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Abstract

The utilization of artificial intelligence has proven to be a pivotal element in the timely identification of
gastrointestinal diseases, thereby markedly enhancing the detection of lesions and ensuring enhanced
diagnostic accuracy. A comparison of the Al models, ChatGPT-4.0 and Gemini, revealed distinct strengths
and applications across various fields. Although Al can significantly advance gastrointestinal
pharmacological research, broader implications and challenges must be considered. The objective of this
study was to compare the responses of AI models to questions on gastrointestinal system pharmacology
and readability.
This study was conducted using 30 multiple-choice questions in the field of pharmacology. The questions
were answered and evaluated using two LLMs: ChatGPT-4.0, developed by Open Al, and Gemini 2.0,
developed by Google. The analysis of readability and comprehensibility values in English was compared
using the Automated Readability Index (ARI), Flesch-Kincaid, Gunning Fog Index, Coleman-Liau Index,
SMOG score, and FORCAST scores. The average score for responses provided by ChatGPT-4.0 was
26.78%0.41, whereas the average score for responses provided by GEMINI was 28.90+£0.91. The number
of correct answers provided by GEMINI was significantly higher than that provided by O ChatGPT-4.0
(p=0.045). A readability comparison of the 30 questions was performed. The average ChatGPT-4.0 score
for ARI was 13.04+1.77, whereas the average score for GEMINI was 14.76+2.04, and a significant
difference was observed between them (p<0.001).

The present study demonstrated discrepancies in the utilization of gastrointestinal system pharmacology
by ChatGPT-4.0 and Google Gemini, in addition to alterations in the readability of the responses.
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1. Introduction

Gastrointestinal ~ system  pharmacology
encompasses a broad spectrum  of
pharmaceutical agents and therapeutic
modalities directed towards the management
and treatment of pathologies affecting the
gastrointestinal (GI) tract. These include, but
are not limited to, peptic ulcers,
gastroesophageal reflux disease (GERD),
irritable bowel syndrome (IBS),
inflammatory bowel disease (IBD), and
functional  dyspepsia. = Pharmacological
approaches to these conditions involve
various drug classes that target different
aspects of GI physiology, such as secretion,
motility, and inflammation [1,2]. Recent
advancements in the field of artificial
intelligence (AI) have precipitated the
notable integration of this technology into the
domain of gastroenterology. This integration
has resulted in substantial progress in the
diagnosis, management, and treatment of GI
diseases. The utilization of artificial
intelligence (AI) technologies, particularly
machine learning and deep learning, has
demonstrated  potential in  enhancing
diagnostic accuracy, optimizing patient
management, and facilitating the early
detection of GI disorders. This integration is
transforming  traditional  practices in
gastroenterology and providing more
efficient and accurate approaches to patient
care [3,4]. The utilization of artificial
intelligence has proven to be a pivotal
element in the timely identification of
gastrointestinal diseases, thereby markedly
enhancing the detection of lesions and
ensuring enhanced diagnostic accuracy. This
is particularly evident in the use of Al for the
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analysis of endoscopic and radiological
images, where Al systems have been trained
to differentiate between benign and
malignant lesions with a high degree of
accuracy [5].

A comparison of the Al models, ChatGPT 4.0
and Gemini 2.0, reveals distinct strengths and
applications across various fields, including
healthcare, business management, and
research. Both models are capable of
providing  accurate  information  and
enhancing operational efficiency. However,
they differ in their specific strengths and
application areas [6]. The ensuing discourse
aims to meticulously unravel the comparative
performance, applications, and limitations of
these technologies by drawing upon relevant
research papers [7]. In the medical field,
Gemini has been shown to outperform
ChatGPT-4.0 in terms of the accuracy and
comprehensiveness of its responses. For
instance, in the context of sudden
sensorineural hearing loss (SSHL), Gemini
demonstrated higher levels of completion and
accuracy, although the difference in accuracy
was not statistically significant. In the field of
urology, Gemini demonstrated proficiency in
the identification of congenital penile
curvature, whereas ChatGPT-4.0 exhibited a
particular aptitude in the formulation of
management strategies for renal artery
aneurysms [8]. However, both models
demonstrated deficiencies in diagnostic
accuracy and the occurrence  of
hallucinations. Gemini demonstrated a higher
level of accuracy in its responses when
compared to ChatGPT, particularly in the
context of multiple-choice questions [9].
However, ChatGPT-4.0 exhibited superior
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performance on open-ended and true/false
questions. In a recent study, ChatGPT 4.0
demonstrated superior performance in the
diagnosis of complex hematologic cases,
both in terms of primary and differential
diagnoses, when compared to Gemini
Advanced [10].

Although AI can significantly advance
gastrointestinal pharmacological research, its
broader implications and challenges must be
considered. Integrating Al into healthcare
requires careful consideration of data
privacy, model interpretability, and robust
validation across diverse populations.

This study aimed to evaluate the
effectiveness of advanced Al models, such as
ChatGPT 4.0, in improving diagnostic
accuracy in complex hematologic cases and
to explore the broader implications,
challenges, and considerations involved in
integrating Al technologies into
gastrointestinal ~ system  pharmacology
research and healthcare practice, with
particular attention to data privacy, model
interpretability, and validation across diverse
populations.

2. Methods

This study was conducted by three experts in
the field of pharmacology using 30 questions
with answers. The questions were prepared
using “Katzung's Basic &  Clinical
Pharmacology” as a reference [11]. The
questions were designed by experts in groups
of ten as easy, medium, and difficult. The
questions were answered and evaluated using
ChatGPT-4.0, developed by ChatGPT-4.0,

—G)
@ EY This work is licensed under a

Creative Commons Attribution 4.0 International License.

Received: 9 February 2026
Revised: 18 March 2026
Accepted: 20 March 2026
Published: 31 March 2026

and Gemini 2.0, developed by Google, both
of which are large language models. As a
result of the observation that this particular
study did not involve the use of human
subjects, animals, or living materials, the
requirement for ethical committee approval
was disregarded in this instance.

Accuracy Comparison

To compare the correct answers given to the
questions by the LLMs, 30 questions were
reanswered on 20 different days with the
browser’s cookies reset. The order in which
the questions were asked varied.

Readability Comparison

An analysis of the ease and difficulty of
reading and understanding English was
conducted. The Average Reading Level
Consensus calculates the average reading
level by averaging other scales.

The automated readability index (ARI) is
a measure that assesses the readability of a
text. Although opinions differ regarding its
accuracy compared to syllable/word and
complex word indices, the character/word
index is generally calculated faster because
character counts are easier and more accurate
for computer programs than syllable counts.
In fact, this index was designed for the real-
time monitoring of the readability of electric
typewriters [12].

.71 (characters) IO.S( words ) 91.48
words sentences
Flesch-Kincaid readability tests are
readability tests designed to show how

difficult an English text is to understand. The
“Flesch-Kincaid” (F-K) reading level was

5

Vol. 2 No. 1 (2026)
Orginal Article

DOI: 10.64288/4935rv02
E-ISSN: 3106-4418



%1 | MedEpicent
(" If= | Journal of Medical Education
( and Clinical Research

developed in 1975 by J. Peter Kincaid and his
team under a contract with the US Navy. In
the Flesch readability test, higher scores
indicate material that is easier to read,
whereas lower scores indicate text that is
more difficult to read. The formula for the
Flesch readability score (FRES) test is as
follows [13,14]:

0La 3 total syllables
206.835 1.015( total words ) 4.‘( otal sylla (s)

total sentences total words

In linguistics, the Gunning Fog Index is a
readability test for English writing. The index
estimates the number of years of formal
education required for a person to understand
a text on the first reading. For example, a Fog
Index of 12 requires a reading level of a high
school senior in the United States
(approximately 18 years old). The test was
developed in 1952 by Robert Gunning, an
American businessman active in newspaper
and textbook publications. Furthermore, the
Fog Index is primarily valid for English and
may not accurately reflect readability in other
languages [15].

*  Select a passage of approximately 100
words (e.g., one or more complete
paragraphs). Do not skip any sentences.

»  Determine the average sentence length.
(Divide the number of words by the number
of sentences.);

*  Count “complex” words consisting of
three or more syllables. Do not include
proper nouns, familiar jargon, or compound
words. Do not count common suffixes (e.g., -
es, -ed, or -ing) as syllables.
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* Add the average sentence length and the
percentage of complex words; and

The Coleman-Liau index is a readability
test designed by Meri Coleman and T. L. Liau
to measure the comprehensibility of a text.
Similar to ARI, but unlike most other indices,
the Coleman-Liau index is based on
characters rather than syllables per word. The
Coleman-Liau index is designed to be easily
calculated mechanically from printed text
samples. The Coleman-Liau index is
calculated using the following formula [16]

.CLI =0.0588 - L - 0.296 - § — 15.8

The SMOG score is a readability measure
that estimates the years of education required
to understand a text. SMOG stands for
“Simple Measure of Gobbledygook.” The
SMOG index has no statistical validity for
languages other than English. SMOG
formula [17,18]:

»‘ 3
grade = 1.0430, / number of polysyllables x ——————— 1 3.1201
| number of sentences

Linsear Write is a readability measure for
English texts, allegedly developed to help the
U.S. The standard Linear Write metric, Lw,
operates on a 100-word sample: The standard
Linsear Write metric, Lw, operates on a 100-
word sample:

* One point was awarded for each
“eawotorootorto defineword with two or
fewer syllables.

» Three points were awarded for each
“difficult word” defined as a word with three
or more syllables.
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. Divide the points by the number of
sentences in the 100-word sample.

» Sprovidesnal resulf if r > 20, then Lwr/2/
2.Ifr<20,thenLw=r/2-1.

The result is a “grade level” measure that
reflects the estimated years of schooling
required to read the text fluently [19].

The FORCAST note is a readability
measure that indicates how difficult a text is
to read based on the number of single-
syllable “easy” words in a sample of 100—150
words. The values correspond to the number
of years of schooling required to understand
the text. For example, six years corresponds
to readers aged 11-12, while 12 years
corresponds to readers aged 17—18 [20].

Statistical Analysis

To evaluate the findings obtained in the
study, the Statistical Package for the Social
Sciences (SPSS) for Windows 27.0 program
was used for statistical analyses. The data
were then classified. Categorical data are
defined as percentages and frequencies.
Numerical data are defined, and distribution
analysis is performed. Data that conform to a
normal distribution are defined as the mean +
standard deviation (SD). Parametric tests (t-
test and analysis of variance [ANOVA] )
were used in the analysis of numerical tests
that conform to a normal distribution.
Subsequent analysis of the data was
conducted using an unpaired t-test. The mean
of repeated measures was calculated for each
dataset. Findings with a p-value of < 0.05
were considered significant.

—G)
@ EY This work is licensed under a

Creative Commons Attribution 4.0 International License.

Received: 9 February 2026
Revised: 18 March 2026
Accepted: 20 March 2026
Published: 31 March 2026

3. Results

The average score for responses provided by
ChatGPT-4.0 was 26.78+0.41, whereas that
for responses provided by GEMINI was
28.90+0.91. The number of correct answers
provided by GEMINI was significantly
higher than that provided by ChatGPT-4.0
(p=0.045). The score comparisons are shown
in Table 1. A readability comparison was
performed for the 30 questions. The average
ChatGPT-4.0 score for ARI was 13.04+1.77,
whereas the average score for GEMINI was
14.76+2.04, and a significant difference was
observed between them (p<0.001). The
readability comparisons are shown in Table
2.

Table 1: Score comparisons

Open Al GEMINI p-
(n=30) (n=30) Value
Easy 8,78+0,78 9,50+0,51 0,002**
Modarate | 9,00+0,66 9,65+0,48 0,001**
Hard 9,00+0,00 9,75+0,44 <0,001*
Total 26,78+0,41 | 28,90+0,91 | 0,045*
*1-tailed t-test, **2-tailed t-test
Table 2: Readability comparisons
Open Al GEMINI p-
(n=30) (n=30) Value
ARLCalc 13412129 | 13,98£1,05 | 0,23*
ARI 13,0421,77 | 14,7622,04 | <0,00

Flesch Reading Ease 24,07£12,1 24,53+7,86 | 0,121
3 *

15,39+2,49 | 15,42+1,51 | 0,028

Gunning Fog Index

Flesch-Kincaid Grade
Level

Coleman-Liau Readability | 15,12+2,09 | 14,90+1,25 | 0,137
Index *

13,27+1,93 | 14,57+1,71 | 0,008
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The SMOG Index 11,31+£0,97 | 12,97+1,45 | 0,003
Original Linsear Write 63,90+8,24 59,004£5,23 | <0,00
Formula 1*
Linsear Write Grade 12,23+2,81 13,33+2,95 | 0,338
Level Formula *
FORCAST Readability 12,83+0,69 | 12,15+0,29 | <0,00
Formula 1*

*1-tailed t-test, **2-tailed t-test

3. Discussion

The integration of artificial intelligence (AIl)
into the field of gastroenterology holds
considerable promise for the diagnosis,
treatment, and management of
gastrointestinal (GI) diseases, with the
potential for significant transformation.
Recent advancements in Al technologies,
with a particular emphasis on machine
learning (ML) and convolutional neural
networks (CNNs), have demonstrated
considerable  potential for  enhancing
diagnostic accuracy, improving patient
outcomes, and  optimizing  clinical
workflows. This integration is particularly
impactful in areas such as endoscopy,
pathology, and pharmacology, where Al is
capable of processing and analyzing large
datasets with greater precision than
traditional methods [2-5]. The utilization of
artificial intelligence (Al) has proven to be a
pivotal element in the timely and accurate
diagnosis of gastrointestinal diseases. This
technological advancement has facilitated the
precise identification of lesions and
cancerous alterations, thereby contributing to
the effective management and treatment of
these conditions. For instance, Al systems
have been developed to differentiate between
benign and malignant lesions by analyzing
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endoscopic and radiological images, with the
capacity to achieve optimal diagnostic
outcomes [6,21]. In endoscopy, Al-driven
image analysis has enhanced the detection of
conditions such as Barrett's esophagus and
esophageal squamous cell carcinoma, often
outperforming human endoscopists in terms
of accuracy and speed [22].

The integration of artificial intelligence (Al)
models, such as ChatGPT and Gemini, in the
field of gastrointestinal system
pharmacology offers a promising avenue for
enhancing both educational and clinical
applications. These Al tools have been
evaluated for their capacity to generate
pharmacology-related content, assist in
medical inquiries, and support
pharmacometric  tasks. However, the
effectiveness of these devices varies across
different applications, necessitating further
refinement and expert oversight to maximize
their utility in gastrointestinal pharmacology
[20-22]. ChatGPT has been employed to
generate multiple-choice questions for
pharmacology education, demonstrating its
capacity to adhere to structural guidelines
and provide educational content.
Nevertheless, ensuring medical accuracy and
comprehensiveness remains challenging, as
both are pivotal for reliable utilization in
medical education [23]. In the context of
gastrointestinal pharmacology, ChatGPT has
been employed to generate questions and
explanations for examinations, with findings
demonstrating moderate to high agreement in
terms of content accuracy and clinical
relevance. However, issues with the
cognitive level and quality of distractors have
been identified, suggesting the need for
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expert review and improvement [24]. The
evaluation of ChatGPT and Gemini was
conducted to ascertain their capacity to
generate non-model evaluation method
(NONMEM) codes for pharmacometric tasks
pertinent to clinical pharmacology settings.
While these templates can provide a valuable
starting point, the output frequently exhibits
errors that require correction by experienced
professionals [25]. In the domain of
gastrointestinal diseases, the efficacy of
ChatGPT in accurately diagnosing prevalent
conditions, including irritable bowel
syndrome and inflammatory bowel disease,
has been assessed. The model has
demonstrated the capacity to improve patient
education and physician—patient
communication. Nevertheless, its function as
a tool to educate physicians requires further
investigation [26]. In the field of
gastroenterology, ChatGPT has
demonstrated superior performance in terms
of accuracy and reliability compared to
Google Bard, particularly in medical
management tasks. This lends credence to its
potential as a reliable instrument in the field
of study, although further research and
development are necessary to enhance its
capabilities [27]. In the present study, a
higher number of correct answers were
provided by GEMINI than those provided by
ChatGPT-4.0. This discrepancy should be
considered when assessing the applicability
of Al technologies in pharmacology.

The readability and effectiveness of Al
chatbots, such as ChatGPT and Google
Gemini, in generating content for various
medical and educational purposes have been
subjects of extensive research. The prevailing
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focus of these studies is on the readability,
accuracy, and appropriateness of information
provided by Al models [28]. The following
section presents the results of the readability
scores. Google Gemini has been shown to
generally produce content that is more legible
than that generated by ChatGPT. For
instance, in the context of emergency medical
conditions, Gemini's brochures were slightly
more accessible than those of ChatGPT, with
a higher ease score. Similarly, in the domain
of refractive surgery FAQs, Gemini was
noted for its relatively superior readability,
although all chatbots require a university-
level understanding [29]. The present study
examined the relationship between content
quality and sentence counts in emergency
medical brochures. Nevertheless, Gemini
demonstrates a particular aptitude in
producing succinct and legible responses, a
skill that is of paramount importance for
ensuring patient comprehension [29,30].
ChatGPT frequently demonstrates superior
accuracy, particularly in intricate medical
scenarios, such as retinal detachment and
intraoperative decision support in plastic
surgery. Nevertheless, Gemini has been
observed to provide more suitable responses
in specific contexts, including frequently
asked questions (FAQs) in refractive surgery.
In terms of appropriateness, Gemini
demonstrated superior performance in
providing suitable responses to FAQs
concerning refractive surgery, thereby
signifying its capacity to deliver contextually
relevant information [30]. The potential of
both AI models in the field of medical
education has been rigorously evaluated.
ChatGPT demonstrated marginally superior
accuracy and comprehensiveness in patient
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education materials for local anesthesia in
eye surgery. Conventional ~ patient
information leaflets (PILs) retain their overall
superior performance [31]. In the context of
end-of-life care, Google Gemini was
demonstrated to have superior readability and
actionability, although both models conveyed
positive sentiments and high levels of
accuracy [32]. In the present study, the mean
ChatGPT-4.0 score for ARI was 13.04 +
1.77, while the mean score for GEMINI was
14.76 + 2.04. A significant difference was
observed between them, which may be an
important result in the context of evaluating
the readability of Al models.

Our study had some limitations. First, it used
only two Al tools. Better results can be
obtained by evaluating other Al tools.
Inclusion of a greater number of diseases
would have provided greater clarity. Second,
as chatbots are frequently updated, the use of
an older version of Al may be necessary. In
some cases, Al may not be able to provide up-
to-date medical information because it may
be difficult to access.

4. Conclusion

The present study demonstrated
discrepancies in  the utilization of
gastrointestinal system pharmacology by
ChatGPT and Google Gemini, in addition to
alterations in the readability of the responses.
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