educational
Technology; Evidence-Based Medicine; Information Storage and
Retrieval; Internet; Natural Language Processing; Students, Medical

Introduction
Background

Contemporary medical students and healthcare professionals must
develop sophisticated skills for rapidly accessing and evaluating
medical information—this has become a fundamental competency
[1]. The exponential growth of medical knowledge, with an
estimated doubling time of 73 days [2], presents significant
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challenges for medical education and clinical practice. Given this
information explosion, medical students in their clinical years need
strong research competencies to navigate the vast landscape of
medical literature effectively [3].

Traditionally, medical students have relied on various online
resources for information retrieval. Studies have shown that Google
is frequently used by medical students, with one study finding
Google usage in 69% of biomedical information-seeking sessions [4].
Although Google offers broad accessibility and ease of use, concerns
persist about the quality and reliability of online health information
[5]. Professional medical databases such as PubMed provide access
to peer-reviewed literature but often require advanced search skills
and more time to identify clinically relevant information [6].
Traditional resources like UpToDate have been widely used, but
recent studies have shown growing interest in Al-powered tools.
Medical students now express positive perceptions about ChatGPT
and artificial intelligence in their training [7].

The COVID-19 pandemic accelerated the digital transformation of
medical education, increasing reliance on online resources and
highlighting the need for efficient digital information literacy skills
[8]. This shift emphasized the importance of evidence-based
medicine (EBM) training and the development of critical appraisal
skills for evaluating online medical information [9].

The Emergence of Al in Medical Education

The introduction of large language models (LLMs), particularly
ChatGPT, has created new opportunities and challenges for medical
education. ChatGPT, developed by OpenAl, demonstrates
remarkable capabilities in generating human-like text responses and
processing complex queries [10]. Recent studies have shown that
ChatGPT can pass medical licensing examinations, including
achieving passing scores on all three steps of the United States
Medical Licensing Examination (USMLE) [11]. Furthermore, recent
studies have demonstrated ChatGPT's potential in supporting
medical education through interactive learning scenarios [12].

However, the integration of Al tools in medical education is not
without concerns. Key limitations include potential inaccuracies,
reliance on training data that may not reflect current medical
knowledge, inherent biases, and the risk of students developing

https://preprints.jmir.org/preprint/83670 [unpublished, non-peer-reviewed preprint]
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over-dependence on Al-generated responses [13]. A comparative
study in otorhinolaryngology found that UpToDate provided
significantly more reliable and useful information than ChatGPT [14],
while another study reported that ChatGPT's medical advice
achieved only 68.2% on the Patient Education Materials Assessment
Tool compared to Google's 89.4% [15].

Study Rationale and Objectives

Although there is clearly growing interest in Al applications in
medical education, we have limited research comparing ChatGPT's
effectiveness with traditional online medical resources in real-world
educational settings, particularly in non-English speaking countries.
This study addresses this gap by conducting a systematic
comparison in the context of Thai medical education.

The primary objective was to compare the accuracy of medical
information retrieved using ChatGPT versus traditional online
resources (Google, PubMed, and UpToDate) among sixth-year
medical students. Secondary objectives included comparing retrieval
time, assessing user satisfaction, and analyzing factors influencing
resource selection.

Methods
Study Design and Setting

We conducted a quasi-experimental study using a two-group
posttest-only design at the Clinical Medical Education Center,
Maharaj Nakhon Si Thammarat Hospital, Thailand. The study was
approved by the Institutional Review Board of Maharaj Nakhon Si
Thammarat Hospital (IRB No. A032/2568). All participants provided
written informed consent, and data were anonymized to protect
participant privacy.

Participants

All 64 sixth-year medical students at our institution were invited to
participate. Inclusion criteria were: (1) current enrolilment as a sixth-

https://preprints.jmir.org/preprint/83670 [unpublished, non-peer-reviewed preprint]
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year medical student, (2) voluntary consent to participate, and (3)
basic computer and internet literacy skills. Exclusion criteria
included inability to complete the entire assessment session or
withdrawal of consent during the study.

We calculated our sample size using Cohen's formula for comparing
means between two independent groups [16]: n = 2(Za/2 +
ZB)?c?/d?. Using a=0.05 and power=0.80, estimated standard
deviation=1.5, and clinically significant difference=1.0, the required
sample size was 18 participants per group.

Randomization and Group Assignment

A total of 64 medical students participated in the study and were
randomly assigned using simple random sampling to either the
experimental group (ChatGPT) or the control group (traditional
online medical resources), with an intended allocation of 32
participants per group.

However, due to protocol deviations, 3 participants originally
assigned to the control group mistakenly used ChatGPT to complete
the task. To maintain the integrity of the analysis and follow
intention-to-treat principles, these participants were subsequently
reclassified into the experimental group. This deviation occurred due
to ambiguous instructions in the initial briefing. To prevent similar
issues in future studies, we implemented enhanced participant
briefings that include: (1) explicit verbal instructions specifying the
assigned information source at the beginning of each session, (2)
written reminder cards placed at each workstation listing only the
permitted resources for that group, and (3) a demonstration of the
assigned tool(s) before commencing the test. Additionally, a
research assistant was designated to monitor compliance during the
first 5 minutes of the assessment. As a result, the final group sizes
were unequal: the experimental group comprised 35 participants
and the control group 29 participants. Additionally, two participants
in the control group inadvertently used ChatGPT for approximately
40% of their responses. Following intention-to-treat principles, these
participants remained in the control group for primary analysis.

Study Instruments

ChatGPT Implementation

https://preprints.jmir.org/preprint/83670 [unpublished, non-peer-reviewed preprint]
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The experimental group used GPT-40 mini (free OpenAl version)
accessed through the ChatGPT application or the web-based
interface at chat.openai.com. Students were instructed to use
natural language queries in Thai or English according to their
preference. Example prompts included: "Please explain the
diagnostic criteria and treatment options for [specific condition]" or
"What are the contraindications and side effects of [specific
medication]?" No specific prompt engineering training was provided
to reflect real-world usage patterns.

Clinical Knowledge Test

A standardized test comprising 10 open-ended questions covering
major internal medicine topics was developed and validated by five
experts (four internists and one experienced nurse practitioner)
achieving an ltem-Objective Congruence (I0C) index =0.6 for all
items (see Multimedia appendix 4, page 1-4). Questions were
distributed across cardiovascular diseases, respiratory medicine,
gastroenterology, endocrinology, nephrology, infectious diseases,
neurology, rheumatology, and hematology (see Multimedia appendix
1, page 2-12). Each question was scored using a detailed rubric with
multiple key elements totaling 10 points per question.

The questions were analyzed using Bloom's taxonomy: 67.7%
(n=23) assessed remembering, 23.5% (n=8) assessed application,
and 8.8% (n=3) assessed analysis skills.

User Satisfaction Questionnaire

A 15-item questionnaire using a 5-point Likert scale (1=least
satisfied to 5=most satisfied) assessed three domains: satisfaction
with the search process (5 items), satisfaction with answer quality (5
items), and satisfaction with practical application (5 items) (see
Multimedia appendix 1, page 12). All items achieved I0C =0.6,
confirming content validity (see Multimedia appendix 4, page 5-6).

Data Collection Procedures

Following informed consent, participants completed a demographic
questionnaire including age, gender, GPA, internet usage patterns,
experience with various information sources, attitudes toward Al,

and access to digital resources validity (see Multimedia appendix 1,

https://preprints.jmir.org/preprint/83670 [unpublished, non-peer-reviewed preprint]
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page 1). The clinical knowledge test was administered in a controlled
lecture room with participants seated at appropriate distances. Each
participant had 150 minutes to complete all 10 questions using their
assigned information sources. Time stamps were recorded for each
question. Post-test satisfaction questionnaires were completed
within 30 minutes.

Scoring and Assessment

A single trained assessor evaluated answer sheets using
standardized scoring rubrics. To ensure scoring consistency and
minimize bias, the assessor was blinded to group assignments and
information sources used by participants. The assessor underwent
comprehensive training on the scoring system and criteria before
evaluation began. Each question was scored according to predefined
key elements with explicit scoring criteria developed through expert
consensus. The detailed scoring rubrics provided clear guidelines for
awarding partial credit, ensuring systematic and objective
assessment across all participants question (see Multimedia
appendix 2, page 1-6).

Statistical Analysis

We analyzed data using IBM SPSS Statistics version 20.0 (IBM Corp.,
Armonk, NY, USA). Descriptive statistics included frequencies,
percentages, means, and standard deviations. Between-group
comparisons utilized independent t-tests for continuous variables
and chi-square tests for categorical variables. All p-values are
reported as exact values when =.001 and as P<.001 when smaller.
Pearson correlation coefficients examined relationships between
variables. 95% confidence intervals were calculated for all mean
differences. Statistical significance was set at P<.05. Following
intention-to-treat principles, all analyses were conducted based on
the final group assignments, including the contaminated cases,
which provides a more conservative estimate of the intervention
effect.

Ethical Considerations

For studies involving human subjects research, researchers must
provide a statement summarizing the ethics board review
assessment and outcome (approval, waiver, or exemption), including
a case or application number if available. This study was approved

https://preprints.jmir.org/preprint/83670 [unpublished, non-peer-reviewed preprint]
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by the Institutional Review Board of Maharaj Nakhon Si Thammarat
Hospital (IRB No. A032/2568). All participants provided written
informed consent before participation. Privacy and confidentiality
were maintained through data anonymization and secure storage.
No participant compensation was provided. The study posed minimal
risk to participants and was conducted in accordance with the

Declaration of Helsinki.

Results

Participant Characteristics

Table 1 presents the baseline characteristics of study participants.
The mean age was 23.80 (SD 1.35) years, with 39 (60.9%) female
participants. The mean GPA was 3.03 (SD 0.35). No significant
differences in baseline characteristics were observed between
groups (all P>.05). No factors significantly predicted ChatGPT use,
including demographics, prior experience with information sources,
or attitudes toward Al (all P>.05).

Table 1. Baseline characteristics of study participants (N=64)

Characteristic cg?(t)ﬁ:-r Cé’rr:,thl T(ltal P value

(n=35) | (n=29) | (N=64)

Age (years), mean 23.80 23.79 23.80 .984

(SD) (0.90) (1.76) (1.35)

Gender, n (%) 231

- Male 16 (45.7) | 9 (31.0) | 25 (39.1)

- Female 19 (54.3) | 20 (69.0) | 39 (60.9)

GPA, mean (SD) 2.99 3.08 3.03 267
(0.40) (0.29) (0.35)

Has 33 (94.3) 29 62 (96.9) 497

laptop/computer, n (100.0)

(%)

Has high-speed 35 28 (96.6) | 63 (98.4) 453

internet, n (%) (100.0)

Information Source Usage Patterns

Google was the most frequently used information source, with 84.4%
using it daily, followed by ChatGPT (34.4% daily users). PubMed and
UpToDate showed primarily weekly to monthly usage patterns

(Table 2).

https://preprints.jmir.org/preprint/83670
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Table 2. Frequency of information source usage among participants

Informatio | Daily n | Weekly | Monthly | Yearly n| Never

n Source (%) n (%) n (%) (%) n (%)
ChatGPT 22 (34.4) |19 (29.7) | 5(7.8) 6 (9.4) (1%328)
Google 54 (84.4) | 7 (10.9) 3(4.7) 0 (0.0) 0 (0.0)
PubMed 0(0.0) |21(32.8)| 27 (42.2) |15(23.4)| 1(1.6)
UpToDate 1(1.6) |26(40.6) | 23 (35.9) |14 (21.9)| 0(0.0)

https://preprints.jmir.org/preprint/83670

Primary Outcome:
Accuracy of Information Retrieval

ChatGPT users demonstrated significantly higher accuracy scores
(mean 63.79, SD 9.71) compared to the control group (mean 47.22,
SD 8.82, P<.001), corresponding to a 35.1% improvement (mean
difference 16.57, 95% CI: 11.87-21.27) (Table 3, Figure 1). When
analyzed by individual questions, the ChatGPT group outperformed
the control group on all 10 questions (all P<.05), with the largest
difference observed in hematology questions, where the mean
difference was 2.41 points (95% Cl: 1.47-3.35, P<.001), (see
Multimedia appendix 3).

When analyzed by Bloom's taxonomy, performance varied
significantly by cognitive level, with students demonstrating
strongest performance on application questions (mean 62.93%, SD
18.46%), followed by remembering questions (mean 58.44%, SD
12.22%) and analysis questions (mean 22.11%, SD 12.61%). The
ChatGPT group consistently outperformed the control group across
all cognitive domains: remembering questions showed a 16.14
percentage point advantage (65.75% vs 49.61%, P<.001),
application questions demonstrated the largest difference of 20.63
percentage points (72.28% vs 51.65%, P<.001), and analysis
questions, though challenging for both groups, still favored the
ChatGPT group by 8.54 percentage points (25.97% vs 17.44%,
P=.006) (see Multimedia appendix 3). These findings indicate that
while higher-order thinking tasks proved most difficult for all

[unpublished, non-peer-reviewed preprint]
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participants, ChatGPT users maintained superior performance across
all levels of cognitive complexity, with the greatest advantage
observed in application-level questions requiring practical
knowledge implementation.

Table 3. Comparison of accuracy scores between the ChatGPT and
the control groups

Mean
Mean | Mini | Maxi p- Differenc
Group N +SD | mum | mum |value| e (95%
Cl)
The
ChatGPT | 35| 77 |43.50 | 77.00 | < | 1637
Hhe Control | oo | 47.22 G | 2127)
e Contro . '
group 29 + 882 27.00 | 63.00
Mean difference: 16.57 (95% CI: 11.87-21.27)
s P < 0.001**
70
G 60 _
Ué’ 50
2 40 i
30
20
Control Group ChatGPT Group
(n=29) (n=35)

Figure 1. Box plot comparing accuracy scores between the ChatGPT
and the control groups. The ChatGPT group (n=35) demonstrated
significantly higher accuracy scores on the clinical knowledge test
(mean 63.79, SD 9.71) compared to the control group using
traditional online resources (n=29; mean 47.22, SD 8.82, P<.001).
The plot displays medians, interquartile ranges, and individual data

https://preprints.jmir.org/preprint/83670 [unpublished, non-peer-reviewed preprint]
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points for each group.
Secondary Outcomes

Retrieval Time

The ChatGPT group completed the assessment significantly faster
(mean 58.59 minutes, SD 19.57) than the control group (mean 75.76
minutes, SD 24.84, P=.003), saving an average of 17.17 minutes
(95% CI: 5.98-28.36), representing a 22.7% reduction (Table 4,
Figure 2).

Table 4. Comparison of retrieval time between the ChatGPT and the
control groups

Mean Mean
time = < - p- Difference
Group |n| sb | MinijMaxi| gy, | “(95% )
(minutes e
)
The
3| 5859 + 101.0 217.17 (-
gpoaJSPT 4| 1957 |12.00) 77, 0,00 | 28.36 to-
The Control | 2 | 75.76 £ | 14 9o | 123.0 3 5.98)
group 9 24.84 ' 0

*One participant's time data was missing due to technical error

100 1
90 1 75.76
80 A
70 58.59
60 -

A=17.17 min
+
(22.7% faster)

50
40 A
30 A

20 A

Mean Retrieval Time (minutes)

10 A

0 -

ChatGPT Group Control Group
(n = 34) (n=29)
Mean: 58.59 min Mean: 75.76 min
SD: £19.57 min SD: +£24.84 min
Legend:
[l ChatGPT Group ] Control Group =4= 95% Confidence Interval

https://preprints.jmir.org/preprint/83670 [unpublished, non-peer-reviewed preprint]
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Figure 2. Mean retrieval time for medical information between the
ChatGPT group and the control group. Participants in the ChatGPT
group (n=34) completed the task in significantly less time (mean
58.59 minutes, SD 19.57) than those in the control group (n=29;
mean 75.76 minutes, SD 24.84, P = .003), reflecting a 22.7%
reduction. Error bars represent 95% confidence intervals.

User Satisfaction

ChatGPT users demonstrated notably higher overall satisfaction
(mean 62.06, SD 7.14) compared to the control group (mean 56.72,
SD 10.23, P=.018). The most pronounced difference was in
satisfaction with the search process (mean 22.86, SD 1.80 vs mean
18.41, SD 4.07, P<.001) (Table 5).

Table 5. Comparison of satisfaction scores between groups

. _ The The Mean
Satisfaction ChatGPT Control P | Difference
Domain Group Group | vValu | (950, )

Mean (SD) | Mean (SD) e
Satisfaction with | 22.86 (1.80) | 18.41 (4.07) | <.00 | 4.45 (2.91-

search process 1k 5.99)
Answer quality 18.62 (3.53) | 19.00 (4.23) | .697 | -0.38 (-2.)33
to 1.57
Practical 20.49 (3.04) | 19.31 (3.66) | .165 | 1.18 (-0.49
application to 2.85)
Overall satisfaction | 62.06 (7.14) 56.72 .018 | 5.34 (0.94-
(10.23) i 9.74)

Correlation Analyses

Accuracy scores correlated positively with search satisfaction
(r=0.434, P<.001) but not with retrieval time (r=0.030, P=.816) or
GPA (r=-0.036, P=.781). Gender influenced retrieval time, with
females taking longer than males (mean 71.95 vs 58.20 minutes,
P=.014), (see Multimedia appendix 3).

Discussion

https://preprints.jmir.org/preprint/83670 [unpublished, non-peer-reviewed preprint]
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Principal Findings

Our findings demonstrated that ChatGPT outperformed traditional
online medical resources in accuracy, speed, and user satisfaction
for information retrieval among sixth-year medical students, with a
35.1% improvement in accuracy scores and a 22.7% reduction in
retrieval time. These substantial gains highlight both the statistical
and practical significance of ChatGPT's advantages in real-world
educational settings, particularly among non-English speaking
medical students, and underscore their potential clinical implications
for decision-making and professional development.

Through our study implementation, we found that ChatGPT's
superior performance can be attributed to several factors. The
natural language processing capabilities of ChatGPT allow for more
intuitive query formulation. This differs markedly from the structured
search syntax that traditional databases require. Additionally, we
observed that ChatGPT can synthesize information and provide
contextualized responses that reduce the cognitive load associated
with evaluating multiple search results. This finding supports
cognitive load theory. The theory suggests that reducing extraneous
processing demands enhances learning efficiency [17].

The correlation between accuracy and search satisfaction (r=0.434)
suggested that students could recognize effective information
retrieval. However, the absence of correlation between GPA and
performance indicates that information-seeking skills require specific
training beyond traditional academic achievement.

Performance Across Cognitive Domains

An unexpected pattern emerged when examining performance
through Bloom's taxonomy. The largest performance gap between
groups appeared in application-level questions (20.63 percentage
points) rather than basic remembering tasks (16.14 percentage
points), suggesting ChatGPT's strength lies not merely in information
retrieval but in helping students apply knowledge to practical
contexts—a crucial skill for clinical practice. However, the uniformly
poor performance on analysis-level questions across both groups
(25.97% versus 17.44%) highlights a critical limitation: neither
ChatGPT nor traditional resources adequately support higher-order
analytical thinking. This finding has important implications for
medical education, indicating that while Al tools excel at facilitating
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knowledge acquisition and application, developing critical reasoning
abilities still requires deliberate pedagogical strategies that actively
engage students in analytical processes beyond what current
information retrieval tools can provide.

Clinical and Educational Implications

Our findings indicate several important implications for medical
education and clinical practice:

1. Curriculum Integration: Medical schools should consider
incorporating Al literacy training, including appropriate use of
ChatGPT and similar tools, while maintaining emphasis on
critical thinking and verification skills. The superior
performance in application-level questions but poor analytical
performance across both groups highlights the need for
educational strategies that develop higher-order thinking skills
alongside Al tool usage.

2. Clinical Decision Support: The time efficiency gains (22.7%
reduction) observed in our study could translate to meaningful
benefits in clinical practice, where rapid access to accurate
information directly impacts patient care quality and safety.

3. Resource Accessibility: ChatGPT's free availability addresses
the access barrier faced by students unable to afford
subscription-based resources like UpToDate, potentially
democratizing access to medical information.

4. Assessment Methods: The lower performance on analysis-level
guestions emphasizes the need for developing critical
evaluation skills alongside Al adoption.

Generalizability and International Context

While this study was conducted in Thailand, the findings likely have
broader applicability. The use of ChatGPT in both Thai and English
languages demonstrates its versatility across linguistic contexts.
However, cultural factors affecting information-seeking behaviors
and attitudes toward Al may vary internationally. Future multi-
national studies should explore these variations to better understand
global applicability.

Comparison with Prior Work

Our findings align with recent studies demonstrating ChatGPT's
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capabilities in medical knowledge assessment [11,12] while
extending the evidence to real-world educational applications. The
63.79% accuracy rate in our study is lower than ChatGPT's reported
USMLE performance, likely reflecting the open-ended nature of our
assessment compared to multiple-choice examinations.

Interestingly, our results differ from Caglar et al [14], who found
UpToDate superior to ChatGPT in otorhinolaryngology. One possible
explanation for this discrepancy is that our focus on general internal
medicine topics and the predominance of remembering-level
questions (67.7%) in our assessment, where ChatGPT's broad
knowledge base provides advantages.

Limitations

While our study provides valuable insights, several limitations may
affect the generalizability of our findings. First, the quasi-
experimental design and single-institution setting may limit
generalizability to other medical education contexts. Second, the
assessment's focus on factual recall (67.7% remembering-level
questions) may not fully capture complex clinical reasoning skills,
potentially favoring ChatGPT's information retrieval strengths. Third,
protocol deviations occurred in two ways: three participants were
reclassified from control to ChatGPT group after using ChatGPT
exclusively, and two control participants partially used ChatGPT
(approximately 40% of responses) but remained in the control group
for analysis. This contamination may have led to underestimation of
the true effect size. Specifically, the contamination in the control
group likely resulted in a conservative bias, potentially
underestimating the true effect size of ChatGPT's superiority. The
actual performance difference between pure ChatGPT use and
traditional resources may be larger than our reported 35.1%
improvement in accuracy. This contamination effect, while
strengthening the validity of our positive findings, means that the
true magnitude of ChatGPT's advantage in medical information
retrieval may be even more substantial than demonstrated in this
study. Fourth, we used ChatGPT's free version, and results may
differ with paid versions or other Al models. Finally, the rapid
evolution of Al technology means our findings represent a temporal
snapshot that may quickly become outdated.

Future Research Directions
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Future studies should investigate: (1) long-term retention of
information retrieved using ChatGPT versus traditional sources, (2)
integration strategies that combine Al tools with evidence-based
databases, and (3) development of Al literacy curricula for medical
education. (4) assessment methods that better evaluate higher-
order thinking skills when using Al tools.

Conclusions

ChatGPT appeared to demonstrate superior performance compared
to traditional online medical resources for medical information
retrieval among sixth-year medical students, achieving higher
accuracy scores, faster retrieval times, and greater user satisfaction
with particular advantages in application-level questions, though
limitations remain in supporting higher-order analytical thinking.
These findings point to significant potential for ChatGPT as a
supplementary tool in medical education. However, based on our
experience, its integration must be thoughtfully implemented with
appropriate guidelines, emphasis on critical evaluation skills, and
recognition of current limitations. As Al technology continues to
evolve, we will need to prepare future physicians who can effectively
leverage these tools while maintaining the critical thinking and
clinical reasoning skills essential for quality patient care.
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Box plot comparing accuracy scores between the ChatGPT and the control groups.
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Mean retrieval time for medical information between the ChatGPT group and the control group.
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Comparative performance of ChatGPT versus traditional online medical resources (Google, PubMed, UpToDate) showing
35.1% higher accuracy and 22.7% faster retrieval time among 64 medical students.
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