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This study evaluated ChatGPT's ability to simplify scientific abstracts for both public and clinician

use. Ten questions were developed to assess ChatGPT’s ability to simplify scientific abstracts and
improve their readability for both the public and clinicians. These questions were applied to 43
abstracts. The abstracts were selected through a convenience sample from Google Scholar by four
interdisciplinary reviewers from physiotherapy, occupational therapy, and nursing backgrounds.

Each abstract was summarized by ChatGPT on two separate occasions. These summaries were then
reviewed independently by two different reviewers. Flesch Reading Ease scores were calculated for
each summary and original abstract. A subgroup analysis explored differences in accuracy, clarity, and
consistency across various study designs. ChatGPT’s summaries scored higher on the Flesch Reading
Ease test than the original abstracts in 31 out of 43 papers, showing a significant improvement in
readability (p=0.005). Systematic reviews and meta-analyses consistently received higher scores for
accuracy, clarity, and consistency, while clinical trials scored lower across these parameters. Despite
its strengths, ChatGPT showed limitations in “Hallucination presence” and “Technical terms usage,”
scoring below 7 out of 10. Hallucination rates varied by study type, with case reports having the lowest
scores. Reviewer agreement across parameters demonstrated consistency in evaluations. ChatGPT
shows promise for translating knowledge in clinical settings, helping to make scientific research more
accessible to non-experts. However, its tendency toward hallucinations and technical jargon requires
careful review by clinicians, patients, and caregivers. Further research is needed to assess its reliability
and safety for broader use in healthcare communication.

Keywords ChatGPT, Flesch reading ease score, Hallucination presence, Technical terms, Healthcare
dissemination

Background

ChatGPT is an artificial intelligence model developed by OpenAl that uses advanced natural language
processing methods. It can understand and generate human-like text based on user input. Whether used for
retrieving information, casual conversation, or solving problems' ChatGPT has become a versatile tool with
broad applications in healthcare, including medical translation and education.

This technology shows potential to improve diagnostic accuracy, respond to patient questions, and personalize
healthcare advice such as lifestyle recommendations®™.

However, since Al is still relatively new in the health sciences, its safety, effectiveness, and reliability for daily
clinical use are still being evaluated.

Current research emphasizes the need to address these challenges while leveraging the benefits of ChatGPT
in medical settings®. Concerns have been raised about the validity and accuracy of Al-generated summaries,
especially when the audience includes patients and caregivers. The use of complex technical language makes
it difficult to communicate key information clearly. This issue also affects healthcare professionals, who face
increasing challenges in interpreting complex data.
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The aim of this study is to evaluate ChatGPT’s ability to simplify scientific abstracts and improve their
readability for both the public and clinicians.

Methods

Protocol

Ten questions were developed to evaluate ChatGPT’s ability to simplify scientific abstracts for improved readability
by both the public and clinicians. The primary investigator generated the questions based on a preliminary
literature review and these were reviewed by the co-authors with consideration given to real world feasibility
and application. The selection of coauthors was designed to represent a variety of health care professionals
that included physiotherapy, occupational therapy, nursing, and medicine. One coauthor, a medical expert in
ChatGPT, was excluded from the abstract review process to ensure impartiality.

Consensus was reached for the final 10 questions, and the ten questions were scored on a scale from 0 to 10,
with 0 representing the worst and 10 representing the best result.

Reviewers were advised to select research abstracts that relate to their work in the hospital and a sample of 43
research abstracts were selected. Google Scholar was chosen as the search engine due to its global accessibility,
while authors accepted that there maybe an inherent bias in the coding algorithm that could skew search results.

Four reviewers independently copied and pasted their selected abstracts into ChatGPT for summary on two
separate occasions (Fig. 1). These papers were distributed among the four reviewers for initial assessment in an
excel spreadsheet. Subsequently, each paper underwent a secondary evaluation by different reviewers, resulting
in a total of two evaluations per paper by two different reviewers. Reviewers were blinded to the results and

Ten evaluation parameters
relevant to the study’s
objectives were prepared.

Google Scholar was
selected
as the search engine.

A total of 43 papers were selected:

43 papers were distributed among
four reviewers for initial assessment.

v

Each paper was subsequently
evaluated by a second independent
reviewer, resulting in two
evaluations per paper.

v

Results were kept blind to the
reviewers.

Upon completion of the review process,
all results were submitted to the
designated researcher, and the

data were compiled into a single Excel

file for analysis

1st Reviewer 2nd Reviewer 3rd Reviewer 4th Reviewer
Initial review: 1-10 papers 11-20 papers 21-30 papers  31-43 papers
Second Review: 31-43 papers 1-10 papers  11-20 papers  21-30 papers

Fig. 1. Flowchart of the study.
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upon completion of the review process, all results were submitted to the designated researcher, and the data was
compiled into a single Excel file for analysis.

Google scholar search

To identify relevant abstracts, the following keywords were used in Google Scholar: “stroke physiotherapy and
rehabilitation”, “nursing”, “occupational therapy”, and “physical therapy”. Studies from the last five years were
selected, and the article type was set to “any type” on Google Scholar. Publications were then randomly selected
from the search results, ensuring diversity in publication types. In our study, we aimed to include various types
of studies such as meta-analyses, reviews, case studies, qualitative studies, cohort studies, randomized controlled
studies, and non-randomized controlled studies. This diversity in study designs was intentional, allowing
assessment of ChatGPT’s ability to interpret different research methodologies.

Inclusion criteria for paper selection:

o Papers related to occupational therapy, physical therapy or nursing.

« Study designs included meta-analyses, reviews, case studies, qualitative studies, cohort studies, randomized
controlled trials, and non-randomized controlled trials.

« Studies published within the last 15 years.

Forty-three papers were selected for review 7.

ChatGPT task

Reviewers used a standardized prompt: “Can you please provide a layman’s summary of the main findings and
implications from this scientific publication? Make sure to avoid technical jargon and focus on explaining the key
points for a general audience”. This prompt was designed to encourage simplified language while retaining key
findings. The title and abstract of the study were then added by placing a colon right after the question. ChatGPT
was blinded to the authors’ names and affiliations in the papers being reviewed by deleting those details.

Evaluation process

Four reviewers were involved in the ChatGPT abstract summary evaluation. 3 reviewers selected 10 articles
from their field of expertise and completed the first evaluation. 1 reviewer selected 13 articles and completed
13 evaluations. Each summary that was provided by ChatGPT was evaluated by 2 reviewers, and their scores
were averaged. Four reviewers conducted cross-evaluations to ensure homogeneity. The reviewers were blinded
to the evaluation results of the other reviewers to mitigate bias. Each publication was evaluated by two different
reviewers.

We scored each parameter on a scale of 0-10. Getting a high score meant that ChatGPT was successful and
generated a result that best-fit the evaluated parameter. We defined success as a value of 7 out of 10. This threshold
was an arbitrary yet pragmatic cut-off determined by the principal investigator to reflect high performance on
a 0-10 scale. While heuristic in nature, it aligns with commonly accepted evaluative standards in academic and
professional contexts, where a score of >70% is typically regarded as satisfactory or proficient. To ensure the
accuracy of the summaries, each ChatGPT-generated abstract was compared to the original version. Abstracts
were broken down into key components (Purpose, Methods, Results, Discussion, and Conclusions), and
ChatGPT’s outputs were evaluated for completeness and factual accuracy using an objective content matching
method.

Evaluated parameters

1. Rating the best-fit for each part of the abstract (purpose, method, results, discussion) on a 0-10 Scale.
This parameter evaluated the extent to which ChatGPT delivered the main result that the original abstract
conveyed, ranging from 0 (worst) to 10 (best). A score of 0 indicates an incomplete result with a significant
amount of missing information. A score of 10 indicated a complete and comprehensive summary of the
information.

2. Accuracy of Content of Purpose-Method-Results-Discussion-Conclusions (0-10 Scale): This parameter
evaluates the accuracy of the content presented in the ChatGPT text compared to the original abstract. A
score of 0 indicates complete inaccuracy, while a score of 10 indicated complete accuracy in alignment with
the main abstract.

3. Hallucination Presence Assessment (0-10 Scale): This parameter evaluated if ChatGPT gave results that did
not match the original abstract. A score of 0 indicates the highest volume of experiencing imaginary results
that did not align with the abstract, while a score of 10 indicated the lowest presence.

4. Technical Terms Usage Assessment (0-10 Scale): This parameter evaluated the presence of words or termi-
nology that may be difficult for the general public to understand. A score of 0 indicates the extensive use of
complex language that may not be suitable for non-healthcare professionals, while a score of 10 indicated
the absence of complex language.

5. Consistency Assessment (0-10 Scale): This parameter evaluates the degree of consistency in results of
ChatGPT when the same question is asked at different times by different reviewers. All the abstracts that
were extracted from Google Scholar, were recorded in an excel spreadsheet. The ChatGPT abstract summa-
ry results at time 1 and time 2 results were recorded in the same excel document. The reviewers’ assessments
were made according to the recorded results at time 1. For the consistency assessment, the same abstract
and question were submitted to ChatGPT a second time. So, essentially, the same abstract was asked of
ChatGPT twice at different times. The results given by ChatGPT to two different reviewers at two different
times were compared and their compatibility with each other was evaluated. This parameter was scored on
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a scale of 0-10 and the average of the scores was used to evaluate Chat GPT’s response. The task date was
recorded as well.

6. Clarity Assessment (0-10 Scale): This parameter evaluates ChatGPT’s ability in simplifying complex sci-
entific language into clear and easily understandable terms. Factors such as coherence, conciseness, and
overall readability were considered when assigning a score on the scale from 0 (poor clarity) to 10 (excellent
clarity).

7. ChatGPT Patient/ Community Recommendation: We asked if the reviewer would recommend ChatGPT to
patient and community members. This was rated on a scale from 0 (never) to 10 (always).

8. ChatGPT Summary Recommendation: We asked if the reviewer would recommend ChatGPT to their col-
leagues. This was scored on a scale between 0 (never) and 10 (always).

9. Satisfaction with ChatGPT Summary: We asked the reviewers about their satisfaction level with the abstract
summary. This was scored on a scale of 0 (not satisfied) to 10 (completely satisfied).

10. Readability Score: We used Microsoft Word 365’ embedded Flesch Reading Ease (FRE) test to measure
readability. We used Flesch Reading Ease results for this task?®*’. Each readability test bases its evaluation
on the average number of syllables per word and words per sentence generating a subsequent rating on a
100-point scale’®*°. Flesch Reading Ease test rates text on a 100-point scale. The higher the score, the easier
it is to understand the document. For most standard files, the score preferred is between 60 and 70. We eval-
uated the main abstract’s readability and the readability of the abstract that ChatGPT provided. We copied
the summaries into a blank Word document and evaluated their reliability using the embedded FRE test.

To define success, we adopted a threshold score of 7 out of 10 for the 1,2,3,4,5,6,7,8,9 item. This value was
initially chosen as a practical and conservative benchmark by the principal investigator. A score of 7 or higher
was considered indicative of a high-quality, contextually appropriate response. This threshold is consistent with
evaluative norms where scores of 70% or above are typically seen as satisfactory or successful.

Statistical analyses

Analysis was completed using IBM SPSS statistics V 22.0. The descriptive statistics of numerical data were
reported as mean and standard deviation (X+SD), and the descriptive statistics of proportional data were
reported as frequencies and percentages (n, %). The normality of distribution was examined with the Shapiro-
Wilk test. For FRE readability score analyses we used the Wilcoxon Signed Rank Test. P was defined as <0.05.

Results

All items except ‘Hallucination presence’ and “Technical terms usage’ received scores greater than 7 out of 10.
Content accuracy yielded the highest score while hallucination presence was the lowest score (see Table 1).
We defined a score of 7 out of 10 as the threshold for a “successful” outcome. This threshold was selected by
the principal investigator as a practical benchmark, aligning with common evaluative norms in academic and
applied settings (e.g., a score = 70% as indicative of acceptable or proficient performance). Our data support this
distinction: most criteria have mean scores at or above 7, with two exceptions-hallucination presence (X=6.01)
and technical terms usage (X=6.95). Notably, hallucination presence is clearly below the threshold and was
also identified as an area with qualitative concerns. Technical terms usage, while slightly below 7, remains very
close to the threshold, suggesting borderline adequacy. This pattern supports the 7-point cut-off as a meaningful
dividing line between stronger and weaker areas of performance. This natural separation reinforces the 7-point
threshold as a meaningful dividing line between successful and underperforming outputs.

Papers were categorized as clinical trials (qualitative studies, cohort studies, randomized controlled studies,
and non-randomized controlled studies), systematic reviews, meta-analyses, and case reports. We observed that,
across most parameters, systematic reviews and meta-analyses obtained higher scores, whereas clinical trials
received lower scores.

All Papers Clinical Trials | Systematic Reviews and | Case Reports
X+SD (0-10 | X+SD (0-10 | Meta-analyses X+SD (0-10
Scale) Scale) X +SD (0-10 Scale) Scale)
(n=43) (n=24) (n=14) (n=5)

1. Rating the Best Fit for each part of the abstract (purpose, method, results, discussion) 7.87+1.73 7.47 £2.00 8.57+1.03 7.80£1.60

2. Accuracy of Content 8.08+1.89 7.70+£2.13 8.67+1.30 8.20+1.95

3. Hallucination Presence Assessment 6.01+2.07 6.18+2.19 6.03+2.22 5.10+0.54

4. Technical Terms Usage Assessment 6.95+1.59 6.87+£1.94 7.25+091 6.50+£1.32

5. Consistency Assessment 7.75+1.74 7.35+1.99 8.42+0.85 7.80+2.01

6. Clarity Assessment 7.93+1.81 7.50+2.16 8.71+0.64 7.80+1.68

7. Would you recommend ChatGPT to patients and community members? 7.50+1.79 7.35+2.00 7.96+1.56 6.90+1.14

8. Would you recommend ChatGPT as a method for summarizing research in layman terms 798+ 1.96 7524215 878+ 1.38 $.00+2.00

to a colleague?

9. How satisfied are you with the abstract provided by ChatGPT? 7.74+1.71 7.45+1.93 8.42+1.25 7.20+1.35

Table 1. Reviewer ratings of ChatGPT-Generated abstracts across study Types. X + SD = Mean + Standard
Deviation. Scores for each evaluation parameter ranged from 0 to 10, where 0 indicated the lowest (most
negative) and 10 the highest (most positive) outcome.
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Abstract Results (0-100) | 14.55+10.58 (0-50.4)
0.005 | -2.789

ChatGPT Results (0-100) | 22.36+12.10 (2.4-51.60)

Table 2. Flesch reading ease Results. Wilcoxon Signed Rank Test. X + SD = Mean + Standard Deviation. Flesch
Reading Ease scores range from 0 to 100, with higher scores indicating greater readability.
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Graph. 1. Comparison of first and second reviewer scores for evaluation parameters (Mean scores on a

0-10 scale) 1st Item: Rating the Best Fit Result, 2nd Item: Accuracy of Content, 3rd Item: Hallucination
Presence Assessment, 4th Item: Technical Terms Usage Assessment, 5th Item: Consistency Assessment, 6th
Item: Clarity Assessment, 7th Item: Recommending ChatGPT to Patients and Community Members, 8th Item:
Recommending ChatGPT to a colleague, 9th Item: Satisfaction Status with the Abstract Provided by ChatGPT.
Scores for each evaluation parameter ranged from 0 to 10, where 0 indicated the lowest or most negative result,
and 10 indicated the highest or most positive result.

Flesch reading scores were better for the Al summary in 31 out of 43 articles. That test result indicated
that the ChatGPT summary was more readable than the original abstract. The ChatGPT summaries were
approximately 34.92% [(22.36-14.55=7.81), (7.81x100)/22.36)] more readable than the original abstracts
and this difference was significant (p=0.005), (Table 2). The table displays mean + standard deviation (X+SD)
of Flesch Reading Ease (FRE) scores for original abstracts and ChatGPT-generated summaries (n=43). FRE
scores range from 0 to 100, where higher scores indicate greater readability. The mean FRE score for original
abstracts was 14.55+10.58 (range: 0-50.4), while ChatGPT summaries scored 22.36 +12.10 (range: 2.4-51.60).
The difference was statistically significant (p =0.005).

We found a high level of agreement between the two reviewers of each paper for each evaluated parameter
(see Graph 1). In the graph, we displayed the mean scores given by each reviewer for each parameter (9 items).
The purple bars represent the mean scores from the first reviewer, while the blue bars represent the mean
scores from the second reviewer. Each research abstract included in the study was independently assessed by
two different reviewers to enhance objectivity and reliability of the evaluation process. For each of the nine
evaluation parameters—such as rating the best fit, accuracy of content, hallucination presence, technical
terminology, consistency, clarity, recommendation for patient and clinician use, and overall satisfaction—two
separate scores were recorded per paper. These scores were provided independently and without knowledge of
the other reviewer’s ratings. The final analysis used the mean of the two scores for each parameter to generate
the results presented in Table 1.

In Graph 2, titled “Comparison of Flesch Reading Ease Scores: Abstract vs. ChatGPT Results for Each Paper”,
the data visually contrasts the Flesch Reading Ease (FRE) scores of the original abstracts and their corresponding
ChatGPT summaries across each individual paper. The Flesch Reading Ease score is an important measure of
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Graph. 2. Comparison of Flesch Reading Ease Scores Between Original and ChatGPT-Generated Abstracts
Across 43 Papers. Flesch Reading Ease scores range from 0 to 100, where higher scores indicate greater
readability.

Readability Comparison: ChatGPT and Original Abstracts

25
20
15
10
5
0
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Results (0-100) 100)
Graph. 3. Comparison of Mean Flesch Reading Ease Scores: ChatGPT Summaries vs. Original Abstracts.
Flesch Reading Ease scores range from 0 to 100, where higher scores indicate greater readability.
readability, with higher scores indicating easier comprehension. This comparison provides insight into how well
ChatGPT can simplify the language of scientific abstracts to make them more accessible to a broader audience,
including those without a background in the field. In Graph 3, titled “Comparison of Mean Scores of Flesch
Reading Ease Scores: ChatGPT Summaries vs. Original Abstracts”, the average Flesch Reading Ease scores for
all the papers are compared between the original abstracts and the ChatGPT-generated summaries. This graph
highlights the overall trend in readability between the two, showcasing the ChatGPT summaries tended to be
more readable (with higher FRE scores) than the original abstracts.
The evaluation of ChatGPT-generated abstracts across various study types revealed generally favorable
outcomes, with some variation between study categories. Systematic reviews and meta-analyses consistently
Scientific Reports|  (2025) 15:33466 | https://doi.org/10.1038/s41598-025-11086-8 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Evaluation Metrics for ChatGPT-Generated Abstracts Across Study

Types

10.00

9.00

8.00

7.00

6.00

5.00

4.00

3.00

2.00

1.00

0.00

& & & & & & i & &
& S oS & N S N & N
,80 ,\C) Q)a" Q,a" Q;o') Q,c-’ Q)Q \¥® ‘Z;o
Q [§) 2 0 o o X o N
< S b v b N QO X
& > ° & 3N < A < N
& N < &0 <§ B R ) &
> & 52 & xQ N4 O Y Q
o ¥ @ B &° = © & <0
9 9 R & © O (@) 9
9 @
A RO = S K X
& o % S N &
xS 4 Q;Q N 2
& & & < >
> & & & @
NS AL (Q@ & O
% ™ Q & S
Qg)o ®o°
A- %Q\

W Mean Scores for All Papers (0-10) (n=43)
M Mean Scores for Clinical Trials (0-10) (n=24)
B Mean Scores for Systematic Reviews and Metanalyses (0-10) (n=14)

H Mean Scores for Case Reports (0-10) (n=5)

Graph. 4. Comparison of Evaluation Metrics for ChatGPT-Generated Abstracts Across Study Types. Scores
for each evaluation parameter ranged from 0 to 10, where 0 indicated the lowest or most negative result, and 10
indicated the highest or most positive result

received the highest average ratings across most evaluation metrics, particularly for content accuracy
(mean=8.67), clarity (mean=8.71), and recommendation to colleagues (mean=238.78). All papers combined
scored between approximately 6.01 and 8.08 across the metrics. Clinical trials showed the best scores in
hallucination presence (mean=6.18) and Systematic reviews and meta-analyses showed the best score in
technical term usage (mean=7.25). Case reports had the lowest scores in several areas, most notably in
hallucination presence (mean=>5.10) and technical term usage (mean =6.5), indicating potential weaknesses in
ChatGPT’s ability to represent case-specific nuances accurately. However, all study types demonstrated relatively
high clarity and satisfaction scores, suggesting that abstracts generated by ChatGPT were generally perceived as
readable and useful, (Graph 4).

Discussion

In this study, we assessed ChatGPT’s ability to simplify scientific abstracts for public understanding and clinical
use. The findings indicated that ChatGPT successfully made the abstracts more readable and accessible, which
could potentially save time and help both clinicians and the public better understand complex scientific content.
This would allow non-experts to engage with evidence-based health papers, instead of relying on potentially
misleading media sources. However, the study also identified significant limitations in ChatGPT’s performance,
including hallucinations—where the AI added data not found in the original abstracts—and the overuse of
technical terminology.

If more studies were conducted on the use of ChatGPT in healthcare, its application could become more
effective and beneficial for both clinicians and patients. These studies would provide valuable insights into
best practices, allowing for improved integration of ChatGPT into clinical settings. By addressing challenges
such as hallucination, customization, privacy, and data security, ChatGPT could become a more reliable tool
for managing patient care, ultimately enhancing communication, decision-making, and overall healthcare
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outcomes. With continued research, the use of ChatGPT could evolve to better meet the needs of both healthcare
providers and patients.

To enhance the objectivity and reliability of the evaluation process, we implemented a dual evaluation system,
where each paper was reviewed independently by two different evaluators. This approach ensured a more
consistent and unbiased assessment. Each paper was assigned to two reviewers from different backgrounds,
with the goal of providing a comprehensive evaluation. By having multiple evaluators, we minimized individual
biases and strengthened the overall validity of the assessment. Furthermore, inter-rater reliability was assessed by
comparing the evaluations of different reviewers for each paper, which reinforced the accuracy and consistency
of the results.

From a practical standpoint, the integration of ChatGPT into clinical practice must be approached with
careful ethical consideration. While the tool demonstrates strong potential to enhance health communication
by simplifying complex scientific content, its use should be guided by clear standards. AI-generated summaries
should always be disclosed as such, and their content must be reviewed and validated by qualified healthcare
professionals before being shared with patients or the public. To support ethical and effective use, institutions
should consider developing guidelines for clinicians on how to evaluate, modify, and use Al outputs appropriately.
In addition, educating both healthcare providers and patients about the limitations of Al, including its
susceptibility to hallucinations and occasional misuse of technical terms, will be critical to building trust.
Establishing these practices will help maximize the benefits of Al in clinical settings while minimizing potential
harm, ensuring that tools like ChatGPT serve as an aid—rather than a substitute—for professional expertise.

Advantages of ChatGPT

ChatGPT improves readability and comprehension, providing greater clarity for both clinicians and the public.
This saves time and reduces misinterpretation for clinicians while improving the public’s understanding of
scientific health literature. It allows laypeople to access evidence-based information about their conditions rather
than relying on unverified sources such as social media or magazines written by non-healthcare professionals. It
enables the public to engage with scientific publications. This can also help media companies and communication
departments within healthcare organizations to create content directed towards public consumption. Flesch
reading scores were better for the AI summary for the majority of articles (31/43) and showed how authors and
publishing companies could use Al in the future to improve content readability.

Disadvantages of ChatGPT

Hallucination and technical terms usage scores in the ChatGPT summaries received scores below the acceptable
threshold of 7 out of 10. Hallucinations and the use of technical terminology are considerable weaknesses when
considering the real-world use of this tool in healthcare.The score for hallucination presence is 6.01+2.07 for
all papers. Clinical Trials were rated 6.18+2.19, Systematic Reviews and Meta-analyses 6.03+2.22, and Case
Reports 5.10+0.54. These ratings suggest that, while hallucinations are present across all types of papers, the
Case Reports category shows a lower assessment of hallucination presence compared to the other types of
papers. At times, ChatGPT shows that these aspects are not strong, that even when the layman abstract is wanted
from ChatGPT, it uses technical terms and adds its own interpretation to the information in the main abstract.
It was difficult to predict when hallucinations would occur or what elements of the abstract might trigger them.

For example in Shorey et al’s (2021)* study, the response generated by ChatGPT includes additional data that
was not mentioned in the abstract, which could be classified as “hallucination”. While the goal is for ChatGPT to
only generate information that is explicitly stated in the abstract, it appears that ChatGPT extrapolated further
details from the full text, even though it was only expected to summarize the abstract. This misalignment
between the abstract and the model’s output highlights a limitation in the model’s ability to strictly adhere to
the available information in a concise form. This type of hallucination could lead to misinformation if users
assume that the additional details provided by the model are part of the original abstract or are accurate without
verification. Therefore, it’s crucial to validate the generated text against the actual sources to ensure its accuracy
and prevent the spread of incorrect information.

In reviewing the study “How active are stroke patients in physiotherapy sessions and is this associated with
stroke severity?” by James>we identified several instances where the ChatGPT-generated lay summary introduced
hallucinations, simplifications, or overgeneralizations compared to the original abstract. The ChatGPT-generated
lay summary successfully conveys the core findings of the study but introduces several notable differences from
the original abstract. First, while the summary accurately states that patients with more severe strokes engaged in
less exercise during physiotherapy, it simplifies the original finding that this difference relates specifically to the
percentage of session time spent in active exercise—this nuance is lost in the lay phrasing “spent less time moving?”
Additionally, the summary states that physiotherapy sessions were shorter than planned “by several minutes,” a
detail not mentioned in the original and therefore a minor hallucination. A more significant inaccuracy appears
in the explanation that patients with severe strokes “spent more of the session being passive (e.g., resting),” which
is not supported by data in the abstract and represents an inferred or hallucinated interpretation. The summary
also generalizes the study’s implications -for example, advising therapists to adapt their methods to help patients
“get the most out of their sessions” This phrasing softens the original evidence-based recommendation that
therapists should intentionally modify their approach to maximize activity, particularly for those with severe
strokes. Furthermore, the summary fails to mention that the study was conducted in a single UK acute stroke
unit, omitting an important contextual limitation. Overall, while the lay summary is accessible and broadly
accurate, it simplifies certain concepts, introduces a few inferred details not present in the source, and overlooks
contextual boundaries that are critical for interpreting the findings appropriately.

It is crucial to thoroughly explain the concept of hallucination, as it represents the most challenging aspect
of ChatGPT’s performance in our study. Specifically, ChatGPT occasionally generated information that was not
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present in the original abstract. While the added content was related to the main abstract, it reflected the model’s
own interpretations rather than a direct reflection of the source material. This highlights the dual nature of
ChatGPT: it is not merely an Al that copies and pastes information but rather one that analyzes, interprets, and
draws conclusions. While such capabilities can be advantageous, they can also lead to unintended or inaccurate
outcomes.

Ahmad et al. (2023)*! conducted a study to explore ChatGPT'’s ability to differentiate correct from incorrect
information and its effectiveness in teaching language and literature to undergraduate English students. Using
qualitative methods, the research found that ChatGPT’s inconsistent responses to contextual questions make
it an unreliable tool for language learning. In another study that evaluates the performance of GPT-3.5 and
GPT-4 versions of ChatGPT in discussing economic concepts using prompts generated from topics in the
Journal of Economic Literature. While ChatGPT shows strong capabilities in providing general summaries, it
frequently cites non-existent references. Over 30% of the citations from GPT-3.5 are fabricated, with only a
slight improvement in GPT-4. Moreover, the accuracy of the model declines as prompts become more detailed.
Quantitative evidence of errors in ChatGPT’s output underscores the need for verifying content generated by
large language models®2. Chelli et al. (2024)>* conducted study to assess the performance of large language
models (LLMs) like ChatGPT and Bard in conducting systematic reviews by comparing their ability to replicate
human-conducted reviews in the field of shoulder rotator cuff pathology. The study found that LLMs had low
precision and high hallucination rates, with ChatGPT showing a hallucination rate of 39.6% for GPT-3.5 and
28.6% for GPT-4, and Bard having an even higher rate of 91.4%. The results suggest that while LLMs can assist
in literature searches, their high error rates and hallucinations make them unreliable for conducting systematic
reviews without thorough validation by researchers®. Communication departments and media agencies still
need to review the entire paper to ensure that the AI summary is accurate. Authors of these publications can
themselves generate AI summaries once these articles are published. Publication houses can also create an AI
generated summary to accompany the research articles to be published for general audiences.

With the exception of hallucinations and technical jargon, systematic reviews produced higher ratings across
the evaluated parameters than other types of studies. As this work is already a synthesis and summary of other
research works, it may be easier to summarize the abstracts of this type of research. It may also be possible that
some of the hallucinations observed in the abstracts were part of the original studies included in the systematic
review but not overtly referenced in the systematic review abstract.

The usage of technical terms in ChatGPT-generated summaries was observed to be higher than the
acceptable rate, which may lead to difficulties in understanding the abstract for readers, particularly those
without specialized knowledge. While this issue is less critical compared to hallucinations, where fabricated or
inaccurate information is presented-it still poses a significant barrier to accessibility. Overly technical language
may alienate non-expert readers, undermining the goal of simplifying complex scientific content for broader
audiences. In future iterations of ChatGPT, reducing the use of excessive technical jargon will be crucial to
improve its utility. Striking a balance between accuracy and simplicity can make AI-generated summaries more
effective in knowledge dissemination and public engagement.

ChatGPT's performance varies by study type

The evaluation demonstrates that ChatGPT’s performance in generating scientific abstracts is variable, ranging
from moderate to good depending on the study type. Notably, systematic reviews and meta-analyses achieved
the highest average ratings across most evaluation metrics, including content accuracy (mean=8.67), clarity
(mean=8.71), and recommendation to colleagues (mean=28.78). These results suggest that the structured
and comprehensive nature of systematic reviews may align well with ChatGPT’s strengths in synthesizing
and presenting information. In contrast, while clinical trials received relatively moderate ratings overall, they
performed best in minimizing hallucinations (mean=6.18), indicating a potentially more fact-bound abstract
generation for this study type. Case reports, on the other hand, scored lowest in hallucination presence
(mean=5.10) and technical term usage (mean =6.5), likely due to their unique, individualized content that may
challenge ChatGPT’s generalization abilities. Despite these variations, all study types received favorable clarity
and satisfaction scores, supporting ChatGPT’s usefulness in generating readable abstracts. These findings suggest
that while ChatGPT shows promise in supporting scientific writing, especially for systematic reviews and meta-
analyses, caution should be taken with case-specific content, and further refinement or human oversight remains
important.

The variation in ChatGPT’s performance across study types appears to be influenced by differences in abstract
complexity and structure. Systematic reviews and meta-analyses, which tend to follow standardized formats
and present synthesized findings, were associated with higher clarity and accuracy scores. In contrast, case
reports—often more narrative and context-specific—presented greater challenges, likely due to their unique,
less predictable content. These findings highlight the importance of understanding how input characteristics
affect Al-generated summaries. Moreover, the frequent use of technical language in outputs underscores the
need for improved prompt strategies or model fine-tuning aimed at reducing jargon. Future work should explore
targeted interventions such as domain-specific prompt engineering or real-time readability feedback to enhance
accessibility for non-expert readers, ultimately improving the practical utility of ChatGPT in clinical and public-
facing communication.

Reducing Hallucinations and Technical Jargon:

To improve the reliability of ChatGPT-generated content in clinical and research settings, several strategies
can be implemented. First, post-generation validation by subject-matter experts remains essential. Clinicians
and researchers should cross-check the AI-generated summaries with the original source to ensure accuracy and
consistency. Second, using domain-specific fine-tuning or prompting techniques may help reduce hallucinations.
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When ChatGPT is provided with a more structured prompt—such as explicitly instructing it to “only include
information from the abstract and not infer or add details”—it tends to stay more grounded.

In terms of technical jargon, custom prompts tailored to the target audience can help simplify language. For
example, asking ChatGPT to “rewrite the summary in plain language suitable for patients or the general public”
often improves accessibility. Future research could test the effectiveness of these strategies through controlled
trials or develop hybrid systems that combine Al summaries with real-time validation.

Two-Phase validation framework for reducing hallucinations in ChatGPT-Generated summaries
To ensure the accuracy and reliability of ChatGPT-generated abstracts in clinical and academic contexts, we
propose a structured two-phase validation protocol: Pre-Generation Steps (Before Using ChatGPT) and Post-
Generation Validation (After Getting the AI Output). This protocol includes both expert oversight and an
internal double-check mechanism using ChatGPT itself.

Phase 1: Before Using ChatGPT (Pre-Generation Steps).

1. Prepare a Structured Prompt:

o Clearly instruct ChatGPT to only use information from the original abstract (e.g., “Summarize the abstract
strictly without adding interpretations, assumptions, or inferred details”).

o Adjust the tone and language depending on the target audience (e.g., “Use plain language suitable for patients”
or “Use clinical terms suitable for specialists”).

2. Restrict Input to Abstract Only:

Ensure that only the original abstract text is provided. Avoid providing additional data that may cause the
model to generalize or hallucinate.

Phase 2: After Using ChatGPT (Post-Generation Validation and Oversight).
1. Double-Check with ChatGPT Itself (AI Self-Validation):

o Ask ChatGPT: “Compare the generated summary with the original abstract. Identify if there is any information
in the summary that is not explicitly present in the original abstract” This step can help automatically detect
hallucinated content, especially subtle additions or inferred ideas.

2. Expert Cross-Validation:

« Two independent reviewers (ideally a clinician and a researcher) should: Compare the original abstract and
the ChatGPT summary line-by-line. Use a standardized checklist to identify: Factual discrepancies, inferred
conclusions, fabricated numerical values or settings, misuse of technical terminology.

3. Flag and Revise Hallucinations:
« Any statement not traceable to the original abstract should be:

- Deleted or rephrased,
- Or clearly labeled as inferred (if applicable for internal use, not public dissemination).

4. Final Approval for Use:

o Only summaries that pass expert validation with >90% factual alignment should be used for patient educa-
tion, public communication, or research dissemination.

A cross-sectional study evaluated the effectiveness of large language models (LLMs)-including ChatGPT,
Claude, Copilot, and Gemini-in generating plain language summaries (PLSs) and simplifying medical content.
Thirty human-written PLSs were compared with chatbot-generated counterparts. Readability was assessed using
the Flesch Reading Ease score, and understandability via the Flesch-Kincaid grade level. Additionally, three
authors independently rated the summaries using a predefined seven-item quality rubric. The results showed
that, compared to human-written PLSs, LLMs produced summaries with significantly lower Flesch-Kincaid
grade levels (p<0.0001), indicating greater accessibility. Except for Copilot, all chatbots also achieved higher
Flesch Reading Ease scores. Quality ratings were comparable across groups—for example, ChatGPT scored
8.8+0.34, closely matching human-written PLSs (8.89 +0.26). Similarly, another study evaluating ChatGPT-3.5%
performance in simplifying radiological reports found high accuracy in detailing (94.17%) and effective removal
of technical jargon, though limitations were noted in patient-directed recommendations and translations. They
reported that the current free version of ChatGPT-3.5 was able to simplify radiological reports effectively,
removing technical jargon while preserving essential diagnostic information®*. These findings support the
potential of LLMs in enhancing communication of scientific and clinical information while reinforcing the need
for human oversight to ensure factual correctness.
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Limitations of ChatGPT

ChatGPT provides results by taking into account the individual’s previous searches. When the different reviewers
generated the second abstract summary, the content of the results were found to be consistent although the style
of writing and order of the study results was often different.

Conclusion

ChatGPT has significant potential for the dissemination of evidence and knowledge translation in the clinical
setting. Our study demonstrated enhanced readability scores and an acceptable degree of accuracy when
comparing the original abstracts to the AI summary. However, caution should be exercised, and education
provided to colleagues and patients, regarding the risk of hallucination and incorporation of technical jargon
which may make the results challenging to interpret. Future studies are warranted to establish the reliability,
validity and safety of ChatGPT and other AI tools as a real-world tool for knowledge translation.

Data availability
The datasets used and analysed during the current study are available from the corresponding author on rea-
sonable request.
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