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Abstract

The rapid development of large language models (LLMs), including ChatGPT, Gemini,
and Copilot, has led to their increasing use in health communication and patient educa-
tion. However, their growing popularity raises important concerns about whether the lan-
guage they generate aligns with recommended readability standards and patient health
literacy levels. This review synthesizes evidence on the readability of medical information
generated by chatbots using established linguistic readability indices. A comprehensive
search of PubMed, Scopus, Web of Science, and Cochrane Library identified 4209 records,
from which 140 studies met the eligibility criteria. Across the included publications, 21
chatbots and 14 readability scales were examined, with the Flesch-Kincaid Grade Level
and Flesch Reading Ease being the most frequently applied metrics. The results demon-
strated substantial variability in readability across chatbot models; however, most texts
corresponded to a secondary or early tertiary reading level, exceeding the commonly rec-
ommended 8th-grade level for patient-facing materials. ChatGPT-4, Gemini, and Copilot
exhibited more consistent readability patterns, whereas ChatGPT-3.5 and Perplexity pro-
duced more linguistically complex content. Notably, DeepSeek-V3 and DeepSeek-R1 gen-
erated the most accessible responses. The findings suggest that, despite technological ad-
vances, Al-generated medical content remains insufficiently readable for general audi-
ences, posing a potential barrier to equitable health communication. These results under-
score the need for readability-aware Al design, standardized evaluation frameworks, and
future research integrating quantitative readability metrics with patient-level comprehen-
sion outcomes.

Keywords: medical chatbots; readability; health communication; large language models;
digital health; artificial intelligence; patient education

1. Background

In recent years, there has been a marked increase in research on the readability of
medical texts and educational materials intended for patients. Numerous studies have
demonstrated that the comprehensibility of health information is a key factor in deter-
mining the effectiveness of communication between healthcare professionals and patients
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[1-4]. A high level of linguistic complexity may limit patients” ability to interpret recom-
mendations, make informed health decisions, and adhere to prescribed therapies [5-7].

In the scientific literature, quantitative readability indices such as the Flesch Reading
Ease, Flesch-Kincaid Grade Level, Gunning Fog Index, Simple Measure of Gobbledygook,
Coleman-Liau Index, and Automated Readability Index are commonly used to objec-
tively assess the linguistic complexity of a text [8,9]. Numerous studies employing these
measures have shown that health-related materials directed toward patients often exceed
the recommended reading level, typically corresponding to primary or secondary educa-
tion, thereby reducing their comprehensibility and practical usefulness [10-13].

At the same time, with the rapid development of natural language processing (NLP)
technologies and the widespread adoption of large language models (LLMs) such as
ChatGPT, Gemini, and Copilot, a new line of research has emerged focusing on the read-
ability and comprehensibility of medical responses generated by chatbots [14-16]. Prelim-
inary analyses indicate that although Al-generated texts often demonstrate linguistic ac-
curacy and logical coherence, their readability and alignment with patients” health literacy
levels vary substantially [17-19]. In some cases, chatbots produce overly technical or spe-
cialized messages, which may limit their educational value and potentially lead to misin-
terpretation or incomplete understanding of health information [20,21].

The review was guided by the following research question: To what extent do chat-
bot-generated medical texts comply with recommended readability standards for patient-
facing health communication when evaluated using classical linguistic readability indi-
ces? This question focuses on publicly accessible chatbot outputs intended for patient ed-
ucation and health communication. In light of the growing body of research on chatbot
readability, this review further examines whether and how such systems generate re-
sponses to medical, preventive, or educational inquiries posed by health professionals.

Recent developments in generative Al have also reshaped the conceptual under-
standing of how language models interact with users’ health literacy needs. Earlier works
in health communication emphasized structural barriers, such as excessive medical termi-
nology, syntactic density, and low plain-language compliance, in printed materials [22—
25]. However, generative LLMs introduce new challenges related to style transfer, prompt
sensitivity, and the composition of training data [26-28]. Because these models are trained
on large biomedical corpora, scientific preprints, and clinician-oriented resources, they
tend to internalize formal and information-dense linguistic patterns. This training bias
partly explains why chatbot-generated texts remain difficult for lay audiences despite
their apparent fluency and coherence.

Furthermore, LLMs exhibit substantial variability in linguistic register depending on
prompting strategy, system parameters, and model architecture [29]. This variability
raises important methodological questions for evaluating Al-driven patient communica-
tion, including the reproducibility of readability scores, the impact of system updates, and
the degree to which model fine-tuning shapes the balance between comprehensiveness
and accessibility.

Together, these factors highlight the need to view readability not only as an attribute
of a finished text but as an emergent property of algorithmic systems that continuously
adapt during interaction. Understanding this dynamic context is essential for developing
robust evaluation frameworks and for designing future Al systems capable of aligning
linguistic complexity with patient literacy demands. In recent years, generative artificial
intelligence in healthcare has evolved from general-purpose large language models to-
ward domain-specific architectures designed for clinical and patient-facing applications.
In particular, retrieval-augmented generation (RAG) systems, which integrate language
models with external clinical knowledge bases, have become increasingly prominent in
healthcare settings. Recent reviews indicate that RAG-based approaches improve factual
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grounding, transparency, and domain reliability in patient education and clinical decision
support tasks compared to standalone LLMs [30-33].

In parallel, multimodal generative Al systems combining text with medical imaging,
laboratory data, and electronic health records are rapidly expanding across clinical do-
mains. These developments suggest that contemporary evaluations of chatbot-generated
medical texts should be interpreted within a broader ecosystem of healthcare-oriented
generative Al, in which readability interacts with knowledge grounding, modality inte-
gration, and clinical specialization. Achieving this objective will synthesize existing evi-
dence and inform the development of guidelines for designing and evaluating Al-based
tools for patient communication and health education.

2. Materials and Methods

Database searches were conducted between 1 July and 30 September 2025, covering
all records available up to the final search date. This study is designed as a comprehensive
literature review informed by PRISMA (PRISMA 2020 checklist: EQUATOR Network)
principles rather than a full PRISMA-compliant systematic review. PRISMA guidelines
were used as a framework to enhance transparency in study identification, screening, and
reporting; however, given the heterogeneity of study designs, chatbot models, prompts,
and readability metrics, several elements required for a formal systematic review-such as
quantitative synthesis and standardized risk-of-bias assessment, were not applicable [34].
A complete overview of the PRISMA checklist items and their implementation in this re-
view is provided in Table S1 in the Supplementary Materials. The review, therefore, aims
to provide a broad, structured synthesis of the current evidence rather than a statistically
pooled evaluation. Each database was selected for its relevance to clinical, social, and tech-
nical research. To address potential limitations in database coverage, the search strategy
was expanded to include studies that assessed text readability using established readabil-
ity indices and analyzed publicly accessible chatbots available to general internet users.

Four medical databases were systematically searched: PubMed, Cochrane Library,
Scopus, and Web of Science. The search strategy included the following keywords: chat-
bot [Title/Abstract] AND readability [Title/Abstract], chatbot [Title/Abstract] AND
Flesch-Kincaid Grade Level [Title/Abstract], chatbot [Title/Abstract] AND Flesch Reading
Ease [Title/Abstract], chatbot [Title/Abstract] AND Gunning Fog Index [Title/Abstract],
chatbot [Title/Abstract] AND Simple Measure of Gobbledygook [Title/Abstract], chatbot
[Title/Abstract] AND Coleman-Liau Index [Title/Abstract], and chatbot [Title/Abstract]
AND Automated Readability Index [Title/Abstract]. No additional filters or limits were
applied. A total of 4209 records were initially retrieved. After applying predefined inclu-
sion and exclusion criteria, including language, document type, and chatbot accessibility,
140 articles were included in the review [35-174]. Figure 1 presents the PRISMA flow di-
agram illustrating the process of study identification, screening, eligibility assessment,
and inclusion in the final review. Studies were included if they met the following criteria:
(1) peer-reviewed original research articles; (2) assessment of readability of chatbot-gen-
erated medical or health-related text using at least one established quantitative readability
index; (3) analysis of publicly accessible chatbot systems; and (4) focus on patient-facing
or health education content. Only English-language publications were included. Studies
were excluded if they evaluated proprietary or non-public chatbot systems, focused solely
on technical performance without readability assessment, or did not report quantitative
readability outcomes. Interrater agreement between the two independent reviewers was
assessed using Cohen’s kappa coefficient. Data extraction was performed independently
by two reviewers using a predefined extraction framework. Extracted variables included
chatbot model, medical domain, text type, readability indices applied, and reported out-
comes. Any discrepancies were resolved through structured discussion until consensus
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was reached; no third reviewer was involved. The obtained level of agreement was sub-
stantial (x = 0.78), indicating high consistency in the screening and eligibility assessments.

Database searching:
Pubmed — 968
Web of Science — 371
Scopus — 2830
Cochrane — 10
(n=4209)

l

Records after duplicates removed

(n=1303)

l

Fecords excluded through titles and
F.ecords screened abstract screening due to non-
(m=1303) relevant

l (= 568)

Articles were excluded if they did
not report any readability scales
—| or if they used proprietary, non—
publicly available chatbot models
(n=13593)

Full-text articles
assessed for eligibility
(n="733)

l

sStudies included 1n
quantitative svathesis

(n = 140)

Figure 1. PRISMA Flowchart for this Review.

In addition to classical database searching, methodological attention was given to
heterogeneity in prompt design, since prompting is increasingly recognized as a signifi-
cant determinant of model output structure, tone, and complexity. The included studies
displayed wide variation in whether prompts were phrased as open-ended questions,
clinically oriented scenarios, or direct instructions to simplify language. Because readabil-
ity scores are sensitive to such differences, prompt variability was treated as an important
contextual factor; however, insufficient reporting of prompt formulations in the source
studies precluded retrospective operationalization or stratified analysis. A meta-analysis
was not conducted due to substantial heterogeneity in study designs, chatbot models, and
readability outcomes, making quantitative pooling methodologically inappropriate.
Across all analyzed studies, 21 chatbots and 14 readability indices were used. For con-
sistency, chatbot nomenclature was standardized throughout the manuscript. Model
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names referring to the same underlying architecture were consolidated (e.g., GPT-4 and
GPT-40), and Google Bard was treated as Gemini in studies published after the official
rebranding.

Descriptive statistics were used to summarise the readability scores for each chatbot
and the readability index. For every chatbot-scale pair, the mean (M) and standard devi-
ation (SD) were calculated and reported as Mean + SD. Calculations were performed using
Python version 3.9 (Python Software Foundation, Wilmington, DE, USA). Although
prompt variability is increasingly recognized as a key determinant of LLM output struc-
ture and linguistic complexity, most studies included in this review addressed prompting
only descriptively. Few investigations systematically categorized prompts by intent,
framing, or explicit readability constraints, thereby limiting reproducibility and cross-
study comparability.

Future research would benefit from operationalizing prompt variability through
standardized prompt taxonomies, for example, by distinguishing informational, instruc-
tional, reassurance-oriented, and simplification-focused prompts. Such an approach
would enable clearer attribution of observed readability differences to model architecture
versus prompting strategy and support longitudinal comparisons across model updates.

A formal risk-of-bias or quality assessment was not conducted due to substantial het-
erogeneity in study designs, chatbot architectures, prompting strategies, medical do-
mains, and readability metrics. This heterogeneity also precluded quantitative synthesis
and meta-analysis, as pooling results across fundamentally different models and outcome
measures would not yield meaningful summary estimates. Instead, findings were synthe-
sized qualitatively through comparative analysis.

3. Results

The comparative analysis revealed notable variability in the readability of chatbot-
generated texts across models and readability indices. Overall, most chatbots produced
content that would require at least a secondary or early tertiary education level to be fully
comprehensible, suggesting that the linguistic complexity of current large language mod-
els (LLMs) remains relatively high for lay audiences. The review included studies pub-
lished between 2023 and 2025, encompassing the most recent phase of research on the
readability of Al-generated medical content and reflecting the rapid evolution of large
language models used in healthcare communication. Supplementary Table S2 provides
detailed characteristics of all included studies, including publication year, country, chat-
bot model, language of output, text type, readability indices used, and primary outcomes.

Most studies originated in the United States (1 = 60; 42.8% of all publications) and
Turkey (n=34; 24% of all publications). Table 1 presents the complete distribution of coun-
tries from which the studies were derived, whereas Figure 2 illustrates their geographical
dispersion on a world map.

Table 1. Geographical distribution of studies included in the review (n = 140).

Country Count
USA 60
Turkey 34
China 6
India 6
Australia 5
5
3
2

Canada
Germany

Italy
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Brazil

Denmark

Ireland

Belgium

Croatia
Egypt
Netherlands
Poland
Saudi Arabia
Singapore
South Korea
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United Kingdom
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Figure 2. Global distribution of the studies included in the review.

A total of 21 chatbots were used across the publications included in the review. The
most frequently used model was ChatGPT-4 (94 occurrences). The next most frequently
used chatbot was ChatGPT-3.5 (83 occurrences). Table 2 presents all chatbots used in the
publications included in the review.

Table 2. Chatbots analyzed across the included publications and their frequency of occurrence.

Chatbot Count
ChatGPT-4/GPT-40 94
ChatGPT-3.5 83
Google Bard/Gemini 52
Microsoft Copilot/Microsoft Copilot Pro/Bing Al 39
Perplexity Al/Perplexity Pro 26
Claude 2.0/Claude 3.5/Claude Sonnet 12
Meta Al Assistant 4
ChatSonic 1.0.2 3
DeepSeek-V3 2
DocsGPT 0.15.0—Changelog 2
DeepSeek-R1 2
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Open Evidence 2.0
ChatSpot Alpha
DeepSeek-R1
Ernie Bot 4.0
LLaMA 3.1
Llama 3.1 Large
MediSearch Version 1.5.10
Pi A11.0.53
Vello
Vello Pro

[N U U FUIGY (RIS (U (U (U (U U

The most frequently used readability measure across the analyzed publications was
the Flesch-Kincaid Grade Level (used 117 times), followed by the Flesch Reading Ease
Score (used 94 times). Table 3 presents all readability indices and the frequency of their
use across the included studies.

Table 3. Readability indices used in the included studies and frequency of their application.

Readability Scale Count
Flesch—Kincaid Grade Level 117
Flesch Reading Ease Score 95
Gunning Fog Index 41
Simple Measure of Gobbledygook 39
Coleman-Liau Index 22
Automated Readability Index 14
FORCAST 4
Dale—Chall Readability 3
Fry Readability Graph 2
Fry Readability Score 2
Lasbarhetsindex 2
Linsear Write 2
Raygor Readability Estimate 2
Lix Readability Index 1

The most frequently addressed topics in the chatbot queries were Patient Educa-
tion/Health Communication (18 occurrences), followed by Oncology/Cancer (15 occur-
rences) and Otolaryngology (13 occurrences). Figure 3 presents a tabular distribution of
all medical fields covered in the analyzed publications.

https://doi.org/10.3390/app16031423



Appl. Sci. 2026, 16, 1423 8 of 29

Speech & Language Pathology
Palliative [ Geriatrics
Rheumatology / Musculoskeletal
Public Health / Health Education
Maternal / Obstetrics [ Lactation
Dermatology
Anesthesiology f Pain Medicine
Meurclogy / Meurosurgery
General Medicine / Health Literacy
Gastroenterolozy / Hepatology
Emergency Medicine
Radioclogy [ Imaging
Ophthalmology
Cardiology / Rehabilitation
Dentistry / Oral Health 3
Urology / Sexual Health  me—————— 7
Surgery (General, Plastic, Reconstructive] m——
Orthopedics ( Sports Medicine e ———s— 10
Otolaryngology (ENT] s 13
Oncology fCancer I SSSSSSSS—— 15

Patient Education / Health Commiu niCatio e | 5

i1
T
PR3P B3R
[T eI
I
un

=]

2 4 [ B 10 12 14 16 18 20

Figure 3. Medical fields covered by chatbot readability studies, grouped by topic category.

Readability Patterns Across Medical Specialities

Distinct readability patterns emerged across different medical domains. Topics such
as oncology, cardiology, neurology, and orthopaedics exhibited consistently higher
grade-level scores across multiple chatbot models. These fields are characterized by dense
terminology, abstract pathophysiological concepts, and complex treatment algorithms, all
of which tend to increase syntactic complexity and average sentence length. In contrast,
domains such as patient education, public health, and maternal care yielded compara-
tively lower readability scores. These topics typically rely on more narrative, instruction-
based language that is easier for LLMs to simplify.

Notably, oncology-related responses demonstrated some of the highest complexity
values in the dataset. This may reflect both the inherent difficulty of the domain and
LLMs’ tendency to adopt cautious, legally conservative phrasing when discussing high-
risk clinical conditions. Similarly, cardiology questions frequently elicited long, multi-
clause sentences with numerous modifiers, suggesting that models may emphasize com-
pleteness over accessibility when addressing conditions perceived as clinically severe.

These speciality-level differences underscore the importance of contextualizing read-
ability within the content domain, as the same model can yield dramatically different lin-
guistic structures across clinical topics. Models producing lower grade-level estimates on
one scale tended to score similarly across the others, reinforcing the robustness of the ob-
served ranking patterns.

As shown in Table 4, readability scores vary significantly across chatbot models and
readability indices, with most results exceeding the recommended 8th-grade level for pa-
tient-facing materials. Among the most frequently analyzed models, ChatGPT-4, Google
Gemini, and Microsoft Copilot demonstrated the most balanced readability profiles. Their
texts generally fell within the “difficult” category of the Flesch Reading Ease scale and
corresponded to approximately college-level reading difficulty. These models showed
relatively low variation across scales, indicating a consistent language structure and stable
readability performance.

https://doi.org/10.3390/app16031423
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Table 4. Readability scores of medical texts generated by chatbots.

Flesch A Dale-
Chatbot Re:csl;n Flesch-Kincaid Gunning SMOG Coleman- Reagzorﬁ?tteclln Linsear C;ail FOR- Fry FryReada- Lesbar- LixReada- Raygor Es-
& Grade Level FogIndex Index Liau Index y Write CAST Graph bility Score hetsindex bility Index timate
Ease dex Score
37.55+ 13.85 = 1449+ 1294+ 1461+ 9.61 + 12.60+ 13.55+
ChatGPT-4 1776 810 360 974 01 11.67 £2.38 33 9.90 042 064 9.50+0.71 3649+3891 7200 13.80+0.28
35.16 + 15.45 + 1557+ 13.11+ 1543+ 1395+ 1025+ 1248+
ChatGPT-3.5 13.59 8.78 3.26 1.92 2.16 1406+ 1.62 1.81 0.35 0.12
Microsoft Co-  35.66 + 13.66 + 1457+ 13.64+ 1425 11.90 =
pilot 12.01 8.02 2.94 2.87 2.38 11.952.20 1.27 1030 1230
Google Gem-  39.61 + 13.14 + 1429+ 12.65+ 1333+ 11.71 + 11.21 +
ini 14.73 831 4.13 241 2.66 11232245 239 11.60 1.41
. 3131+ 19.62 = 1658+ 14.02+ 14.68+ 14.76 +
Perplexity 44 5y 13.51 263 240 207 H06EIE oy
28.38 + 11.97 +
Meta Al 183 179 11.60  12.40 19.10 13.50 13.80
40.11 + 11.22 +
Claude 2118 287 10.31 10.31
PiAI 16.30 15.90 20.00 11.90
53.35 + 8.45+
DeepSeek-V3 7,00 035 16.40 15.10
ChatSpot 23.10 15.00 18.20 11.30
DeepSeek 76.43 12.26 15.40
9.75+
DocsGPT 72.00 573 12.10
Hama 31 o5 19 24.10
Large
Llama 3.1 23.70 34.20
Ernie Bot 4.0 37.50 12.90
DeepSeek-R1 61.40 7.20
MediSearch 18.30
ChatSonic 21.65 +
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16.77
Open Evi- 17.09 +
dence 0.56
Vello 29.00
Vello Pro 17.40
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ChatGPT-3.5 and Perplexity, in contrast, generated content characterized by higher
linguistic complexity, with longer sentences and more specialized vocabulary. Both mod-
els consistently scored higher on grade-level indices, implying that the information they
produced would be challenging for audiences with average health literacy. Within the
GPT family, the transition from version 3.5 to 4 was accompanied by a measurable im-
provement in readability, suggesting refinements in language coherence and sentence
simplification in the newer model.

Models such as Claude and Meta Al showed intermediate readability, with scores
fluctuating between moderate and strenuous across the scales. This variability likely re-
flects the heterogeneity of available prompts and text domains used in the analyzed stud-
ies.

DeepSeek-V3 and DeepSeek-R1 were the only models to produce outputs classified
as readable or moderately easy, with text difficulty levels approximating those recom-
mended for patient information materials. Their consistently lower grade-level scores
suggest that these models may prioritize shorter sentences and simpler word choice, mak-
ing them more accessible to a general audience.

Smaller or domain-specific chatbots, such as DocsGPT, PiAl, ChatSpot, Vello, and
Open Evidence, were represented in fewer studies and across fewer readability indices.
While their readability estimates varied widely, these systems tended to exhibit higher
linguistic variability and less consistent results, likely due to narrower training data and
differing use cases.

Chatbots that achieved higher grade-level scores on indices such as the Flesch-Kin-
caid Grade Level, Gunning Fog, or Linsear Write generally exhibited lower values on the
Flesch Reading Ease scale. This alignment indicates that the indices captured similar di-
mensions of linguistic complexity, providing a coherent overall picture of relative reada-
bility across chatbot-generated texts. Figure 4 presents a heatmap demonstrating the com-
parative distribution of 14 readability metrics across 21 Al chatbots. Missing data reflects
incomplete reporting in source studies. Darker colours indicate lower values, while yel-
low-green shades indicate higher values.

Lower values on grade-level indices (e.g., Flesch-Kincaid Grade Level, Gunning Fog
Index) indicate greater readability. In contrast, higher values on the Flesch Reading Ease
scale correspond to easier-to-read text. Scale directionality is explicitly indicated to facili-
tate interpretation by readers unfamiliar with readability metrics.

We also summarized the citation impact of all included publications. Figure 5 pre-
sents the 20 most cited articles in the dataset, while the complete citation ranking of all
140 studies is provided in the Supplementary Materials Table S3.

https://doi.org/10.3390/app16031423
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Figure 4. Comparative Heatmap of 14 Readability Metrics Across 21 Al Chatbots.

180

150 153

140

117
120 108
100
80
60 8 a8

B 38 37

a0 #3533 33 3y o
i IIIIIIIIIIIIIII
0

(- ] = - (] (- ] -4 -4

& & L LA L i N

. ""? v W
VA P s g g VAL o P o
BT A A B AT AT AP A DT P A P AP A Ll
S a R «.ﬁ} R T - - S )
THFTF T F & & T g AT @ @@
R & N & &

Figure 5. Top 20 Most Cited Publications Included in the Review.
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4. Discussion

This review provides a comprehensive synthesis of existing studies assessing the
readability of chatbot-generated medical texts using classical linguistic indices. In this re-
view, readability is treated as a patient-facing communication dimension of Al-generated
medical content, evaluated under the assumption of baseline informational correctness
and considered complementary to, rather than a replacement for, accuracy and clinical
validity assessments [175-177]. Readability should not be viewed as a purely linguistic
attribute, as excessive textual complexity in healthcare contexts may directly compromise
patient safety, healthcare reliability, and decision-making accuracy. Al-generated medical
information that is difficult to read may increase the risk of misinterpreting treatment in-
structions, overlooking contraindications, or misunderstanding probabilistic risk infor-
mation [178].

Significantly, readability interacts with known failure modes of generative Al sys-
tems, including hallucinations, overgeneralization, and omission of uncertainty markers.
Linguistically dense or overly formal responses may obscure hedging statements and lim-
itations, potentially fostering unwarranted trust in incorrect or incomplete information
[179]. From this perspective, readability constitutes a core dimension of responsible Al
deployment in healthcare, alongside accuracy, transparency, and domain alignment.

Recent domain-specific reviews further reinforce the importance of contextual
grounding and clinical specialization in generative Al for healthcare. A comprehensive
review of retrieval-augmented generation in healthcare suggests that grounding model
outputs in curated clinical sources not only improves factual accuracy but may also con-
strain response scope, thereby indirectly enhancing communicative clarity [180-182]. Sim-
ilarly, longitudinal analyses of generative Al applications in health care illustrate how do-
main-specific fine-tuning and guideline integration shape both informational quality and
accessibility [183,184]. These findings suggest that readability assessments should explic-
itly account for whether standalone LLMs or augmented architectures generate chatbot
responses, as this distinction may systematically influence linguistic complexity and clin-
ical appropriateness.

While a growing number of publications have explored factual accuracy, empathy,
or the reliability of Al-driven health information, the fundamental issue of linguistic ac-
cessibility has remained largely underexamined. By consolidating findings from 140 stud-
ies across 21 chatbot models, this review provides a comprehensive overview of the read-
ability of chatbot-generated medical texts using classical linguistic indices.

Earlier research on online health communication—long before the advent of genera-
tive AI—consistently showed that most patient education materials were written at a level
too advanced for the general population, typically above the 8th-grade level recom-
mended by the American Medical Association and the U.S. Department of Health and
Human Services [185,186]. Studies on web-based patient portals and hospital websites
confirmed similar patterns, revealing that even materials intended for public education
often demand college-level literacy.

Recent studies investigating chatbot-generated content, though limited in number
and scope, have echoed these concerns. For example, it was reported that ChatGPT and
Bard produced health information with Flesch-Kincaid Grade Levels of 12-14, substan-
tially above recommended thresholds [187,188]. Similarly, another study found that
ChatGPT’s answers regarding cardiovascular health were syntactically correct but lexi-
cally dense, often employing specialized terminology [189-192]. The present review con-
firms and extends these observations by aggregating evidence across multiple models and
domains, demonstrating that the issue of excessive linguistic complexity is systemic rather
than model-specific.

https://doi.org/10.3390/app16031423
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However, some studies have suggested that newer model iterations, such as GPT-4,
tend to produce slightly simpler, more structured responses than earlier versions, such as
GPT-3.5[193,194]. This review provides converging evidence for this trend, indicating in-
cremental but insufficient progress toward readability improvement. These findings col-
lectively suggest that advances in model architecture alone do not guarantee improved
accessibility for end users without deliberate optimization for readability.

This variability is not merely linguistic but reflects system-level technical choices that
shape the generated text. Readability in LLM-generated medical text should therefore be
interpreted as a downstream outcome shaped by these design decisions rather than as an
inherent property of a model label. Variation in readability across studies may reflect dif-
ferences in decoding strategies (e.g., temperature, sampling constraints, output length
limits), prompt and instruction design (e.g., explicit simplification constraints, disclaimer
requirements), and alignment objectives [195]. In particular, safety-optimized alignment
procedures (including RLHF) can promote conservative phrasing, hedging, and extensive
disclaimers, which may increase sentence length and syntactic complexity. Conversely,
instruction tuning that prioritizes clarity and user comprehension may yield more concise,
accessible outputs. Retrieval-augmented generation further complicates interpretation:
while retrieval can improve factual grounding, it may also introduce domain-specific ter-
minology and longer guideline-like responses that inflate grade-level estimates [196].
These mechanisms imply that readability comparisons between chatbots are not causally
interpretable without standardized reporting of technical parameters and interaction set-
tings.

To enable technically meaningful interpretation and cross-study comparability, fu-
ture readability evaluations should routinely report a minimal set of system-level indica-
tors: (i) model identifier, version, and date of access; (ii) complete prompt templates and
instruction constraints (including system prompts where available); (iii) decoding param-
eters and output-length settings; (iv) retrieval/tool-use configuration (if applicable); (v)
interaction design (single-turn vs. multi-turn, context length, memory settings); and (vi)
post-processing or safety filtering applied to responses [197-200]. The limited reporting
of such parameters in most of the existing literature constitutes a significant methodolog-
ical barrier to linking readability outcomes to specific LLM techniques and to establishing
reproducible benchmarks [201].

The observed variability in readability across models likely stems from architectural
and training differences. GPT-3.5 and Perplexity frequently produced longer and more
syntactically intricate sentences, consistent with their tendency to generate verbose, de-
tail-heavy responses. GPT-4 and Gemini, although more consistent, still align with formal
scientific prose because their training corpora heavily represent academic texts. In con-
trast, DeepSeek-V3 and DeepSeek-R1-models intentionally optimized for brevity —gener-
ated significantly shorter sentences and simpler vocabulary. This suggests that model
alignment strategies and fine-tuning objectives play a decisive role in shaping linguistic
accessibility.

It should also be acknowledged that many chatbots evaluated in the included studies
may rely on shared large language model backends, common APIs, or similar corporate
infrastructures, despite being presented as distinct systems. Consequently, observed dif-
ferences in readability across chatbot labels may reflect variations in prompting strategies,
interface design, or response formatting rather than fundamental differences in underly-
ing model technologies [202,203].

An additional factor is the influence of reinforcement learning from human feedback
(RLHF), which may inadvertently increase linguistic complexity by promoting cautious,
formal, and legally conservative phrasing. Systems optimized primarily for safety or fac-
tual correctness may therefore produce verbose outputs (e.g., hedging or extensive
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disclaimers), whereas models fine-tuned with objectives emphasizing instructional clarity
tend to generate more patient-friendly text. These findings support the need for fine-tun-
ing pipelines that explicitly include readability as a core performance metric [204]. The
persistence of high reading difficulty in chatbot-generated health communication under-
scores a broader challenge: technological sophistication does not automatically translate
into information that patients can understand.

To address this, future chatbot design should incorporate mechanisms to monitor
and adapt readability, including real-time complexity assessment and model optimization
strategies that prioritize clarity over verbosity. Moreover, interdisciplinary collaboration
between computer scientists, linguists, and health communication experts will be essen-
tial to ensure that Al systems are optimized not only for accuracy but also for comprehen-
sion and inclusivity.

Traditional readability metrics, while valuable, measure only the surface structure of
text, such as sentence length, syllable count, and syntactic density. They do not capture
semantic transparency, contextual coherence, or pragmatic appropriateness, all of which
shape actual understanding. Several recent works have emphasized that comprehension
depends on both linguistic and cognitive accessibility, including familiarity with medical
terminology and the perceived credibility of the source [204-207].

Several high-impact studies within the dataset provide significant insights into how
LLMs handle medical communication. For example, studies evaluating oncology- and
cardiology-related materials demonstrated that even state-of-the-art models struggled to
reach recommended reading levels, often producing content equivalent to college-level
difficulty [208]. Research on low back pain, cataract surgery, and thyroid disorders found
that although LLMs offer coherent, structurally organized explanations, they often intro-
duce specialized terminology without simplifying or contextualizing it for lay readers
[209-214]. Notably, several investigations comparing Al-generated content with expert-
written materials revealed that Al models can surpass clinicians in structural clarity but
still fall short in accessibility. This finding reinforces the duality between linguistic fluency
and accurate readability [215-218].

These landmark studies collectively suggest that readability challenges are systemic
across models and domains rather than isolated incidents. Their conclusions emphasize
the need for computational approaches that extend beyond classical metrics toward more
holistic, patient-centred evaluation frameworks. The geographic concentration of reada-
bility research in English-speaking or high-income countries limits the generalizability of
findings. Chatbots operating in languages with complex morphology (e.g., Polish, Turk-
ish, or Korean) may exhibit different readability patterns due to linguistic structure and
translation effects. Expanding this line of inquiry to multilingual and multicultural con-
texts is therefore crucial to understanding global variations and equity implications. At
the policy level, the findings highlight the need for evidence-based standards for Al-gen-
erated health communication, analogous to readability guidelines for printed materials.
Institutions such as the WHO or national health agencies could issue frameworks defining
acceptable linguistic thresholds for Al-based public health tools, ensuring that emerging
technologies align with accessibility principles.

Given the multiple factors influencing chatbot-generated responses, including model
architecture, prompting strategies, knowledge base design, and regional context, the sta-
tistical results summarized in this review should be interpreted descriptively rather than
causally. Their reliability lies in the consistency of observed readability patterns across
multiple studies and indices, not in precise attribution to specific technological compo-
nents.
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5. Future Directions
5.1. Dynamic, Readability-Aware Text Generation

Future LLMs should incorporate real-time control mechanisms that allow users or
healthcare providers to specify a target readability range (e.g., FKGL 6-8). Such systems
could include built-in constraints on sentence length, lexical complexity, and structural
density, enabling models to adapt dynamically to each patient’s literacy level. Integrating
these features into user-facing interfaces would substantially improve the accessibility of
Al-driven health communication.

5.2. Beyond Surface Metrics: Hybrid Readability Models

Classical readability indices capture syntactic and lexical features but fail to assess
semantic transparency or conceptual load. Combining traditional metrics with embed-
ding-based semantic measures, such as contextual coherence or terminology familiarity,
would create more comprehensive tools for evaluating patient comprehension. Future re-
search should explore hybrid frameworks that combine rule-based and machine-learning
indicators to capture the multifactorial nature of readability.

5.3. Cross-Linguistic and Cross-Cultural Readability Evaluation

Most studies included in this review focused on English-language outputs, limiting
the generalizability of findings. Languages with complex morphology, such as Polish,
Turkish, Korean, or Finnish, may exhibit different readability patterns due to inflectional
structure and word length. Expanding research to multilingual contexts is crucial for en-
suring equitable access to Al-generated health information and for identifying cultural
and linguistic factors that modulate readability.

5.4. User-Based Comprehension Studies

A critical next step involves shifting from purely text-based metrics to patient-cen-
tred comprehension research. Randomized controlled studies assessing users’ under-
standing, recall, and decision-making accuracy after reading Al-generated texts would
provide more actionable insights into real-world usability. Combining these behavioural
outcomes with readability indices would help validate whether improvements in linguis-
tic complexity translate into meaningful gains in patient comprehension.

An additional limitation of the current literature concerns the limited stratification of
readability outcomes by use-case category. Chatbot-generated medical texts serve heter-
ogeneous functions, including general health education, preventive counselling, disease-
specific self-management, and post-discharge instructions. These use cases differ substan-
tially in their tolerance for ambiguity, acceptable linguistic complexity, and clinical risk.

Aggregating readability scores across heterogeneous use cases may therefore obscure
clinically meaningful differences and limit interpretability. Future evaluations should
classify chatbot outputs into functional use-case categories to better align readability as-
sessments with real-world healthcare applications.

6. Limitations and Strengths

Several limitations should be acknowledged. First, the review was restricted to stud-
ies that reported quantitative readability metrics and analyzed publicly available chatbot
models. As a result, it may have excluded unpublished or domain-specific evaluations,
particularly those conducted within clinical settings or using proprietary systems. Second,
the included studies varied in methodology, prompt design, and thematic focus, limiting
direct comparability and precluding meta-analytic synthesis. Some discrepancies in read-
ability scores may therefore reflect differences in prompt structure rather than actual

https://doi.org/10.3390/app16031423



Appl. Sci. 2026, 16, 1423

17 of 29

model variation. Third, the findings should be interpreted with the understanding that
classical readability indices capture surface linguistic features rather than semantic or cog-
nitive comprehension. Fourth, the geographical and linguistic concentration of existing
research (predominantly in English and in high-income countries) limits the generaliza-
bility of conclusions to other languages and health systems.

First, it is the first synthesis of studies assessing the readability of chatbot-generated
medical texts across a wide range of models, indices, and medical domains. By including
140 publications and systematically analyzing 21 chatbots and 14 readability measures,
the review offers a broad overview of how Al communicates health information to lay
audiences. Second, the inclusion of multiple readability indices and cross-model compar-
isons enhances methodological robustness and interpretive depth. The convergence of
findings across different indices (e.g., Flesch-Kincaid, SMOG, and Gunning Fog) strength-
ens the validity of observed trends and supports the reliability of the overall conclusions.
Third, the study offers a clear conceptual framework for future investigations by linking
linguistic readability with broader issues of health literacy, digital equity, and responsible
Al design. This interdisciplinary perspective situates the findings not only within compu-
tational linguistics but also within public health and communication research, making the
results relevant for both technical and health policy audiences.

7. Conclusions

This review is, to our knowledge, among the first to systematically synthesise evi-
dence on the readability of chatbot-generated medical content. Despite advances in Al
language models, most outputs remain too complex for typical patient audiences, high-
lighting a persistent communication gap. Readability should therefore be treated as a key
quality criterion in the design and evaluation of health chatbots. Our findings highlight
an emerging risk that general-purpose Al models may unintentionally widen the health
communication gap unless readability-aware safety controls become standard in clinical
and public-facing Al systems. Based on the reviewed evidence, future evaluations of Al-
generated medical content should routinely report a minimum core set of readability in-
dices and explicitly document the prompting strategies used. In addition, implementation
of generative Al tools in healthcare should incorporate readability assessment and user
testing as standard components of validation. At the policy level, public health agencies
may consider developing guidelines and standards for readability in Al-generated patient
communication. Future work should integrate standardized readability assessment with
user-based comprehension testing as a routine component of evaluating Al-generated pa-
tient communication.
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