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Abstract

Background: Plain-language summaries (PLSs) improve accessibility of medical research
for patients but remain predominantly text-based. Large language models (LLMs) can
now generate images from text. We carried out the present exploratory study to evaluate
whether LLMs can generate images that demonstrate technical accuracy and theoretical
visual usability when derived from PLS content. Methods: In this cross-sectional pilot
study, two PLS were randomly selected from each of 37 Cochrane Library themes. Three
LLMs, ChatGPT-5.2, Google Gemini 3 Pro, and Google Notebook, generated one image per
PLS, yielding 222 images. Two blinded assessors evaluated images using a preliminary,
internally expert-validated tool that measured technical accuracy and completeness, visual
usability, and hallucination presence. Inter-LLM comparisons were assessed using linear
mixed effects model. Results: Gemini outperformed ChatGPT and Notebook across all
domains (p < 0.001). Hallucinations occurred exclusively in ChatGPT-generated images
(29.73%). Gemini demonstrated the least intra-thematic variability, whereas ChatGPT
showed the highest. No significant interaction was found between LLM type and Cochrane
theme. Sensitivity analyses, including alternative weighting schemes and leave-one-theme-
out analyses, confirmed robust model rankings. Conclusions: In this single-prompt expert-
rated pilot study, Google Gemini 3 Pro reliably generated accurate, hallucination-free
visual summaries from PLS. These exploratory findings support further patient-centered
validation of LLM-generated images as complements to text-based patient education
materials.

Keywords: artificial intelligence; Gemini; ChatGPT; notebook; plain-language summary

1. Introduction

Patient education instructions are important for promoting health literacy, improving
patient understanding, and supporting effective self-management of disease (Berkman
et al., 2011). Standard approaches typically include written discharge summaries, printed
educational materials, and verbal counseling, which aim to communicate important infor-
mation regarding diagnoses, medications, and follow-up care (Johnson & Sandford, 2005).
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These strategies can improve patient comprehension and outcomes when designed appro-
priately, and techniques such as simplified written materials and the teach-back method are
commonly used to reinforce understanding (Kripalani et al., 2008; Schillinger et al., 2003).
However, written instructions are not equally effective for all patients, as many materials
exceed recommended reading levels and can be difficult to understand, particularly for
individuals with limited health literacy (Badarudeen & Sabharwal, 2010; Kessels, 2003).
These limitations highlight the need for more accessible approaches to communicating
medical information.

Plain-language summaries (PLSs) have emerged as an important strategy to improve
accessibility of complex medical information by translating clinical content into under-
standable language for patients and caregivers. PLS are summaries of scientific articles
written in non-technical language to make research findings accessible to non-specialist
audiences, including patients and caregivers (Dormer et al., 2022). Evidence suggests that
PLS improve understanding of research results, help patients place findings into context,
and support communication of shared decision making between patients and healthcare
providers (Lobban et al., 2022). Additionally, PLS plays an important role in improving
patient engagement, trust, and adherence by presenting information in a clear and accessi-
ble format adjusted for non-expert audiences (Barmpas, 2026; Berkman et al., 2011). PLS
vary in format and quality and are not yet consistently included in research publications,
highlighting the need for improved standardization and distribution (Lobban et al., 2022).

Despite their benefits, PLS are still primarily text-based, which may limit their effective-
ness for certain populations. Visual representations are hypothesized to reduce cognitive
load by leveraging the brain’s dual-coding capacity, the ability to process verbal and visual
information through distinct but interconnected channels. According to dual-coding theory,
information presented in both verbal and visual formats creates redundant memory traces,
facilitating encoding, storage, and retrieval (Kanellopoulou et al., 2019). For medical infor-
mation, visual and graphical representations have been shown to improve comprehension,
recall, and engagement by utilizing visual processing pathways and reducing reliance on
reading proficiency even in patients with limited health literacy (Houts et al., 2006; Katz
et al., 2006; Delp & Jones, 1996). Importantly, evidence suggests that combining text with
visual elements is often more effective than text alone, as graphics can improve clarity while
maintaining accuracy and context (Lobban et al., 2022). Additionally, integrating visual
elements into plain-language communication can further improve patient engagement and
interpretation of clinical information, particularly when aligned with health literacy prin-
ciples (Barmpas, 2026). This suggests that combining PLS with graphical representations
could be a promising approach to improving patient communication.

Recent developments in artificial intelligence (Al), particularly large language mod-
els (LLMs), have revolutionized healthcare, including the field of scientific literature.
LLMs have been shown to be promising in generating images related to medical fields
(Koh et al., 2023).

We have previously explored the potential of LLMs in generating graphical abstracts
for systematic reviews intended for experts (personal communication). In this study, our
primary objective is to evaluate whether LLMs can generate images that preserve the
technical accuracy and completeness of the source PLS while adhering to established
visual communication principles, as assessed by clinical experts. We explicitly frame
this as a preliminary technical evaluation, a necessary first step before patient-centered
validation, rather than a direct measure of patient accessibility or comprehension. The
primary objective was to compare the overall quality of images generated by three LLMs,
ChatGPT-5.2, Google Gemini 3 Pro, and Google Notebook, using a structured preliminary
assessment tool. The secondary objectives were to compare domain-specific performance
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across models, including accuracy/completeness, visual usability, and hallucination rates,
and to examine whether performance differences were consistent across diverse Cochrane
clinical themes.

2. Methods
2.1. Study Design and Ethics

This was a cross-sectional pilot study carried out between January and April 2026. The
study included generation of images for Cochrane PLS that are available in public domain,
and the images were assessed by the author researchers due to which ethics approval was
not required. This study is reported in adherence to the key elements of GAMER guidelines
for the use of generative Al in medical research (Luo et al., 2025).

2.2. Study Procedure

One of the authors (KS) browsed Cochrane reviews listed topic-wise in the Cochrane
Library (Cochrane Library, 2026). Using an online tool for generating random numbers
(Random Number Generator, 2026), two numbers were randomly selected for each of the
topics. Details of the included reviews from each topic can be found in the Electronic
Supplementary File S1. The PLS accompanying each of these reviews were extracted in a
separate Word file. No modifications were made to the PLS.

A structured prompt specifying the context and role of LLMs, content to be in-
cluded, visual format requirements, style guidelines, and output specifications (Electronic
Supplementary File 52) was used for obtaining response from each of the three LLMs:
ChatGPT-5.2 (ChatGPT, 2026), Google Gemini 3 Pro image (Google Gemini, 2026), and
Google Notebook (Notebook, 2026). We used the paid versions of the models on their
web interface without specifying any temperature as we intended to mimic real-world
applications. Only one image was prompted without detailing the image size or aspect
ratio, and only the first image generated was considered for assessment, and the prompt
was not repeated even if the image quality was poor. None of the prompts failed and none
of the generated images were altered except for the removal of visual identifiers specific
for Google Gemini and Notebook outputs. We prompted the LLMs between 21 January
2026 and 22 February 2026, with the same prompt being repeated for all reviews and for all
LLMs. The prompt was not piloted before being used in this study.

For each PLS, three outputs were obtained that were assigned random numbers
by the same author (KS) and the allocation was concealed. Two authors (GS and JG)
received the images in the same order as randomized by KS (Electronic Supplementary
File S3) and they were instructed not to guess the origin of the images. For the primary
assessment, the two assessors evaluated each image collaboratively. For each PLVSAT item,
the assessors discussed their interpretations and arrived at a consensus score through joint
deliberation. When disagreements on specific items or hallucination status arose, these
were resolved through discussion with a third author (KS), who served as an adjudicator.
The final score for each item represented the agreed-upon consensus judgment. The visual
identifiers for both Google Gemini and Notebook outputs were erased, and no other
modifications were done on the metadata of the outputs. Plain-language visual summary
assessment tool (PLVSAT) (Electronic Supplementary File S4) was developed by the author
(KS) based on previous experience in generating tools for assessing graphical abstracts
for systematic reviews and meta-analysis (personal communication), like the structured
prompts. The PLVSAT was designed as a proof-of-concept framework to evaluate technical
accuracy (such as whether the generated image faithfully represents the source PLS content),
completeness (whether key elements are included), and theoretical visual usability (such
as adherence to principles of clarity, labeling, and typography that are hypothesized to
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support comprehension). It does not measure actual patient comprehension, cognitive
load, reading ease, or emotional response. Two authors (GS and JG) were involved in the
validation of PLVSAT by assessing the tool in six PLS that were not included in the main
analysis (Electronic Supplementary File S5). PLVSAT comprises the following domains and
sub-domains:

e  Domain I: Accuracy and Completeness.
e  Domain II: Visual Usability.
e  Domain III: Hallucination (Present/ Absent).

Scores for each domain were calculated as follows: Accuracy and completeness (%)
= (Sum of raw scores — 6)/(30 — 6) x 100; Visual usability (%) = (Sum of raw scores —
3)/(15 — 3) x 100; and Hallucination (%) = 100 (if absent) or O (if present). Then the overall
score was estimated as follows: [Accuracy and completeness (%) x 0.4] + [Visual usability
(%) x 0.3] + [Hallucination (%) x 0.3]. Accuracy was given a higher weightage considering
scientific importance.

2.3. Statistical Analysis
2.3.1. Descriptive Statistics

Descriptive statistics were computed for each LLM and each Cochrane theme. Con-
tinuous variables (overall score, accuracy percentage, visual usability percentage) were
summarized using mean £ SD, median (Q1-Q3) and 95% confidence intervals (Cls). Cate-
gorical variables (hallucination presence) were summarized as frequencies and percentages.

2.3.2. Inferential Statistics

The primary analysis involved the comparison of overall scores among the three
LLMs. We employed linear mixed-effects models with Kenward-Roger approximation for
denominator degrees of freedom. For each continuous outcome (overall PLVSAT score,
accuracy and completeness score, and visual usability score), the model included LLM as a
fixed effect and PLS and Cochrane Theme as random intercepts to account for the paired
and clustered data structure. To evaluate whether LLM performance varied across medical
topics, we tested the LLM x Theme interaction using a mixed-effects model with LLM and
Theme as fixed effects and PLS as random intercept. The interaction p-value was extracted
from the ANOVA table. p-values of <0.05 were considered statistically significant.

Internal consistency of the assessment tool was evaluated using Cronbach’s alpha
coefficient for the Accuracy and Completeness subscale (5 items), the Visual Usability
subscale (3 items), and the total scale (8 items). Cronbach’s alpha values >0.70 to <0.79 were
considered acceptable, >0.80 to <0.89 good, and >0.90 excellent. Intra-class correlation
coefficients were obtained between the raters for inter-rater reliability.

2.3.3. Principal Component Analysis

Principal component analysis (PCA) was conducted on the eight assessment items
(IA-IE and ITA-IIC) after standardization (scaling to unit variance). The correlation matrix
revealed that one item (IF: Source Attribution) had near-zero variance across all ratings and
so this item was excluded. The number of components retained was determined using the
eigenvalue >1 criterion and scree plot inspection.

2.3.4. Sensitivity Analyses

The following sensitivity analyses were conducted to assess the robustness of the
findings: leave-one-theme-out analysis—the one-way ANOVA comparing LLMs was
iteratively repeated, excluding one Cochrane theme at a time, to evaluate whether any
single theme disproportionately influenced overall conclusions; and alternate weighting
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schemes—to test the robustness of the results to the choice of weights in the composite
score, five alternative weighting schemes (Electronic Supplementary File S6) were applied.
For each scheme, mean overall scores and LLM rankings were computed.

2.3.5. Bootstrap Confidence Intervals

Percentile bootstrap with 1000 resamples was used to obtain 95% Cls for pairwise
mean differences between LLMs.

2.3.6. Sample Size Justification

We designed this study as an exploratory pilot investigation rather than a confirmatory
hypothesis-testing trial. As such, sample size was determined based on feasibility and
descriptive precision rather than formal power calculations for a specific effect size.

All the statistical analyses were performed using R version 4.5.2.

3. Results
3.1. Descriptive Statistics

A total of 37 themes were present in the Cochrane Library of which two topics were
selected in each theme, and with three LLM-generated images for each topic, the total
number of images generated amounted to 222. All the LLMs generated images for all the
prompts without fail (Electronic Supplementary File S7). Table 1 depicts the summary of
overall score and domain-specific scores for all the LLMs. Hallucination was observed only
with ChatGPT-generated images (n = 22, 29.73%).

Table 1. Performance evaluation metrics across AI models.

Domain AI Model n Mean (SD) Median (Q1, Q3) 95% CI [Lower, Upper]
ChatGPT 74 60.66 (19.31) 67.50 (39.38, 75.00) [56.27, 65.06]
Overall Gemini 74 97.50 (2.59) 98.33 (98.33, 98.33) [96.91, 98.09]
Notebook 74 81.40 (8.81) 80.00 (76.67, 86.46) [79.39, 83.40]
ChatGPT 74 61.71 (15.03) 62.50 (50.00, 75.00) [58.29, 65.14]
Accuracy Gemini 74 95.44 (3.46) 95.83 (95.83, 95.83) [94.65, 96.23]
Notebook 74 73.42 (14.56) 72.92 (63.54, 86.46) [70.11, 76.74]
ChatGPT 74 49.66 (11.90) 50.00 (41.67, 50.00) [46.95, 52.37]
Usability Gemini 74 97.75 (6.37) 100.00 (100.00, 100.00) [96.30, 99.20]
Notebook 74 73.42 (15.59) 75.00 (66.67, 83.33) [69.87,76.97]

SD = standard deviation; Q1 = 25th percentile; Q3 = 75th percentile; CI = confidence interval for mean.

3.2. Inter-LLM Comparison

The linear mixed-effects model revealed significant differences in overall PLVSAT
scores across the three LLMs (F = 180.25, p < 0.001) (Table 2). However, the interaction
between LLM and Cochrane Theme was not statistically significant (F = 1.19, p = 0.227),
indicating that LLM performance differences were consistent across diverse medical topics.
No significant main effect of Theme was observed (F = 0.93, p = 0.580).

Table 2. Type III tests of fixed effects.

Effect F-Value Num DF Den DF p-Value
LLM 180.25 2 77.31 <0.001 *
Theme 0.93 36 34.88 0.580
LLM x Theme 1.19 72 77.31 0.227

Num DF = numerator degrees of freedom; Den DF = denominator degrees of freedom.
* Statistical significance.
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Estimated marginal means for overall scores were: ChatGPT 60.66 (95% CI: 57.85-63.49),
Gemini 97.50 (95% CI: 94.67-100.33), and Notebook 81.40 (95% CI: 78.57-84.22) (Table 3).
Pairwise comparisons showed that Gemini significantly outperformed ChatGPT (mean
difference: —36.84, 95% CI: —40.83 to —32.84, p < 0.001) and Notebook (mean difference:
16.10, 95% CI: 12.11-20.10, p < 0.001); Notebook also significantly outperformed ChatGPT
(mean difference: 20.73, 95% CI: 16.74-24.73, p < 0.001). Theme-specific scores of LLM-
generated images are summarized in the Electronic Supplementary File S8. Intra-thematic
variability was maximum with ChatGPT, while Gemini had the least.

Table 3. Pairwise comparisons across performance outcomes.

Outcome Comparison Estimate SE df p-Value
ChatGPT vs. Gemini —36.84 2.03 219.00

Overall Score ChatGPT vs. Notebook —20.73 2.03 219.00
Gemini vs. Notebook 16.10 2.03 219.00
ChatGPT vs. Gemini —33.73 1.91 148.09

Accuracy Score ChatGPT vs. Notebook —-11.71 1.91 148.09 <0.001 *

Gemini vs. Notebook 22.02 191 148.09

Visual Usability Score

ChatGPT vs. Gemini —48.09 1.96 219.00
ChatGPT vs. Notebook —23.76 1.96 219.00
Gemini vs. Notebook 24.32 1.96 219.00

SE = standard error; df = degrees of freedom. * Statistical significance.

3.3. Internal Consistency Assessment

The internal consistency assessment indicates an acceptable level of author consensus,
with the Visual Usability subscale achieving an “Excellent” Cronbach’s alpha of 0.944. The
Accuracy and Completeness domain showed an “Acceptable” alpha of 0.744, with the
overall total score demonstrating “Good” reliability with a coefficient of 0.879.

3.4. Principal Component Analysis

The PCA reveals that the first component (IA), population/problem accuracy, accounts
for a dominant 59.3% of the total variance in the dataset. Combined with IB (10.8%) and IC
(9.6%), the first three components capture nearly 80% of the cumulative variance (79.7%),
indicating a significant reduction in dimensionality is possible (Figure 1). Total variance
is fully accounted for across eight components, with the remaining PCs contributing
progressively smaller marginal gains.

3.5. Sensitivity Analyses

No significant differences were observed in the overall scores of LLMs with the
exclusion of scores from each theme (Figure 2). Similarly, all the alternate weighting
schemes revealed similar overall scores for all the LLMs (Figure 3) and consequently their
ranking (Figure 4).
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59.3% Scree Plot: Variance Explained by Principal Components
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Figure 1. Variance explained by principal components. This figure displays a scree plot showing the
percentage of total variance explained by each of the first eight principal components extracted from
the dataset. The horizontal axis lists the principal components in descending order of importance,
labeled from PC1 through PC8, while the vertical axis represents the percentage of variance accounted
for by each component.

Sensitivity Analysis: LLM Performance After Excluding Each Theme
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Figure 2. Plot following leave-one-theme-out sensitivity analysis. This figure presents a comparison
of mean overall image quality scores (measured on a scale from 0 to 100) across the range of Cochrane
review topics, organized into three distinct rows. The changes in overall LLM scores with exclusion
from each topic are depicted in red lines (for ChatGPT), green (for Notebook) and blue (for Gemini).
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Heatmap: Mean Overall Scores Across Weighting Schemes
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Figure 3. Sensitivity analysis for alternate weighting schemes. This figure presents a heatmap of
mean overall image quality scores (measured on a scale from 0 to 100) across alternate weighting
schemes. The weighting schemes are arranged horizontally and the LLMs vertically.
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Figure 4. LLM rankings with alternate weighting schemes. This figure presents a comparison of
ranking of LLMs (measured in a scale from 1 to 3) across alternate weighting schemes. The weighting
schemes are arranged horizontally and the rank of LLMs in each scheme vertically.
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4. Discussion
4.1. Statement of Key Findings

In this single-prompt expert-rated pilot exploratory study comparing three LLMs on
their ability to generate accurate, complete, and visually usable images from Cochrane PLS,
several key findings emerged. First, Google Gemini 3 Pro consistently outperformed both
ChatGPT and Notebook across all the domains, achieving the highest overall scores with
minimal variability and no hallucination. However, we emphasize that these are prelim-
inary findings reflecting expert assessment of technical fidelity and theoretical usability,
not demonstrated patient comprehension or accessibility. The performance differences
among LLMs were consistent across all the Cochrane themes, with no significant interaction
between model type and clinical topic. Collectively, these results suggest that LLMs can
generate visual summaries from plain-language health content, with Gemini demonstrating
the most reliable and high-quality performance in this context.

4.2. Comparison with Existing Literature

The observed performance differences between LLMs likely reflect underlying fun-
damental architectural distinctions among the models (Islam & Ahmed, 2024). Gemini’s
advanced multimodal framework and ability to integrate well-defined prompts may ex-
plain its superior accuracy and completeness. Notebook’s intermediate performance can
be attributed to its source-grounded, retrieval-augmented generation (RAG) approach,
which restricts outputs to provided texts and likely accounts for the absence of halluci-
nations (Albrecht-Crane, 2025). In contrast, ChatGPT’s higher hallucination rate raises
important safety concerns for clinical use, as even minor inaccuracies in patient-directed
materials may lead to misunderstanding, poor decision making, or diminished trust in
health information (McCarthy et al., 2012). The significant intra-thematic variability ob-
served with ChatGPT further undermines its reliability in real-world applications where
consistency is critical (Patel & Lam, 2023). Notably, no significant interaction was found be-
tween LLM type and Cochrane theme. This finding potentially suggests that performance
differences are attributable to the models themselves rather than to topic complexity or
theme-specific variation.

The results align with previous studies evaluating LLM-generated medical commu-
nication tools, which have reported strong performance in language fluency and summa-
rization but persistent concerns regarding factual accuracy and hallucination risk (Guo
et al., 2026). Prior work has similarly emphasized the need for careful validation and
human oversight when implementing LLM-generated patient education materials (Mc-
Carthy et al., 2012). Moreover, studies on graphical abstracts and visual summaries for
systematic reviews have shown that visual formats can improve accessibility, engagement,
and comprehension for non-medical audiences (Ibrahim et al., 2017; Buljan et al., 2018).
However, most existing literature has focused on text-based LLM outputs; the present study
extends this evidence by specifically evaluating image generation from plain-language
summaries, a relatively underexplored area in Al-assisted patient education. Our findings
carry substantial relevance for scholarly publishing and the broader ecosystem of evidence
dissemination. PLS are increasingly recognized as essential tools for making research
accessible to non-specialist audiences, yet they remain predominantly text-based (Dormer
etal., 2022; Lobban et al., 2022). The integration of LLM-generated visual summaries as a
complementary publication format could significantly enhance comprehension, engage-
ment, and recall, particularly for individuals with low health literacy (Houts et al., 2006;
Katz et al., 2006; Delp & Jones, 1996).

Critically, the design of the prompt itself emerges as a key modifiable determinant of
output quality; our use of a structured, context-rich prompt that explicitly delineated the
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PLS content, visual format, style guidelines, and output specifications likely contributed
to the performance observed, and we contend that publishers should require authors to
document and share their prompts as part of the submission metadata to enable repro-
ducibility and quality assessment (Kendall, 2025). The dominance of population/problem
accuracy (Item IA) in PCA reveals that LLM performance on this task is fundamentally
gated by the model’s ability to correctly identify and visually instantiate the core clinical
problem. This finding has direct practical implications for how researchers and develop-
ers should approach prompt engineering that should prioritize explicit specifications of
the population and condition. We propose the following prompt engineering strategies
to specifically target this dominant variance source: First, explicit problem articulation:
Prompts should include a dedicated, standalone sentence that clearly states the population,
condition, and key comparison, ideally at the beginning of the prompt and repeated in
simplified form within the visual specifications. For example, rather than embedding
population details within descriptive text, prompts should include a distinct field such as
“POPULATION: [description]; CONDITION: [description]; INTERVENTION: [description];
COMPARATOR: [description].” Second, instructional emphasis on population accuracy:
Prompts should explicitly instruct the model to “ensure that visual representation clearly
and unambiguously identifies the target population and clinical condition as the central
element of the image,” with specific guidance on labeling, icon selection, and visual hier-
archy to prioritize these elements. Third, iterative refinement with targeted verification:
Given that errors in population/problem identification are largely categorical (such as the
model either correctly identifies the population or does not), prompt refinement could
incorporate a verification step where the model is asked to “confirm that the image clearly
depicts [specific population] with [specific condition]” before finalizing output. Fourth,
model-specific optimization: Fifth, structured output templates: Developers could consider
requiring models to first generate a textual “verification summary” identifying the popu-
lation, problem, and key findings before generating the image. We emphasize that these
strategies are derived from our empirical observations and theoretical reasoning, not from
a controlled prompt-engineering experiment.

Publishers must address privacy and confidentiality concerns by ensuring that no
patient-identifiable or proprietary information is inadvertently exposed. Equally impor-
tant is the question of author notification and consent before publishing LLM-generated
PLS-related visuals. Furthermore, the risk of unintentional visual plagiarism must be
proactively managed, as LLMs trained on large corpora of published figures may inadver-
tently reproduce copyrighted or previously published graphical elements without proper
attribution (Murray, 2023). To mitigate this, publishers could run generated images through
specialized similarity-detection tools adapted for visual content, or they could mandate
that generation prompts explicitly instruct the model to produce original compositions
rather than replicating existing styles or layouts. Human oversight is key to ensure ethical
and responsible use of AL

Regarding copyright and ownership of LLM-generated images, our review of platform
terms indicates that users retain ownership of output generated by LLMs assessed in
this study. However, the legal status of Al-generated content remains an evolving area;
copyright protection for Al-generated works may not be available in all jurisdictions,
and liability for potential infringement rests with the user. We recommend that authors
and publishers take a cautious approach: (1) clearly disclose the use of Al generation
in the acknowledgments or methods section, (2) ensure that prompts do not instruct
models to replicate specific copyrighted works, and (3) verify that generated images do
not inadvertently reproduce copyrighted elements. These precautions are consistent with
emerging publisher guidelines on Al use.
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A crucial caveat warrants explicit emphasis: the assessments in this study were
conducted by clinical and academic researchers, not by patients or caregivers. While expert
evaluation is appropriate for detecting factual inaccuracies, hallucinations, and omissions,
elements that are objectively verifiable against the source PLS, it is insufficient for gauging
whether a layperson can understand, recall, or act upon the visual information. Research
on health communication has consistently shown that expert judgments of material clarity
and patient comprehension frequently diverge. For instance, materials deemed “plain
language’ by experts may still exceed the reading comprehension levels of patients with
limited health literacy (Dowse, 2004). Similarly, visual elements that appear clear to a
trained professional may introduce unintended cognitive load or cultural misinterpretation
for a patient. Thus, while our findings establish that certain LLMs can generate technically
accurate and theoretically well-designed visuals, they do not establish that these visuals
are genuinely accessible to patients. We therefore position this work as an exploratory
prerequisite technical screen, one that must be followed by rigorous patient-centered
validation before any clinical or educational implementation. Additionally, recent studies
have pointed out communication and trust issues, along with privacy concerns amongst
patients with the use of Al in healthcare (Esmaeilzadeh et al., 2021).

4.3. Strengths, Limitations and Future Directions

This study has several strengths, including the use of a structured and validated
assessment tool, a randomized and concealed image allocation process, and multiple sen-
sitivity analyses that confirmed the robustness of the findings across different scoring
assumptions and clinical themes. Nevertheless, several limitations must be acknowledged.
First, the assessments were conducted by author researchers rather than by independent
researchers or patients or caregivers. Second, the study evaluated only three LLMs using a
single standardized prompt structure, and the results may differ with alternative phrasing,
iterative prompting, or newer model versions. Third, the cross-sectional design captured
performance at a single time point, whereas LLMs are continuously updated, potentially
altering their output characteristics over time. Fourth, the PLVSAT, while internally con-
sistent, has not undergone external, independent validation against established criteria,
patient comprehension measures, or other gold-standard instruments. It should therefore
be considered a preliminary research tool requiring further psychometric development and
validation before it can be recommended for routine use. The tool must undergo external
expert validation and input from patient/caregiver must be considered in the full validation
of the tool. Fifth, although we ensured that visually, the images did not have any identifiers,
we did not ensure the success of blinding by asking the reviewers to identify the source
of images. Sixth, because our assessment procedure employed consensus scoring rather
than independent ratings, traditional inter-rater reliability statistics could not be calculated.
However, for the purposes of this exploratory pilot study, we believe the consensus-based
approach, which leverages the complementary expertise of two assessors and resolves
disagreements through third-party adjudication, represents a methodologically defensible
balance between accuracy and feasibility. Seventh, our hallucination assessment was binary
(present/absent) rather than graded by clinical severity. We did not classify hallucinations
by their type (such as factual error, causality implication, omission, overstatement), clinical
context, or potential for patient harm. We recommend that future research move beyond
binary hallucination assessment to develop and validate a graded clinical risk assessment
framework that can distinguish between clinically inconsequential and potentially harmful
errors. Eighth, we acknowledge not assessing the accessibility of the generated images such
as color contrast, font size, suitability for color-blind users, screen-reader alternatives, and
cognitive load. Another limitation is specifically related to the communication of uncer-
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tainty, where our study did not conduct a dedicated analysis of whether generated images
preserve evidence certainty, uncertainty, and limitations. Future research should develop
and validate specific metrics for evaluating uncertainty communication in Al-generated
patient visuals. Finally, the study did not assess whether the generated images improved
patient understanding or clinical outcomes.

For clinicians, these findings suggest that while LLM-generated visual summaries
are technically feasible, model selection is critical. For researchers, future work should
focus on developing standardized benchmarks for Al-generated patient visuals, conducting
prospective trials comparing text-only versus text-plus-image PLS on patient comprehen-
sion and behavior, assessing whether potential differences exist amongst various contents
of Cochrane reviews and exploring prompt engineering strategies to reduce hallucinations
and improve visual clarity. Future work should also involve evaluating the images amongst
patients with varied health literacy levels. Moving forward, interdisciplinary collabora-
tion among Al developers, health literacy experts, clinicians, and patient advocates will
be essential to translate these technological capabilities into equitable, trustworthy, and
impactful patient communication tools.

5. Conclusions

This single-prompt exploratory pilot expert-rated study found substantial differences
among three LLMs in their ability to generate visual summaries from Cochrane PLS.
However, the results require confirmation using independent assessors, stronger validation
of the assessment tool, statistical models that account for the paired design, multiple prompt
strategies, and direct testing with patients and caregivers. For now, LLM-generated images
should complement, not replace, clinician guidance, and model selection must prioritize
reliability and safety. The findings reported here represent an initial technical validation, a
necessary but insufficient step, and should not be interpreted as evidence that these images
improve patient comprehension, recall, or clinical outcomes.
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