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visual abstracts (VAs) are increasingly used to improve the dis-
semination of scientific articles (1). Although some journals,
such as European Radiology, require authors to submit VAs, oth-
ers, such as Radiology, have them prepared by the editorial of-
fice (2). In both cases, creating VAs demands substantial time,
visual design, and editorial effort. Recent vision-language models
(VLMy), particularly GPT-40 (OpenAl), now enable end-to-end
VA generation from full-text articles (3). However, the quality
and suitability of VLM-generated VAs have not been evaluated
in real-world publishing contexts. In this study, we generated VAs
using GPT-4o for original research articles from Radiology and
European Radiology and compared them with the published ver-
sions through blinded expert review.

Materials and Methods

This study did not involve human participants or patient data
and was exempt from institutional review board approval.

To develop journal-specific prompts, all original research
articles with VAs published online in March 2025 in Radiology
(n =19) and European Radiology (n = 36) were included. For
testing, 75 articles with VAs published in January and February
2025 (38 from Radiology and 37 from European Radiology)
were selected.

VAs were generated using GPT-4o via the ChatGPT web
interface (chat.openai.com) from the Title, Abstract, Methods,
and Results sections as input. Each VA was generated in a new
session with memory disabled and no saving function to avoid
context carryover. All generations occurred between April 4 and
6, 2025. Prompts tailored to each journal’s layout and style,
developed by a board-certified radiologist with prompt engi-
neering expertise (T.L.), are available on GitHub (hezps://github.
com/lee8720/VLM_VA).

The design process followed three structured steps: extrac-
tion of key findings, confirmation of summary elements, and

Criteria Definitions and Expert Ratings for Original versus VLM-Generated Visual Abstracts
Pooled Radiology European Radiology
Interreader
Criteria and Definition Agreement Original VLM PValue Original VLM PValue Original VLM P Value
Accuracy: how 0.04 456+0.75 3.95+1.06 <.001 4.49+0.81 4.16+0.88 <.001 4.64 +0.69 3.72+1.19 <.001
accurately the text
and visual represent
the article’s key
findings
Text clarity: how 0.006 4.36+0.80 4.23+0.72 .03 447 +0.71 4.14 +0.82 <.001 4.24 +0.87 4.31+0.72 .45
clearly and effectively
the text conveys the
main message
Visual quality: how well 0.03 3.72+0.98 3.43+127 <001 3.65+1.00 3.51+1.26 .22 3.80+0.95 3.34+1.29 <.001
the visual supports
the key message and
maintains clarity
Overall evaluation: 0.02 392+0.83 3.58+1.06 <.001 3.93+0.81 3.68+1.00 .006 3.91+0.84 3.47+1.11 <.001
overall quality
considering accuracy,
clarity, and visuals
Preference: indicate 0.16 52 (157/300) 45 (135/300) .22 47 (71/152) 49 (75/152) .81 57 (86/148) 41 (60/148) .04
which image you
prefer
Note.—Unless otherwise specified, data are mean scores with SDs. Interreader agreement was assessed using the intraclass correlation coefficient.
Preference is presented as a percentage of selections for each visual abstract type (original vs vision-language model [VLM] generated), with raw
counts shown in parentheses. Ties in preference occurred six times in Radiology and two times in European Radiology. P values were calculated
using linear mixed-effects models for continuous variables and a nonparametric permutation-based sign test for preference data.
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Large-Scale Validation of GPT-4 as a Proofreading Tool for Head CT Reports
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* Retrospective study of 10 300 head CT reports
from MIMIC-IIl database.
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OpenAl's GPT-4 was tested in two proofreading
experiments and compared with four
radiologists.
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* GPT-4 detected errors with higher sensitivity
(0.89 vs 0.33-0.69) and faster review time (16
seconds vs 82-121 seconds) than human
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Large-Scale Validation of the Feasibility of GPT-4 as a
Proofreading Tool for Head CT Reports

GPT-4 Human Readers

« GPT-4 outperformed human
readers in factual error
detection (sensitivity:0.89v0,3-69,
P<,001) and speed (16 sec
vs 82-121sec, P<,001).

In 10,000 error-free reports, GPT-4
found 96 errors, with 14% of false
positives leading to beneficial
revisions.
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Factual error sensitivity:

Factual error sensitivity:
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in gliomas: systematic review, meta-analysis, and methodological quality
evaluation using METRICS and RQS

How is icsin ishing

Radiomics for differentiating radiation-induced brain injury from recurrence

7"+ Literature search (PubMed & WoS)
» Methodological quality evaluation a <
> Comprehensive analysis

- Meta-analysis

+ Meta-regression

- Bias & heterogeneity

+  Subgroup analysis

¥ Good predictive
performance!

¥ Suboptimal quality!

’ ¥ Significant heterogeneity!
METRICS & RQS eo_0

™
uamyl;ﬂuwon L Bbviedt ¥ Potential publication bias!

Met, lysi Its need interpretation due to significant pr 1s d d during the

analysis (e.g., P quality, heter ity, bias), which may help explain why radiomics has not

yet translated into clinical practice.

Eur Radiol (2025) Kocak B, Mese |, Ates Kus E;
DOI: 10.1007/s00330-025-11401-x
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Radiology

induced brain injury from glioma recurrence?

European Radiology

0.33-0.69 « GPT-4 proved effective for report

reasoning and revision, though
struggled with clinical prioritization
in complex impressions

Avg. time: 16 sec/report  Avg, time: 82-121sec/port

GPT-4 shows potential as a proofreading assistant,
particularly in error detection and revision speed
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Radiomics for differentiating radiation-induced brain injury from
recurrence in gliomas: systematic review, meta-analysis, and
methodological quality evaluation using METRICS and RQS

Radiology

Can radiomics reliably differentiate between radiation-induced brain injury an.tunour |
recurrencen in gliomas?

Methodology High
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- METRICS and RQS scoring <

- Subgroup and meta-regression anlysis Low average
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howed promising y (AUC 0.832) but was affected by high |
heterogeneity and quality concerns.
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Examples of original and vision-language model (VLM)-generated visual abstracts (VAs) from (A, B) Radiology and (€, D) European Radiology. In the Radiology example,

the (A) original VA received higher ratings for text clarity (mean score, 4.8 vs 4.5), whereas the (B) VLM-generated VA was rated higher for accuracy (mean score, 4.5 vs 5.0),

visual quality (mean score, 3.3 vs 4.5), and overall evaluation (mean score, 4.0 vs 4.5). All four reviewers preferred the VLM-generated VA in this case. In the European Radiol-
ogy example, the (D) VLM-generated VA received higher ratings for text clarity (mean score, 4.3 vs 4.8), visual quality (mean score, 3.8 vs 4.0), and overall evaluation (mean

score, 3.5 vs 4.3); both VAs received the same score for accuracy. Again, all four reviewers preferred the VLM-generated VA. The original VA in A is reprinted, with permission,
from reference 4. The original VA in € is reprinted, under a CC BY 4.0 license, from reference 5 (https://creativecommons.org/licenses/by,/4.0/). GPT-4o (OpenAl) was

used to generate VAs in B and D.

layout-specific graphical rendering. To ensure adherence to
journal format, prompts included paired layout templates and
example images as style references.

Four expert reviewers, all editors or editorial board members
of leading radiology and medical journals (S.H.P, C.EK, S.C.Y,,
and S.H.Y.), evaluated each randomized, blinded VA pair. Each
image was rated on a five-point Likert scale (5 indicating the best)
for accuracy, text clarity, visual quality, and overall evaluation. Re-
viewers also indicated their preference from each pair. Interrater
agreement was assessed using the intraclass correlation coefficient.
Likert scores were analyzed using linear mixed models. Preference
data were analyzed using a nonparametric sign test with permuta-
tion resampling.

Results

Interrater agreement was low across all evaluation criteria, with
intraclass correlation coefficient values below 0.16. Original
VAs received higher ratings than VLM-generated VAs across all
four criteria, though the score differences were approximately
0.5 points or less, with means scores of 4.56  0.75 (SD) versus
3.95 £ 1.06, respectively, for accuracy (P < .001), 4.36 + 0.80
versus 4.23 + 0.72 for text clarity (P =.029), 3.72 £ 0.93 versus
3.43 £ 1.27 for visual quality (P <.001), and 3.92 + 0.83 versus
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3.58 + 1.06 for overall evaluation (” < .001) (Table, Figure).
There was no evidence of a difference in preference between origi-
nal and VLM-generated VAs (52% [157 of 300 evaluations] vs
45% [135 of 300], including eight ties; P = .22).

Discussion

Compared with state-of-the-art VLM-generated VAs, human-
created VAs demonstrated modest superiority across evaluation
criteria except for accuracy. Notably, no statistically significant
preference difference emerged between the two approaches, par-
ticularly within the Radiology subgroup (47% vs 49%; P = .81).
However, as no a priori power calculation was performed, smaller
differences may have remained undetected. These findings sug-
gest that despite current VLMs exhibiting limitations in VA
production, primarily due to hallucination artifacts, they dem-
onstrate potential in addressing the time-consuming challenge of
VA creation faced by authors and editorial offices.

Reviewers noted that VLM-generated VAs often conveyed
core concepts clearly and succinctly, whereas many origi-
nal VAs simply reused manuscript figures that were not spe-
cifically designed for visual abstraction. However, because the
VLM could not reuse any original images due to copyright and
platform restrictions, this may have affected the comparison.
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Interestingly, some reviewers, including those less familiar with
the domain, found the VLM-generated versions more accessible
and informative.

Observed limitations of VLM-generated outputs included
typographic artifacts, occasional labeling errors, and synthetic
imagery resulting from the inability to reuse original figures.
Although these challenges reflect broader issues in layout-aware
generation and visual fidelity, they also point to a clear oppor-
tunity for human input—particularly in reviewing and refining
artificial intelligence—generated visuals for publication.

Rather than replacing human effort, VLMs can serve as effec-
tive first-draft tools that, when combined with editorial input via
human-artificial intelligence codevelopment, may improve the
efficiency and quality of VA production.

Although this study did not evaluate workflow efficiency,
future research could explore how VLMs may support editorial
office—driven VA production, such as in Radiology. Evaluating
how these tools affect overall editorial processes—beyond time
savings—may provide insight into their practical integration into
publication workflows.
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