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MAIN POINTS

• Large language models, such as
ChatGPT, Gemini, and DeepSeek,
are increasingly used for patient ed-
ucation and health communication.

• The readability and reliability of AI-
generated medical information vary
widely across platforms.

• This study provides the first system-
atic comparison of these threemod-
els in the context of information on
painless labor.

• It identifies distinct strengths and
weaknesses: ChatGPT excels in
readability, Gemini excels in qual-
ity and reliability, and DeepSeek ex-
hibits variable performance.

• The findings emphasize the need
for verifiable references and
audience-specific optimization in
AI-based health communication.
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ABSTRACT

Aim: Painless labor is an important concern in obstetric care, with both medical and psychoso-
cial dimensions. With the increasing use of artificial intelligence (AI) in health communication,
evaluating the quality of content generated by large language models (LLMs) is essential. This
study aimed to compare AI-generated content on “painless labor” produced by three LLMs---
ChatGPT (Chat Generative Pre-trained Transformer), Gemini, and DeepSeek---in terms of read-
ability, reliability, content quality, and medical accuracy.
Materials and Methods: A total of 270 texts were generated using 30 frequently searched key-
words on three dates in May 2025 via the free versions of the three LLMs. Readability was
assessed with six validated indices. Reliability and quality were evaluated using the Modified
DISCERN tool, the JAMA (Journal of the American Medical Association) Benchmark Criteria, the
Ensuring Quality Information for Patients (EQIP)-36, and the Global Quality Score. The medical
accuracy of 90 texts was assessed by an obstetric anesthesia expert.
Results: ChatGPT texts were the most readable and were written at lower grade levels, but
scored lower in reliability and quality. Gemini ranked highest for both reliability and content
quality, although it produced more complex language. DeepSeek showed variable performance.
No significant differences were found in medical accuracy or content completeness. Gemini
also demonstrated the most consistent performance across all time points.
Conclusion: LLMs vary substantially in how they present medical content. ChatGPT achieved
higher readability scores, indicating simpler language structures, whereas Gemini demonstrated
higher reliability and content quality metrics. However, the absence of source citations across
all models raises concerns about the verifiability of content, highlighting the need for critical
oversight in healthcare applications.
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INTRODUCTION
Painless labor aims to enhance the childbirth experience
by reducing pain through pharmacological or non-
pharmacological methods [1]. Expectations and anxiety
during pregnancy influence delivery preferences, including
cesarean rates [2].
In recent years, patients increasingly search online for labor
analgesia options—such as epidural or spinal techniques—
prior to consulting healthcare professionals [3,4]. However,
online content varies significantly in readability and reliabil-

ity [5].

Artificial intelligence (AI)-based large language models
(LLMs), including ChatGPT (Chat Generative Pre-trained
Transformer), Gemini, and DeepSeek, have transformed
access to health information by providing conversational,
simplified answers to complex queries [6]. Despite their
growing use, the scientific accuracy, readability, and relia-
bility of AI-generated content remain largely unexamined
[7]. Especially for individuals with limited health literacy,
this raises concerns about misinformation and content
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quality [8].
Readability is a key parameter for digital health communica-
tion. Leading institutions recommend that patient materi-
als be understandable to readers with basic literacy [9]. Indi-
viduals with low health literacy often struggle with technical
texts, which may negatively affect decision-making [10]. In
this context, painless labor serves as an ideal topic for evaluat-
ing LLMs in terms of readability, reliability, quality, andmed-
ical accuracy. Unlike many general medical topics, painless la-
bor is a preference-sensitive and emotionally charged clinical
context where preconsultation information may directly in-
fluence patients’ attitudes and decision-making. Therefore,
evaluating AI-generated content in this domain addresses not
only informational quality but also potential clinical and psy-
chosocial implications.
ChatGPT, Gemini, and DeepSeek differ in architecture, data
sources, and citation capabilities [11–13]. These distinctions
justify a comparative analysis of their responses to a sensitive
and frequently searched medical topic. Beyond readability,
the reliability of content (e.g., source usage, authorship, cur-
rency) and its quality (relevance, objectivity) are critical for
evaluating health information [14]. This study aims to sys-
tematically evaluate texts generated by these LLMs on the
topic of painless labor across four domains: readability, reli-
ability, quality, and medical accuracy.

MATERIALS ANDMETHODS
Study design and ethical approval

This cross-sectional, comparative study was conducted in
May 2025 using experimental content analysis. No human
participants were involved, and only publicly accessible out-
puts fromAImodelswere used; thus, ethical approvalwas not
required.

Keyword selection and data collection

Browser history and cookies were cleared, and all queries were
performed in incognito mode to avoid personalization bias.
Google Trends was used to identify relevant keywords by
searching for the terms “epidural delivery,” “painless labor,”
and “painless delivery.” After filtering to remove irrelevant re-
sults, 30 keywords were selected.
Each keyword was submitted to three AImodels—ChatGPT
(GPT-3.5, OpenAI), Gemini (Gemini 1.5, Google Bard), and
DeepSeek (DeepSeek-V3)—on three dates: May 11, 18, and
25, 2025. All queries were conducted using new browser ses-
sions in incognito mode. All queries for each predefined date
were conducted in a single session within the same time win-
dow to minimize temporal variability. DeepSeek required ac-
count registration; therefore, a separate account was created.
In total, 270 response texts were collected (3 models × 3 dates
× 30 keywords).
Responses were saved in Microsoft Word 2016 after remov-
ing formatting elements, such as lists and bullet points. Full

dataset was archived at: https://archive.org/details/all_an-
swers_LLMs.

Readability analysis

Each response was uploaded to https://readabilityformu-
las.com, and analyzed using six readability indices: Auto-
mated Readability Index (ARI), Flesch Reading Ease Score
(FRES), Gunning Fog Index (GFO), Flesch–Kincaid Grade
Level (FKGL), Simple Measure of Gobbledygook (SMOG),
andFORCASTReadability Formula (FORCAST) (Table 1).
Word and sentence counts were also recorded. All texts were
analyzed by the same researcher using a standardized method
and were subsequently entered into the statistical dataset.

Reliability assessment

Two independent researchers evaluated the texts using two
validated tools. The Modified DISCERN tool (0–5 points)
assessed source credibility, balance, and clarity [15]. The
JAMA (Journal of the American Medical Association)
Benchmark Criteria (0–4 points) evaluated authorship, attri-
bution, update date, and information transparency [16]. In
the event of disagreement, a third researcher resolved any dis-
crepancies.

Quality assessment

Text qualitywas assessedusing theEnsuringQuality Informa-
tion forPatients (EQIP)-36 scale and theGlobalQuality Score
(GQS) [15]. EQIP-36 includes 36 binary items, and scores
were categorized as high (76–100%),moderate (51–75%), low
(26–50%), or poor (0–25%). GQS is a 1–5 scale reflecting
overall usefulness to patients. Discrepancies were resolved
through third-party consensus. Researchers used standard-
ized forms and reviewed the responses in different orders to
minimize bias.

Medical accuracy assessment

A random sample of 90 texts (30 per model) was selected us-
ing a Python-based algorithm. All identifying metadata were
removed, and evaluations were conducted blindly by a spe-
cialist in obstetric anesthesia. Each text was scored 1–10 for
scientific accuracy and 1–10 for content comprehensiveness,
following prior methodologies [17]. Obvious medical errors
and fabricated references were identified through qualitative
assessment.

Statistical analysis

Analyses were performed using IBM SPSS v25.0. Descrip-
tive statistics were reported asmean± standard deviation,me-
dian (minimum–maximum), and frequency (%). The distri-
bution of the data was assessed using the Shapiro–Wilk test.
Kruskal–Wallis tests were used for group comparisons, fol-
lowed by Bonferroni-correctedMann–WhitneyU tests when
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appropriate. Chi-square tests were applied to categorical vari-
ables. The Friedman test was used to assess variation in per-
formance across dates. A p-value < 0.05was considered statis-
tically significant, with adjustments formultiple comparisons
where necessary.

RESULTS
A total of 30 English keywords frequently associated with
“epidural delivery,” “painless labor,” and “painless delivery”
were identified using Google Trends. Repetitive or semanti-
cally overlapping terms were excluded, and the most contex-
tually relevant expressions were retained (Table 2).
Each keyword was queried using three AI models—
ChatGPT, Gemini, and DeepSeek—on three separate dates
(May 11, 18, and 25, 2025), resulting in a total of 270
response texts.

Comparison of readability indices

Significant differences were found for all readability indices,
word counts, and sentence counts across the three models
(all p<0.001) (Table 3). Gemini and DeepSeek had signifi-
cantly higherARI scores thanChatGPT(p<0.01). For FRES,
ChatGPT scored highest, followed by DeepSeek and Gemini
(p<0.05 to p<0.001). In GFI, Gemini had the highest scores;
there was no difference between ChatGPT and DeepSeek.
FKGL scores were ranked as follows: Gemini > ChatGPT >
DeepSeek (all p<0.001). Gemini also had the highest SMOG
scores, while DeepSeek had the highest FORCAST scores
(all p<0.001). Gemini produced significantly longer texts,
in terms of both word and sentence counts, than the other
twomodels. DeepSeek responses were also longer than Chat-
GPT’s in terms of sentence count (all adjusted p<0.05).
In grade-level classifications, Gemini’s content was consis-
tently grouped into higher difficulty levels by ARI, GFI,
FKGL, and SMOG (Figure 1). ChatGPT exhibited the low-
est difficulty levels across most indices. FORCAST scores in-
dicated thatDeepSeekhadhigher complexity thanbothGem-
ini and ChatGPT (p<0.01). Detailed pairwise comparisons
are provided in Supplementary Table 1.

Comparison of reliability and quality assessments

Significant differences between the three AI models were ob-
served across all four evaluation metrics (all p<0.001). Chat-
GPT had significantly lower Modified-DISCERN scores
than DeepSeek and Gemini, both of which showed simi-
lar reliability levels. In the JAMA Benchmark assessment,
DeepSeek ranked highest, followed by Gemini; ChatGPT
scored significantly lower than both. Gemini achieved the
highest EQIP quality scores, significantly outperforming
ChatGPT and DeepSeek. In GQS evaluations, both Gem-
ini and DeepSeek scored significantly higher than ChatGPT,
withnodifferencebetween them(Figure 2). Detailedpairwise
comparisons are provided in Supplementary Table 2.

Time-based analyses
Temporal analyses using the Friedman test revealed some
model-specific trends across the three data collection dates.
For ChatGPT, both word and sentence counts significantly
increased over time (p<0.01). ARI, FKGL, and SMOGscores
rose between May 11 and May 18, then slightly decreased on
May 25, indicating fluctuations in complexity. FRES scores
dipped on May 18 and rebounded on May 25, while FOR-
CAST scores gradually declined (p<0.01). No significant
changes were found in reliability or quality scores across the
three dates. In DeepSeek, only EQIP scores increased signif-
icantly over time (p<0.05), while other metrics remained sta-
ble. Gemini showedno significant changes in anymetric, indi-
cating consistent performance across all timepoints (Table 4).

Comparison of medical accuracy assessments
Median scores for both scientific accuracy and content com-
pleteness were similar across the three models, with no sta-
tistically significant differences (Table 5). All models demon-
strated comparable medical accuracy.

DISCUSSION
This study systematically compared the content generated
on the topic of “painless labor” by three popular large lan-
guagemodels (ChatGPT,Gemini, andDeepSeek) acrossmet-
rics of readability, reliability, quality, and medical accuracy.
The findings demonstrated statistically significant differences
among the models regarding readability, reliability, and qual-
ity. Beyond confirming previously reported performance pat-
terns of large language models, the present study extends the
existing literature by contextualizing these differences in pain-
less labor, a preference-sensitive, emotionally charged clinical
scenario. In addition, the time-based evaluation was designed
as an exploratory assessment of output stability, highlighting
consistency differences betweenmodels rather than serving as
a primary outcome measure.
In terms of readability, ChatGPT produced texts with lower
grade levels and greater ease of comprehension. In contrast,
Gemini and DeepSeek generated longer texts with higher
technical content, requiring more advanced reading levels.
Regarding reliability, ChatGPT received the lowest scores,
whereas DeepSeek and Gemini received higher scores. Re-
garding quality metrics, Gemini produced the most balanced
and structured content for patient information, whereas
DeepSeek showed competitive performance on certain qual-
ity criteria but occasionally yielded variable results in content
consistency.
In time-based analyses, the Gemini model was distinguished
byproducing consistent output, whereasChatGPTexhibited
a more variable performance; however, the observed fluctu-
ations were small in magnitude and are unlikely to be clini-
cally or practically significant. In assessments ofmedical accu-
racy, no significant differences were observed among the three
models; all produced similar scores for accuracy and content
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Table 1. Readability indices used in the study, their formulas, and conceptual descriptions.

Index Name Formula Description

ARI 4.71 × (characters/word) + 0.5 × Based on average character count and sentence length;
(Automated Readability Index) (words/sentence) -- 21.43 provides an approximate U.S. educational grade level.

FRES 206.835 -- 1.015 × Higher scores indicate easier readability
(Flesch Reading Ease Score) (words/sentence) -- 84.6 × (syllables/word) (range: 0--100).

GFO 0.4 × [(words/sentence) + % complex words] Estimates the number of years of
(Gunning Fog Index) education required to understand the text.

FKGL 0.39 × (words/sentence) + Indicates the educational grade level
(Flesch-Kincaid Grade Level) 11.8 × (syllables/word) -- 15.59 needed to comprehend the text.

SMOG 1.0430 × √(number of polysyllabic words × Recommended especially for health literacy;
(Simple Measure of Gobbledygook) (30/number of sentences)) + 3.1291 more reliable for texts exceeding 100 words.

FORCAST 20 -- (number of single-syllable words per 10 words) Focuses solely on word level, not sentence structure;
particularly suitable for documents other than prose text.

ComplexWord: A word consisting of three or more syllables. Grade Level: The educational level required to comprehend the text. For example, “8th grade level” means the
text can be understood by an 8th-grade student.

Table 2. List of the 30 most relevant English keywords associated with the terms “epidural delivery,” “painless labor,” and “painless delivery” according
to Google Trends data (2004--May 2025). (Source: Google Trends, https://trends.google.com).

Keywords

birth with epidural epidural for normal delivery painless delivery
birth without epidural epidural labor painless delivery cost
can contractions be painless epidural painless delivery painless delivery side effects
delivery pain epidural pregnancy painless labor
epidural anesthesia epidural side effects painless normal delivery
epidural birth labor analgesia painless pregnancy
epidural delivery labor pain what is epidural
epidural during labor labor with epidural what is epidural birth
epidural for birth painless birth what is epidural delivery
epidural for labor painless contractions what is painless delivery

Table 3. Comparison of readability indices, word count, and sentence count across artificial intelligence models.

Readability ChatGPT DeepSeek Gemini p * ChatGPT vs ChatGPT vs DeepSeek vs
Index (Median, (Min--Max)) (Median, (Min--Max)) (Median, (Min--Max)) DeepSeek p † Gemini p † Gemini p †

ARI 12.71 13.33 13.34 0.001 <0.001 0.002 0.674(8.24--17.19) (10.08--21.87) (10.67--16.93)

FRE 42.69 39.64 36.79 <0.001 <0.032 <0.001 0.005(27.85--60.67) (2.40--54.84) (19.16--52.02)

GFI 9.79 10.08 10.49 <0.001 <0.166 <0.001 0.001(6.62--14.91) (7.49--14.22) (8.48--12.99)

FKGL 11.70 10.23 12.52 <0.001 <0.001 <0.001 <0.001(7.85--16.01) (7.84--16.00) (9.96--15.78)

SMOG 13.02 11.12 13.51 <0.001 <0.001 <0.001 <0.001(8.69--16.18) (9.35--15.05) (11.57--16.26)

FORCAST 11.58 12.29 11.89 <0.001 <0.001 <0.001 <0.001(10.30--14.11) (10.77--14.13) (10.73--12.93)

Word Count 332.50 290.50 526.50 <0.001 0.069 <0.001 <0.001(82--775) (134--424) (159--1144)

Sentence Count 18.00 28.00 30.00 <0.001 <0.001 <0.001 0.004(2--55) (9--47) (7--57)
* Overall group comparisons were performed using the Kruskal–Wallis test. † For measures with significant differences, pairwise comparisons were conducted using the
Bonferroni-correctedMann–Whitney U test (significance level p < 0.0167). Abbreviations: ARI = Automated Readability Index; FRES = Flesch Reading Ease Score; GFI =
Gunning Fog Index; FKGL = Flesch-Kincaid Grade Level; SMOG = Simple Measure of Gobbledygook; FORCAST = FORCASTReadability Formula.

270 https://doi.org/10.5455/annalsmedres.2025.11.346

https://doi.org/10.5455/annalsmedres.2025.11.346


Dogan AR. et al. Original Article AnnMed Res 2026;33(6):267–276

Table 4. Comparison of temporal changes in readability, reliability, and quality metrics of artificial intelligence models (May 11--25, 2025).

Metric

ChatGPT DeepSeek Gemini

(Median (min-max)) (Median (min-max)) (Median (min-max))
11

.M
ay
.2
5

18
.M

ay
.2
5

25
.M

ay
.2
5

11
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ay
.2
5

18
.M

ay
.2
5

25
.M
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.2
5

11
.M
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.2
5

18
.M
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.2
5

25
.M

ay
.2
5

Word 210 315 385 278 284 267 520 528 523

Count (110--416) (115--517) (82--775) (162--420) (134--424) (154--404) (219--822) (159--1144) (164--796)

p * <0.01 0.611 0.909

Sentence 16 16 21 25 28 25 30 30 31

Count (2--28) (6--29) (4--55) (12--37) (9--43) (12--47) (12--48) (9--57) (7--50)

p * 0.003 0.57 0.995

ARI 11.42 13.77 12.65 14.09 13.67 14.23 13.65 13.74 13.15

Score (8.40--14.56) (10.23--17.19) (8.24--15.28) (10.08--19.77) (10.29--18.07) (11.53--21.87) (10.67--16.93) (11.46--16.18) (10.95--16.80)

p * <0.01 0.671 0.225

FRES 42.83 39.50 43.61 38.74 39.55 38.17 35.28 35.56 37.86

Score (28.26--55.58) (27.85--49.99) (34.61--60.67) (14.27--54.44) (13.05--54.84) (2.40--51.41) (19.16--52.02) (20.89--44.98) (20.81--49.51)

p * 0.024 0.86 0.266

Gunning 9.85 9.92 9.62 10.14 10.12 9.99 10.61 10.65 10.47

Fog Score (7.39--14.91) (6.62--11.47) (6.71--12.56) (7.68--13.37) (7.49--13.00) (7.89--14.22) (8.48--12.99) (8.78--12.62) (8.91--12.88)

p * 0.682 0.887 0.742

FKGL 10.74 12.76 11.77 10.71 10.42 10.66 12.71 12.75 12.30

Score (8.38--13.87) (10.21--16.01) (7.85--14.10) (7.84--14.60) (8.11--15.14) (8.36--16.00) (9.96--15.78) (11.16--15.32) (10.04--15.73)

p * <0.01 0.788 0.301

SMOG 11.81 13.71 13.10 11.51 11.27 11.25 13.64 13.74 13.45

Grade (8.69--15.90) (11.36--16.18) (9.97--15.32) (9.44--14.55) (9.35--14.39) (9.40--15.05) (11.57--15.56) (12.24--15.90) (11.94--16.26)

p * <0.01 0.656 0.49

FORCAST 11.85 11.46 11.38 12.31 12.25 12.29 11.99 11.87 11.81

Score (10.54--14.11) (10.30--12.24) (10.51--12.14) (11.26--14.13) (10.77--13.17) (11.45--13.87) (10.73--12.93) (11.08--12.69) (10.99--12.57)

p * 0.002 0.888 0.301

M-DISCERN
1.90 1.93 2.00 2.87 3.03 3.30 2.80 3.20 3.13

(1--3) (1--3) (1--3) (2--4) (2--4) (2--4) (2--4) (2--4) (2--4)

p * 0.898 0.126 0.12

JAMA
0.50 0.47 0.37 1.37 1.63 1.43 1.00 1.13 0.93

(0--1) (0--1) (0--1) (1--2) (1--2) (1--2) (0--2) (0--2) (0--2)

p * 0.566 0.1 0.604

EQIP (%)
53.7% 57.3% 54.4% 54.3% 58.6% 61.8% 63.4% 63.7% 63.4%

(30.6--75.0%) (33.3--77.8%) (33.3--77.8%) (33.3--69.4%) (33.3--80.6%) (38.9--77.8%) (47.2--83.3%) (47.2--86.1%) (44.4--83.3%)

p * 0.479 0.033 0.99

GQS
3.03 2.83 3.00 3.27 3.53 3.20 3.37 3.50 3.27

(2--4) (2--4) (2--4) (2--4) (2--4) (2--4) (2--4) (2--4) (2--4)

p * 0.583 0.125 0.378

* Friedman test. Abbreviations: ARI: Automated Readability Index; FRES: Flesch Reading Ease Score; GFI: Gunning Fog Index; FKGL: Flesch-Kincaid Grade Level; SMOG: Simple Measure of Gobbledygook; FORCAST:
FORCASTReadability Formula; M-DISCERN:Modified DISCERN; JAMA: Journal of the AmericanMedical Association ;EQIP: Ensuring Quality Information for Patients; GQS: Global Quality Score.

Table 5. Comparison of medical accuracy and content completeness metrics among artificial ıntelligence models.

Metric ChatGPT (Median, (Min--Max)) DeepSeek (Median, (Min-Max)) Gemini (Median, (Min--Max)) p *

Accuracy 8 (5-9) 8 (5-8) 8 (5-9) 0.765
Completeness 7 (5-8) 7 (5-7) 7 (5-8) 0.938
* Overall group comparisons were performed using the Kruskal–Wallis test.

completeness. Overall, the study highlighted notable differ-
ences among models in the technical sophistication, compre-
hensibility, reliability, and accuracy of their AI-generated con-
tent.

The ChatGPT model produced the simplest texts and at the
lowest grade levels in terms of readability, a finding consis-

tent with previous studies reporting that ChatGPT achieves
the highest readability scores in patient information materi-
als [18,19]. However, those studies also found ChatGPT in-
adequate in content comprehensiveness and guidance, noting
that its simplified language reduced the depth of information.
Similarly, in our study, although ChatGPT produced simpler
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Figure 1. Grade-level classifications of texts generated by ChatGPT, DeepSeek, and Gemini across readability indices (ARI, ARI Difficulty, ARI Age,
FRES, GFI, FKGL, SMOG, FORCAST). Bars represent the percentage distribution of responses in each grade-level category. Significant differences were
observed across models for all indices except certain ARI subcategories (Chi-suqare tests, p<0.01). Detailed pairwise comparisons are provided in
Supplementary Table 1.

Figure 2. Reliability and quality assessments of AI-generated texts across models. Stacked bar charts show the percentage distribution of scores
for M-DISCERN (top left), JAMA Benchmark Criteria (top right), EQIP-36 (bottom left), and Global Quality Score (GQS, bottom right) among ChatGPT,
DeepSeek, and Gemini. Significant differences were observed across all four evaluation metrics (Chi-square tests, p<0.001). Detailed pairwise
comparisons are provided in Supplementary Table 2.

texts, it scored significantly lower on reliability and quality
metrics. This reflects the challenge of balancing simplifica-
tionof informationdeliverywithpreservationof clinical value
in the content. Notably, despite these relative differences, the
absolute readability levels of outputs across all evaluatedmod-
els predominantly corresponded to college-grade reading lev-
els (FKGL and SMOG > 12), which remain well above the
recommended≤ 8th grade level for patient education materi-
als.

In our study, theGeminimodel achieved the highest scores on
reliability (JAMA, M-DISCERN) and quality (EQIP, GQS)
metrics. This aligns with previous studies emphasizing Gem-

ini’s capacity to produce patient-friendly and balanced con-
tent However, those studies also reported that Gemini tends
to produce higher Gunning Fog and SMOG scores, indicat-
ing that the texts are structurally more complex, which may
limit comprehensibility. Similarly, in our study, Gemini gen-
erated content at the highest grade levels, particularly accord-
ing to SMOG and FKGL indices, thereby reducing readabil-
ity. This discrepancy may stem from Gemini’s tendency to
produce more comprehensive, explanatory content, which
may be less accessible to individuals with limited health liter-
acy.

Findings related to the DeepSeek model revealed a more het-
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erogeneous profile, consistent with both the literature and
the internal analyses of our study. Previous studies have
reported that DeepSeek offers more technical content and
provides more frequent reference links but has been criti-
cized for higher hallucination rates and content inconsisten-
cies [20,21]. In our study, DeepSeek demonstrated moderate
performance in terms of readability but produced more vari-
able results in quality scores compared to bothChatGPT and
Gemini. Possible reasons include the model’s open-source
structure, incomplete optimization of its document-linking
capabilities, and lack of training specifically focused on struc-
tured health-related content.
In this study, the medical accuracy and completeness scores
of the three models were similar; however, the lack of source
citations by any of the models limited the verifiability of the
content. This finding aligns with previous reports indicat-
ing that although ChatGPT often demonstrates high con-
tent accuracy, it lacks transparency in referencing and occa-
sionally includes misleading information [22]. Similarly, ear-
lier studies have reported that while GPT-4 can maintain ac-
curacy and comprehensiveness even in simplified responses,
models like Bard tend to experience content loss during sim-
plification [19]. In our study, theGemini andDeepSeekmod-
els produced accuracy scores comparable to ChatGPT, but,
like ChatGPT, did not provide sources to support clinically
critical information. The absence of references poses a sig-
nificant risk to patient safety, as texts may appear accurate
but remain unverifiable. The findings underscore that large
language models still require careful oversight for generating
medical content and are not suitable as standalone tools for
clinical decision support. It should be noted that instruments
such as theModifiedDISCERN and JAMABenchmark Cri-
teria were originally developed to evaluate static, authored
health websites rather than conversational AI-generated out-
puts. Therefore, lower reliability scoresmay partly reflect lim-
itations in transparency and attribution inherent to current
general-purpose LLMs, rather than definitive deficits in the
factual correctness of the information provided.
Previous studies focusingonobstetric anesthesia have demon-
strated that large language models have significant potential
for patient education, although this potential varies substan-
tiallywith respect to content quality, source transparency, and
readability. In a study on epidural analgesia during labor,
ChatGPT was reported to perform well in terms of accuracy
(97.7%) and content quality; however, the textswere generally
written above the 11th-grade reading level [23]. This finding
aligns with our study, in which ChatGPT, despite achieving
high accuracy scores, offered only a relative advantage in read-
ability. Another study found that both ChatGPT and Gem-
ini provided similar accuracy rates (87–85%) when respond-
ing to frequently asked questions about childbirth; however,
the Gemini model was considered superior in terms of using
simpler language and delivering more actionable content [5].
In contrast, our study found that Gemini produced longer

and more complex texts while achieving the highest quality
scores. This difference may be attributable to the nature of
the questions used in our study, which were neither directly
instructive nor action-oriented, and to Gemini’s tendency to
offer more comprehensive explanations. In a comparative
study involvingAmerican Society of Anesthesiologists (ASA)
materials, Gemini outperformed ChatGPT in terms of ac-
curacy and comprehensiveness; however, both models were
found to producemore challenging texts in terms of readabil-
ity compared to ASA content [17]. Similarly, in our study,
the texts generated by Gemini and DeepSeek were classified
at significantly higher grade levels than those recommended
for health literacy. Another analysis focusing on pregnancy-
related questions showed that the Gemini model achieved a
higher rate of acceptable answers (83%) compared to Chat-
GPT (58%) and also demonstrated significantly fewer errors
in source citation [24]. However, in our study, none of the
evaluated models provided references, resulting in equivalent
limitations regarding verifiability. In a comparative analysis
focusing on obstetric pathologies, ChatGPT was found to
perform significantly better than Gemini in terms of under-
standability and actionability [25]. Conversely, in our study,
the Gemini model achieved the highest scores on the GQS
and EQIP metrics, while ChatGPT exhibited lower reliabil-
ity scores. This discrepancymay be due to the specific patient
scenarios and prompts used in different studies, which can di-
rectly influence the text structure and content strategies of the
models. Overall, consistent with findings from other studies
in the obstetric field, our study highlights that, while the tech-
nical accuracy of thesemodels is generally high, significant dif-
ferences exist among models in user-centered aspects such as
presentation style, readability, and content organization.
These findings from the literature largely align with the main
results of our study. However, previous research has often
focused on broader pregnancy-related topics rather than on
specific themes such as labor analgesia. The unique aspect
of our study lies in analyzing the content-generation perfor-
mance of AI models on the topic of painless labor—a sub-
ject with both medical and socio-cultural implications—and
in systematically revealing differences in performance through
a large dataset that also includes temporal consistency assess-
ments.
The model-based differences observed in this study are re-
lated not only to the content output but also to the structural
and functional parameters governing how this output is pro-
duced. The tendency of ChatGPT to generate texts that are
more readable but with lower reliability and content quality
likely stems from how the model balances its prioritization of
simplification against information density. Gemini’s propen-
sity to produce more technical, longer, and more instructive
content may be explained by the diversity of its training data
anddifferences in its source pool [26]. Athough theDeepSeek
model demonstrated performance similar to Gemini in terms
of readability in our study, it produced more variable and at
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times superficial responses regarding content coherence and
clarity of guidance. This may be attributable to the model’s
open-source nature, which allows continuous updates, but
which has not yet undergone sufficient structured evaluation
in the health domain [27]. Additionally, by structuring the
evaluation aroundmodel–time–text interactions, rather than
isolated outputs, this study adopted a multilayered analytical
approach that allowed for a more nuanced understanding of
model behavior within clinical communication contexts.

Moreover, the differences among models are related to the
prompt-processing strategies and response-generation archi-
tectures they employ. For example, the tendency of Chat-
GPT’s free versions to produce shorter and more summa-
rized content, due to token limits, may lead to informa-
tion gaps and superficial narratives [28]. Conversely, mod-
els like Gemini, which generate longer responses, may in-
crease information coverage but adversely affect readability
scores. Additionally, previous studies have shown that some
models are more prone to “hallucination” behavior, incor-
porating non-existent sources or unverified information [11].
Although these phenomena were not quantitatively assessed
in the present study, they represent well-documented con-
cerns in the literature that may influence the perceived re-
liability of AI-generated health information. Another fac-
tor explaining these differences lies in the scope and currency
of the datasets used during model training. Models such as
ChatGPT-3.5, trained only on data up to 2021, may present
certain contemporary medical practices incompletely or in-
accurately, whereas newer LLMs like Gemini, with access to
broader and more updated data pools, may offer enhanced
content coverage [26]. However, if this advantage is not ef-
fectively integrated into the model architecture, it can result
in texts that lack readability and user-friendliness.

The use of AI-generated texts in sensitive areas such as la-
bor analgesia depends not only on technical accuracy but also
on comprehensibility. Our study found that content lacking
high readability remains common, potentially hindering in-
formation access for individuals with low health literacy [10].
Information that is insufficiently understood can negatively
influence patients’ decisions, particularly in clinical areas such
as labor, where anxiety levels are high. While some mod-
els produce technically accurate yet complex content, poten-
tially complicatingpatient education, overly simplified, super-
ficial responses may create a false sense of confidence among
users. Both situations underscore that, beyond accuracy, the
manner in which information is presented is equally critical.
Previous studies have also highlighted that while online peer-
to-peer interactions can enhance access to information and
support, they may simultaneously carry risks when content
promotes harmful behaviors, underscoring the importance of
careful moderation and presentation of health information
[29].

Limitations

This study provides a systematic and multidimensional eval-
uation of large language models on the clinically and socially
significant topic of labor analgesia. However, certain limita-
tions should be acknowledged. First, all analyses were based
on the free versions of the models; therefore, the results may
not reflect the performance of premium versions, such as
GPT-4. Second, textual outputs in English were evaluated,
limiting generalizability to other languages and tomultimedia
capabilities. Third, the accuracy assessmentwas performedby
a single expert on a limited subset of responses, whichmay in-
troduce subjectivity and limit statistical generalizability. Al-
though the texts were randomly selected and assessed in a
blindedmanner, the absence ofmultiple independent evalua-
tors andof a standardized accuracy checklist limits findings on
medical accuracy. Accordingly, the accuracy results should be
interpreted as exploratory and hypothesis-generating rather
than definitive. Additionally, the study employed a relative
model-to-model comparison design and did not benchmark
against established gold-standard patient educationmaterials,
which limits the interpretation of their absolute adequacy for
clinical use. Furthermore, the use of single-turn, keyword-
basedprompts does not reflect the iterative and conversational
nature of real-world LLM use, potentially underrepresent-
ing the performance of models optimized for multi-turn di-
alogue. Lastly, evaluations did not include end-user perspec-
tives; how patients perceive and interpret the content remains
unknown.

CONCLUSION
This study demonstrates that large language models dif-
fer substantially in the informational content they gener-
ate about labor analgesia. While ChatGPT offers the high-
est readability and may therefore be more suitable for pa-
tient education, Gemini provides superior reliability and con-
tent quality, making it more appropriate for professional or
information-dense contexts. DeepSeek demonstrates variable
performance, indicating the need for further refinement.
Importantly, none of the models provided source citations,
a critical limitation that undermines verifiability and clinical
trust. Optimizing LLM outputs for target audiences and es-
tablishing mechanisms for transparent referencing will be es-
sential for their safe integration into healthcare communica-
tion. Future research should incorporate real patient perspec-
tives, premium model versions, and multilingual analyses to
better assess the practical implications of AI-generated medi-
cal information.
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