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Abstract

Background: The utility of large language models (LLMs) in recurrent pregnancy loss (RPL) consultation and patient education has not
yet been systematically investigated. This study evaluated the performance of 3 LLMs (GPT-4, Claude 3 Sonnet, and Gemini Pro) in the
field of RPL by assessing accuracy, comprehensiveness, and readability. Methods: Two experienced obstetricians and gynecologists
developed medical questions based on the 2022 guidelines of the European Society of Human Reproduction and Embryology (ESHRE).
The questionnaire included multiple formats, including choice questions (single-answer and multiple-answer) and short-answer questions.
Short-answer questions were further categorized as common questions or clinical cases based on the question type, and as prevention,
diagnosis, or treatment based on the content. Subsequently, the LLMs-generated answers were graded for accuracy, comprehensive-
ness, and readability. Choice questions were evaluated for accuracy only, whereas short-answer questions were evaluated for accuracy,
comprehensiveness, and readability. Accuracy and comprehensiveness were evaluated using a 5-point Likert scale. Readability was
evaluated using the Flesch Reading Ease (FRE) score and the Flesch—Kincaid Grade Level (FKGL). Results: Responses to 47 ques-
tions generated by LLMs showed that the best-performing model, Claude 3 Sonnet, achieved higher scores in short-answer questions for
both accuracy (median score 5.00 [interquartile range (IQR), 4.00-5.00]) and comprehensiveness (median score 5.00 [IQR, 4.13-5.00]).
No differences were observed between LLMs in accuracy scores for all choice questions, including single-choice and multiple-choice
questions (p > 0.05). Regarding readability, the FRE and FKGL scores indicated difficult readability, ranging from college-level to
professional-level reading skill. For single LLM, the median accuracy scores did not differ significantly across question types. After
targeted, grounded prompting based on specific categories (prevention, diagnosis, and treatment), the accuracy scores of all 3 LLMs
were improved (GPT-4, median score 4.00 [IQR, 3.00-5.00] vs. 5.00 [IQR, 5.00-5.00], p < 0.001; Claude 3 Sonnet, median score 5.00
[IQR, 4.00-5.00] vs. 5.00 [IQR, 5.00-5.00], p = 0.001; Gemini Pro, median score 3.50 [IQR, 2.00-5.00] vs. 5.00 [IQR, 5.00-5.00],
p <0.001). The comprehensiveness scores for GPT-4 improved significantly after grounded prompting, whereas Claude 3 Sonnet and
Gemini Pro performed worse than baseline, although these differences were not statistically significant. Conclusions: Within the field
of RPL consultation, Claude 3 Sonnet outperformed GPT-4 and Gemini Pro in terms of accuracy and comprehensiveness of short-answer
questions. After targeted, grounded prompting across specific categories (prevention, diagnosis, and treatment), the accuracy scores of
all 3 LLMs improved. These findings suggest the potential of LLMs as an important supplementary tool for the current medical system
in the field of RPL, supporting improvements in patient management.
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1. Introduction

Recurrent pregnancy loss (RPL) is a serious preg-
nancy disorder affecting approximately 1-5% of women at-
tempting to conceive [1] and is defined as the loss of two
or more clinically recognized pregnancies [2]. Previous
studies have found that RPL profoundly affects the quality
of life of women and their partners and is associated with
an increased risk of adverse obstetric outcomes, metabolic
syndrome, and psychological disorders such as anxiety and
depression in women [3,4]. Therefore, improving the diag-

nosis, treatment strategies, and preventive management of
RPL in couples is essential and holds important clinical and
social significance.

Large language models (LLMs) are artificial intelli-
gence (Al) models trained on large-scale datasets to gen-
erate natural language text applicable to a wide range of
fields [5]. Among them, GPT is the most widely used
and has demonstrated strong performance in the medical
field, with broad application prospects in clinical decision-
making (i.e., risk assessment, diagnosis, treatment selec-
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tion), patient engagement (i.e., medical reminders, lifestyle
advice), and public health [6,7], contributing to a reduced
workload for medical professionals, increased efficiency,
and lower costs [8]. While these findings highlight the po-
tential of LLMs as valuable supplementary tools in clini-
cal settings, their accuracy varies considerably across med-
ical domains. This variability underscores the critical im-
portance of model selection, prompt design, and domain-
specific evaluation in optimizing the quality of clinical con-
sultation [9,10].

Recently, the potential application of LLMs has at-
tracted considerable attention in the field of obstetrics and
gynecology (OBGYN). The study by Griinebaum A et al.
[11] demonstrated that LLMs can provide valuable prelim-
inary information across a wide range of topics in OBGYN.
Li SW et al. [12] also reported that an LLM outperformed
human candidates in an objective structured clinical exam-
ination in OBGYN, demonstrating accurate responses to
complex and evolving clinical scenarios based on unfamil-
iar settings within a very short time frame. However, re-
search involving LLMs in OBGYN remains limited, indi-
cating a significant research gap compared with other med-
ical disciplines [13].

To date, in the field of RPL, which causes significant
distress to patients, the performance of LLMs for consulta-
tion and education remains unexplored and requires evalu-
ation. To the best of our knowledge, this is the first study to
evaluate and compare the performance of 3 LLMs (GPT-4,
Claude 3 Sonnet, and Gemini Pro) in RPL, aiming to iden-
tify their strengths and limitations and to provide a reference
for their potential clinical application in RPL.

The significance of this study lies in: (1) systemati-
cally evaluating the potential application of LLMs in RPL
and providing directions for future research; (2) explor-
ing the feasibility of using LLMs as clinical decision sup-
port tools and providing new perspectives for precision
medicine in RPL; and (3) promoting the interdisciplinary
integration of Al and OBGYN, advancing the development
of intelligent healthcare.

2. Materials and Methods

This cross-sectional study followed the Strengthening
the Reporting of Observational Studies in Epidemiology
(STROBE) reporting guideline.

2.1 Data Source and Question Design

Questions were designed in accordance with the 2022
guidelines of the European Society of Human Reproduction
and Embryology (ESHRE) on RPL. These evidence-based
guidelines provide recommendations on the definition, epi-
demiology, etiology, diagnosis, treatment, and prognosis
of RPL. In this study, we focused on guideline-based rec-
ommendations for RPL risk factor assessment, diagnos-
tic investigation, and treatment management. Two types
of questions were designed: choice questions (including

single-answer and multiple choice) and short-answer ques-
tions (categorized as common questions and clinical cases
based on the question type; and as prevention, diagnosis,
and treatment based on the content), covering a range of
difficulty from basic concepts to clinical decision-making.
Questions were extracted and structured by two experi-
enced obstetricians and gynecologists into a standardized
format to facilitate processing by LLMs. Two rounds of
Delphi surveys were then conducted to revise and refine the
initial question set. All questions and LLM responses are
shown in Table 1 and Supplementary Materials-Appendix.

2.2 LLMs Selection and Grouping

We deliberately selected 3 general-purpose LLMs
GPT-4 (OpenAl, accessed May 2024), Claude 3 Sonnet
(Anthropic, accessed May 2024), and Gemini Pro (Google,
accessed May 2024) rather than medical-specific models
for the following reasons: (1) these tools are the most ac-
cessible for patients and healthcare providers seeking RPL
information; (2) we aimed to evaluate real-world perfor-
mance as experienced by non-specialist users and general
practitioners; and (3) this approach establishes baseline per-
formance for comparison with future medical-specific mod-
els. The experiment was divided into three groups:

(1) Single-LLM comparisons: The application of RPL
knowledge across different domains was investigated sepa-
rately for each of the 3 pre-trained LLMs, aiming to reflect
their basic performance in the RPL field.

(2) Multi-LLM comparisons: GPT-4, Claude 3 Son-
net, and Gemini Pro were evaluated and compared for accu-
racy, comprehensiveness, and readability, aiming to iden-
tify the most suitable LLM for RPL clinical consultation
before Al-grounded prompting.

(3) Pre- and post-grounded prompting of a single
LLM: Structured excerpts from the three chapters (risk fac-
tors, diagnosis, and treatment) of the 2022 ESHRE guide-
line were inserted into the prompt as contextual input prior
to each query, without modifying model parameters. The
protocol was as follows: a new conversation session was
initiated for each model; the full chapter of the ESHRE
guideline corresponding to the question category was pro-
vided as the first message, with the instruction “Based on
the following clinical guideline, please answer the subse-
quent questions”. The test question was then submitted
within the same session. Performance changes before and
after grounded prompting were compared to explore the po-
tential of different LLMs for continuous optimization in the
RPL domain.

2.3 Test and Data Collection

Questions were input into GPT-4, Claude 3 Sonnet,
and Gemini Pro in a standardized format. To account for
the stochastic nature of LLM outputs and ensure result sta-
bility, each question was independently tested 5 times per
model, consistent with prior LLM evaluation studies in the
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Table 1. Questions of recurrent pregnancy loss (RPL).

Content Question type

Question

Single-Choice
Multiple-Choice Questions

Questions

Prevention

Women should be sensitively informed that the risk of pregnancy loss is
lowest in women aged:

A. 20 to 25 years; B. 20 to 35 years; C. 30 to 40 years; D. Over 40 years
‘Women should be informed that the risk of pregnancy loss rapidly increases
after the age of:

A. 35 years; B. 40 years; C. 45 years; D. 50 years

Regarding the association between stress and RPL, which statement is cor-
rect?

A. Stress is a direct cause of RPL; B. Stress is associated with RPL, but there
is no evidence that it is a direct cause;

C. Stress has no association with RPL; D. Stress increases the chances of
pregnancy

For couples with RPL, what is maternal obesity or being significantly un-
derweight associated with?

A. Obstetric complications; B. Chances of a live birth; C. General health
issues; D. All of the above

For couples with RPL, which recommendation is suggested?

A. Maintain low body weight; B. Maintain a healthy normal range BMI; C.
Gain weight; D. Make no changes

What is the relationship between excessive alcohol consumption and RPL?
A. A proven risk factor; B. A possible risk factor; C. No relationship; D.
Beneficial

For couples with RPL, what is the correct advice regarding alcohol consump-
tion?

A. Increase alcohol intake; B. Limit alcohol consumption; C. Consume spe-
cific types of alcohol; D. No advice

Multiple-Choice

Which statements are correct regarding age and the risk of pregnancy loss?

Questions A. The risk of pregnancy loss is lowest in women aged 20 to 35 years; B.
The risk of pregnancy loss rapidly increases after the age of 40;
C. Stress is a direct cause of RPL; D. There is no evidence that stress is a
direct cause of pregnancy loss
Regarding alcohol consumption and RPL, which statements are correct?
A. Excessive alcohol consumption is a possible risk factor for pregnancy
loss; B. Excessive alcohol consumption is a proven risk factor for fetal prob-
lems; C. Couples with RPL do not need to limit their alcohol consumption;
D. Couples with RPL should limit their alcohol consumption
What is the definition of RPL?
What are the behavioral and lifestyle factors in RPL?

Common . . .
. How to prevent RPL through health behavior modifications?
Short-Answer Questions

Questions

Does advanced maternal age increase the risk of RPL?

Is RPL related to maternal weight?

Clinical Case

I am 42 years old and 10 weeks pregnant. I have had excessive alcohol
consumption and twice experienced pregnancy loss before. Is there any as-
sociation?

Should I limit alcohol consumption during pregnancy? What is the safe up-
per limit for daily alcohol consumption during pregnancy?

I am overweight and have experienced three pregnancy losses. Is obesity a
risk for my recurrent miscarriages? Should I have a weight loss?
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Table 1. Continued.

Content

Question type

Question

Diagnosis

Choice
Questions

Single-Choice
Questions

What is the recommendation for thyroid screening in women with RPL?

A. Only if there are symptoms of thyroid disorder; B. Recommended in all cases; C. After two preg-
nancy losses; D. Not recommended

For thyroid screening in women with RPL, which of the following are recommended?

A. Thyroid-stimulating hormone (TSH). B. Thyroid peroxidase (TPO) antibodies. C. TSH and
Thyroxine (T4). D. TSH and TPO antibodies.

For women with RPL, when is screening recommended for antiphospholipid antibodies?

A. After the first pregnancy loss; B. After two pregnancy losses; C. After three pregnancy losses; D.
Only in the presence of additional risk factors

for thrombophilia.

For women with RPL, which of the following assessments is not recommended to improve the prog-
nosis of the

next pregnancy?

A. Assessment of Polycystic Ovary Syndrome (PCOS); B. Fasting insulin and glucose testing; C.
Ovarian reserve testing; D. All of the above.

For a couple with RPL, what is recommended for genetic analysis of pregnancy tissue following preg-
nancy loss?

A. Subtelomere multiplex ligation-dependent probe amplification (MLPA); B. Array-based Compar-
ative Genomic Hybridization (array-CGH);

C. Quantitative fluorescence polymerase chain reaction (QF-PCR); D. karyotyping

What is the preferred technique for evaluating the uterus in women with RPL?

A. Hysterosalpingography (HSG); B. Sonohysterography (SHG); C. Transvaginal 3D ultrasound
(US); D. MRI

Which of the following is not recommended for routine testing in women with RPL?

A. Human Leukocyte Antigen (HLA) determination; B. Thyroid screening; C. Transvaginal 3D US;
D. SHG

Multiple-Choice
Questions

Regarding diagnostic investigations in RPL, which statement is correct?

A. They can be tailored based on medical and family history; B. Genetic analysis of pregnancy tissue
is mandatory for all patients;

C. Genetic analysis of pregnancy tissue is not routinely recommended; D. Parental karyotyping should
be performed for all patients.

Which of the following investigations can be used for RPL diagnosis?

A. Medical and family history analysis; B. Genetic analysis; C. Antiphospholipid antibody screening;
D. Thyroid function tests

The prognosis for women with RPL is recommended to be based on which factors?

A. Maternal age; B. Maternal age at first pregnancy; C. Number of previous pregnancy losses; D.
Complete pregnancy history

For women with RPL, which tests are recommended?

A. Thyroid function screening; B. Ovarian reserve testing; C. Luteal phase insufficiency testing; D.

Uterine anatomy assessment

Short-Answer
Questions

Common

Questions

For couples with RPL, which imaging examinations should be taken?

In the diagnosis of RPL, which is the preferred imaging examination for women?

Is there any association between family history and RPL?

What kinds of genetic analysis of pregnancy tissue are routinely recommended in the diagnosis of
RPL?

Are serum immunological tests recommended in the diagnosis of RPL? What kinds of immunological
tests should be taken?

Should women with RPL take a thrombophilia screening?

Should women with RPL screen for metabolic or endocrinological tests? Which tests are recom-
mended?

Clinical Case

I am 29 years old and have had three pregnancy losses. My husband is an alcoholic and obese. Does
my husband’s lifestyle promote
pregnancy loss? Is it necessary for him to limit consumption and lose weight?
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Table 1. Continued.

Content Question type Question

What is the recommendation for women with hereditary thrombophilia and RPL?
Single-Choice ~ A. Use antithrombotic prophylaxis; B. Avoid antithrombotic prophylaxis unless for

Questions VTE prevention or research; C. Administer aspirin;
Choice D. Undergo genetic testing
Questions . . . .
What is the recommendation for women with RPL and endometrial polyps?
A. Regular monitoring with MRI; B. Surgery increases the chance of a live birth in
Treatment women with RPL;

C. Surgery increases the chance of miscarriage in women with RPL; D. Surgical
removal of endometrial polyps is not recommended

What is the recommendation regarding vaginal progesterone in women with RPL?
A. Improves live birth rate in women with 3 or more pregnancy losses and vaginal
blood loss in a subsequent pregnancy; B. Not recommended

in any case of RPL; C. Only recommended for women with less than 3 pregnancy
losses; D. Recommended for all women with RPL

Which of the following is true about multivitamin supplements consumption in
women with RPL?

A. Women with RPL should be advised on multivitamin supplements that are safe in
pregnancy;

B. Multivitamin supplements are not recommended for women with RPL; C. Multi-
vitamin supplements are risk factors for RPL;

D. Vitamins A and E can be taken for women with RPL

) ) What factors are recommended to base the prognosis on for women with RPL?
Multiple-Choice

i A. Woman'’s age; B. Complete pregnancy history; C. Number of previous pregnancy
Questions

losses; D. Live births and their sequence

For women with RPL, what can prognostic tools (Kolte & Westergaard) be used for?
A. Providing an estimate of the subsequent chance of live birth; B. Providing an
estimate of adverse pregnancy outcome;

C. Providing information on possible treatments; D. All of the above

Which treatment methods are not recommended for women with RPL?

A. Progesterone; B. Lymphocyte immunization therapy; C. Repeated and high doses
of Intravenous immunoglobulin (IVIG); D. Glucocorticoids

Common Should women with RPL be treated with heparin or aspirin during pregnancy?

Questions Should women with uterine abnormalities and RPL be treated with surgery?
Short-Answer

Questions

I am 12 weeks pregnant and have been diagnosed with RPL. In my thyroid function
Clinical Case tests, the TSH level was within the normal reference range. But my thyroid antibody

is positive. How should I be followed during pregnancy?

I'have been diagnosed with RPL. And I am pregnant again now. My thyroid function

tests, and the TSH level were

within the normal reference range. But my thyroid antibody is positive. Should I be

treated with levothyroxine during pregnancy?

I am 12 weeks pregnant and want to use multivitamin supplements. I have been

diagnosed with RPL. Is it safe for me? What multivitamin supplements should I

take?

RPL, recurrent pregnancy loss; BMI, body mass index; TSH, thyroid-stimulating hormone; TPO, thyroid peroxidase; MLPA, multiplex
ligation-dependent probe amplification; array-CGH, Array-based Comparative Genomic Hybridization; QF-PCR, quantitative fluores-
cence polymerase chain reaction; HSG, hysterosalpingography; SHG, sonohysterography; US, ultrasound; MRI, magnetic resonance
imaging; HLA, human leukocyte antigen; VTE, venous thromboembolism.

medical field. The temperature parameter was setto 0.7 for ~ response across 5 runs was used for choice questions, and
all models to balance creativity and consistency. The modal =~ mean Likert scores across 5 runs were used for short an-
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swer questions. All 5 responses per question were scored
independently, and the mean score was calculated to yield
a single aggregated value per question per model for final
analysis. All tests were conducted within the same time
frame to control potential interference from external factors
and model updates.

2.4 Evaluation of Accuracy, Comprehensiveness, and
Readability

The answers generated by GPT-4, Claude 3 Sonnet,
and Gemini Pro were scored on 3 dimensions: accuracy,
comprehensiveness, and readability. Accuracy refers to the
correctness and adherence to clinical knowledge and the
2022 ESHRE guidelines on RPL. Comprehensiveness eval-
uates the extent to which the response addresses all relevant
aspects of the question. Ease of understanding refers to the
ease with which a reader can understand and comprehend
the content. A 5-point Likert scale was applied to assess
accuracy and comprehensiveness. For accuracy: 1 = com-
pletely incorrect or contradicts the 2022 ESHRE guideline;
2 = mostly incorrect with only minor elements correct; 3
= partially correct but contains notable errors or omissions;
4 = mostly correct with only minor inaccuracies; and 5 =
fully correct and consistent with the guideline. Readability
was evaluated using the Flesch Reading Ease (FRE) score
and Flesch—Kincaid Grade Level (FKGL). FRE scores text
reading complexity on a scale from 0 to 100, with a higher
score indicating a lower complexity level. FKGL eval-
uates readability based on sentence word count and sen-
tence length, with higher grades indicating lower readabil-
ity. Readability formulas were used to calculate the FRE
[14] and FKGL [15].

Two investigators independently scored accuracy and
comprehensiveness to ensure the objectivity and consis-
tency of the evaluation. Prior to scoring, investigators un-
derwent standardized training to clarify the specific mean-
ing of the scoring criteria and scales, thereby improving
the reliability of scoring. Inter-rater disagreements were re-
solved through discussion until consensus was reached.

2.5 Statistical Analysis

All statistical analyses were performed using SPSS
26.0 (IBM Corp, Armonk, NY, USA) and GraphPad Prism
8 (San Diego, CA, USA). Scores for accuracy and compre-
hensiveness of GPT-4, Claude 3 Sonnet, and Gemini Pro
were calculated and displayed as descriptive statistics. Data
normality was assessed using the Shapiro-Wilk test; given
the ordinal nature of Likert-scale data, non-parametric tests
were applied. Normally distributed data were presented
as mean + standard deviation (SD), and non-normally dis-
tributed data as medians with interquartile range (IQR). The
Mann-Whitney U test or Kruskal-Wallis H test was used to
compare the differences among the outcomes. Bonferroni
correction was explicitly applied to all multiple subgroup
comparisons to control the family-wise error rate. The

Wilcoxon signed-rank test was used to compare the scores
of each index before and after LLM-grounded prompting.
A two-sided p < 0.05 was considered statistically signifi-
cant. Inter-rater agreement between two investigators was
evaluated using the weighted kappa coefficient.

3. Results

47 questions based on the 2022 ESHRE guidelines
across prevention, diagnosis, and treatment were evaluated
independently by two authors. Choice questions (single-
choice questions and multiple-choice questions) were only
evaluated for accuracy, whereas short-answer questions
(categorized as common questions and clinical cases based
on the question type, or prevention, diagnosis, and treat-
ment based on the content) were evaluated for accuracy,
comprehensiveness, and readability.

The Weighted Cohen’s kappa coefficient between the
two authors was 0.844 for accuracy and 0.675 for compre-
hensiveness in GPT-4; 0.786 for accuracy and 0.732 for
comprehensiveness in Claude 3 Sonnet; and 0.896 for ac-
curacy and 0.713 for comprehensiveness in Gemini Pro.
Higher kappa values for accuracy than for comprehensive-
ness across all models (0.786—0.896 vs. 0.675-0.732) re-
flect the greater inter-rater objectivity for factual assess-
ment relative to the inherently subjective evaluation of re-
sponse coverage.

3.1 Performance of the LLMs Before Grounded Prompting

Before grounded prompting, the median accuracy
scores for short-answer questions were 3.50 (IQR, 3.00—
4.00) for GPT-4, 4.00 (IQR, 3.50—4.88) for Claude 3 Son-
net, and 3.00 (IQR, 2.00-3.88) for Gemini Pro. For GPT-
4, the median accuracy scores for common questions and
clinical cases were 3.50 (IQR, 2.50—4.00) and 3.50 (IQR,
3.00—4.00), respectively (p = 0.72), and for prevention, di-
agnosis, and treatment were 3.50 (IQR, 3.00—4.00), 2.75
(IQR, 2.13-3.88), and 4.00 (IQR, 3.25-4.25), respectively
(» = 0.12) (Supplementary Table 1). For Claude 3 Son-
net, the median accuracy scores for common questions and
clinical cases were 4.00 (IQR, 3.50—4.63) and 4.25 (IQR,
2.50-5.00), respectively (p = 0.78), and for prevention, di-
agnosis, and treatment were 4.50 (IQR, 4.00-5.00), 3.50
(IQR, 3.50—4.38), and 2.50 (IQR, 2.50-4.75), respectively
(»p =0.11) (Supplementary Table 2). For Gemini Pro, the
median accuracy scores for common questions and clini-
cal cases were 2.75 (IQR, 1.88-3.63) and 3.25 (IQR, 2.75—
4.13), respectively (p = 0.24), and for prevention, diagno-
sis, and treatment were 3.50 (IQR, 3.00—4.00), 2.50 (IQR,
1.63-3.00), and 2.00 (IQR, 1.50-3.50), respectively (p <
0.05) (Supplementary Table 3).

The median comprehensiveness scores for short-
answer questions were 3.25 (IQR, 3.00—4.00) for GPT-4,
5.00 (IQR, 4.13-5.00) for Claude 3 Sonnet, and 4.00 (IQR,
3.00—4.38) for Gemini Pro. For GPT-4, the median compre-
hensiveness scores for common questions and clinical cases
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were 4.00 (IQR, 3.00-4.50) and 3.00 (IQR, 3.00-3.63), re-
spectively (p = 0.27), and for prevention, diagnosis, and
treatment were 4.00 (IQR, 3.00-4.50), 3.25 (IQR, 3.00-
4.00), and 3.00 (IQR, 3.00-4.25), respectively (p = 0.45)
(Supplementary Table 1). For Claude 3 Sonnet, the me-
dian comprehensiveness scores for common questions and
clinical cases were 5.00 (IQR, 4.38-5.00) and 5.00 (IQR,
3.75-5.00), respectively (p = 0.90), and for prevention, di-
agnosis, and treatment were 5.00 (IQR, 5.00-5.00), 4.75
(IQR, 4.13-5.00), and 4.00 (IQR, 3.25-5.00), respectively
(» < 0.05) (Supplementary Table 2). For Gemini Pro,
the median comprehensiveness scores for common ques-
tions and clinical cases were 3.50 (IQR, 3.00—4.13) and 4.00
(IQR, 3.88-4.50), respectively (p = 0.18), and for preven-
tion, diagnosis, and treatment were 4.00 (IQR, 3.50-5.00),
3.50 (IQR, 3.00—4.00), and 4.00 (IQR, 2.50-4.25), respec-
tively (p = 0.25) (Supplementary Table 3).

Overall, GPT-4 showed similar median accuracy and
comprehensiveness scores across all question types and cat-
egories (Supplementary Table 1). For Claude 3 Sonnet,
accuracy scores were consistent across groups, whereas
comprehensiveness scores differed significantly by content
categories (Supplementary Table 2). Gemini Pro followed
a similar pattern, with comparable accuracy scores across
question types but significant group differences in accuracy
scores across content categories (Supplementary Table 3).

3.2 Multi-LLM Comparisons Before Grounded Prompting

GPT-4, Claude 3 Sonnet, and Gemini Pro were inde-
pendently evaluated for accuracy, comprehensiveness, and
readability to identify the most suitable LLM for clinical
consultation of RPL prior to grounded prompting. The ac-
curacy scores for all 47 questions are illustrated in Fig. 1A—
C.

The median accuracy scores for GPT-4, Claude 3 Son-
net, and Gemini Pro were 4.00 (IQR, 3.00-5.00), 5.00
(IQR, 4.00-5.00), and 3.50 (IQR, 2.00-5.00), respectively,
with significant differences observed between groups (p <
0.01) (Fig. 2 A; Supplementary Tables 1-3). Among
short-answer questions, significant differences were also
observed between groups (p = 0.01), (Fig. 2 B; Supple-
mentary Tables 1-3). Among different types of short-
answer questions, significant differences were observed for
common questions (p = 0.02) (Fig. 2 C; Supplementary
Tables 1-3), but not for clinical cases (p = 0.59) (Fig. 2
D; Supplementary Tables 1-3). In all of the above com-
parisons, the observed differences were attributable to the
Claude 3 Sonnet and Gemini Pro groups. Among differ-
ent content categories of short-answer questions, signifi-
cant differences were found among the 3 groups for pre-
vention (p = 0.03), specifically between GPT-4 and Claude
3 Sonnet (Fig. 2 E; Supplementary Tables 1-3), but not
for diagnosis (p = 0.07) (Fig. 2 F; Supplementary Ta-
bles 1-3) or treatment (p = 0.13) (Fig. 2 G; Supplemen-
tary Tables 1-3). Overall, significant differences between
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groups were observed for the accuracy scores of short-
answer questions, common questions, and prevention ques-
tions (Supplementary Tables 1-3).

The median comprehensiveness scores for GPT-4,
Claude 3 Sonnet, and Gemini Pro were 3.25 (IQR, 3.00—
4.00), 5.00 (IQR, 4.13-5.00), and 4.00 (IQR, 3.00—4.38) re-
spectively (p <0.001), with significant differences between
groups, Significant differences were found between GPT-4
and Claude 3 Sonnet, as well as between Claude 3 Sonnet
and Gemini Pro. (Fig. 3 A; Supplementary Tables 1-3).
For different types of short-answer questions, significant
differences were observed for both common questions (p
<0.01) (Fig. 3B; Supplementary Tables 1-3) and clinical
cases (p = 0.02) (Fig. 3C; Supplementary Tables 1-3). In
common questions, significant differences were found be-
tween GPT-4 and Claude 3 Sonnet, and between Claude 3
Sonnet and Gemini Pro, but not between GPT-4 and Gemini
Pro. In clinical cases, only GPT-4 and Claude 3 Sonnet dif-
fered significantly. Among different content categories of
short-answer questions, significant differences were found
for prevention (p <0.01) (Fig. 3 D; Supplementary Tables
1-3), with significant differences observed only between
GPT-4 and Claude 3 Sonnet, but not between GPT-4 and
Gemini Pro, or between Claude 3 Sonnet and Gemini Pro.
For diagnosis (p < 0.01) (Fig. 3 E; Supplementary Tables
1-3), significant differences were observed between GPT-4
and Claude 3 Sonnet, as well as between Claude 3 Sonnet
and Gemini Pro. No significant differences were found for
treatment (p = 0.48) (Fig. 3 F; Supplementary Tables 1—
3). Overall, significant differences between groups were
observed in comprehensiveness scores across all content
categories except treatment.

Regarding readability, the FRE and FKGL scores
were 22.35 £ 12.68 and 15.63 + 2.45 for GPT-4, 2445 +
12.44 and 14.83 + 3.08 for Claude 3 Sonnet, and 26.21
+ 14.11 and 12.95 + 1.95 for Gemini Pro, with no ob-
served significant differences across LLMs (all p > 0.05).
All scores ranged from college to professional reading
level (Supplementary Tables 1-3). Among choice ques-
tions, the accuracy scores for GPT-4, Claude 3 Sonnet,
and Gemini Pro were 5.00 (IQR, 3.00-5.00), 5.00 (IQR,
5.00-5.00), and 5.00 (IQR, 2.00-5.00), respectively (p =
0.07) (Supplementary Fig. 1A; Supplementary Tables
1-3). Among single-choice questions, the corresponding
scores were 5.00 (IQR, 4.50-5.00), 5.00 (IQR, 5.00-5.00),
and 5.00 (IQR, 1.88-5.00) (p = 0.42) (Supplementary
Fig. 1B; Supplementary Tables 1-3). Among multiple-
choice questions, scores were 5.00 (IQR, 3.00-5.00), 5.00
(IQR, 4.50-5.00), and 3.00 (IQR, 2.00-5.00) (p = 0.08)
(Supplementary Fig. 1C; Supplementary Tables 1-3).
No significant differences were found across LLMs for any
category of choice questions.
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Fig. 1. Heatmap of the accuracy of LLM-generated answers. (A) GPT-4 before grounded prompting. (B) Claude 3 Sonnet before
grounded prompting. (C) Gemini Pro before grounded prompting. (D) GPT-4 after grounded prompting. (E) Claude 3 Sonnet after

grounded prompting; and (F) Gemini Pro after grounded prompting. LLM, large language model.

3.3 Comparison of LLMs Performance Pre- and
Post-Grounded Prompting

GPT-4, Claude 3 Sonnet, and Gemini Pro were inde-
pendently trained on 3 RPL categories: prevention, diag-
nosis, and treatment. Following grounded prompting, the
models were re-evaluated (Supplementary Tables 1-3).
Fig. 1D-F illustrates the accuracy and scores across 47
answers for each model. Moreover, we rescored the me-
dian FRE and FKGL to evaluate changes in readability af-
ter the application of grounded prompting (Supplementary
Tables 1-3).

Grounded prompting significantly improved accuracy
across all 3 models (Fig. 4 A—C). All models converged to a
median accuracy of 5.00 (IQR, 5.00-5.00) after prompting.
Gemini Pro (Fig. 4C) demonstrated the greatest absolute
improvement (median 3.50—5.00, p < 0.001), followed by
GPT-4 (Fig. 4 A) (median 4.00—5.00, p <0.001), whereas
Claude 3 Sonnet (Fig. 4 B) displayed the smallest gain.
Notably, this smaller gain for Claude 3 Sonnet occurred
despite its superior baseline performance, and the improve-
ment remained statistically significant (median 5.00—5.00,
p =0.001). The proportion of questions showing improved
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Fig. 2. Comparison of accuracy among 3 LLMs before grounded prompting. (A) Comparison of the median accuracy scores for

all questions among the 3 LLMs. (B) Comparison of the median accuracy scores for short-answer questions among the 3 LLMs. (C)

Comparison of the median accuracy scores for common questions of short-answer questions among the 3 LLMs. (D) Comparison of the

median accuracy scores for clinical cases of short-answer questions among the 3 LLMs. (E) Comparison of the median accuracy scores

for short-answer questions related to prevention among the 3 LLMs. (F) Comparison of the median accuracy scores for short-answer

questions related to diagnosis among the 3 LLMs; and (G) comparison of the median accuracy scores for short-answer questions related

to treatment among the 3 LLMs. Significance levels are indicated as follows: ns, not significant; *: p < 0.05; **: p <0.01.

accuracy was highest in GPT-4 and Gemini Pro (53.19%
each), with 25 questions improving and none declining for
GPT-4, while Gemini Pro showed 25 improvements and 2
declines. In contrast, Claude 3 Sonnet showed a lower im-
provement rate (40.42%), with 19 questions improving, 26
remaining unchanged, and 2 declining.

As comprehensiveness was evaluated exclusively for
short-answer questions, the following section reports com-
prehensiveness scores pre- and post-grounded prompting
(Fig. 4D-F). In contrast to the uniform improvements in
accuracy, effects on comprehensiveness diverged signifi-
cantly across models. GPT-4 (Fig. 4D), which had the
lowest baseline comprehensiveness, was the only model
to show a statistically significant improvement (median
3.25—4.50, p = 0.012). Claude 3 Sonnet (Fig. 4 E)
showed a slight, non-significant decline despite its high

&% IMR Press

baseline (median 5.00—4.75, p = 0.48). Gemini Pro (Fig.
4 F) exhibited the most pronounced decline, with 11 of
20 questions decreasing and median comprehensiveness
falling from 4.00 to 3.00 (p = 0.39). Together, these results
suggest that grounded prompting reliably enhances accu-
racy but may constrain response comprehensiveness, par-
ticularly in models with stronger baseline comprehensive-
ness.

4. Discussion
4.1 Main Findings

Our study systematically evaluated the performance
of GPT-4, Claude 3 Sonnet, and Gemini Pro regarding ac-
curacy, comprehensiveness, and readability. We observed
that all 3 different LLMs demonstrated remarkable perfor-


https://www.imrpress.com

|—|** sk ns
Kk ok — *k || l—ns|
61 61 61 r:ij
5_
4_ ? 4_ T
. -
s s O
3_
0 I 1 1 0 1 1 1 2 I 1 1
» ™ Q » ™ Q oo} )
AR A R AR R AR
& & & & & &
N O & & O & S @) &
@) <) & <) & &
ns .
—— — ns
ns >k ———
L —— o — ns NS
6 6 64 I 1
5— —
Tm 1=
- ==
2- 2-
3_
2 I 1 1 0 1 1 1 0 I 1 1
& & & ¢ &8
& & & & & & &
& F & & F & & F &
& <y & & & <y

Fig. 3. Comparison of comprehensiveness scores among 3 LLMs before grounded prompting. (A) Comparison of the median

comprehensiveness scores for short-answer questions among the 3 LLMs. (B) The comparison of the median comprehensiveness scores

for common questions of short-answer questions among the 3 LLMs. (C) The comparison of the median comprehensiveness scores

for clinical cases of short-answer questions among the 3 LLMs. (D) The comparison of the median comprehensiveness scores for

short-answer questions related to prevention among the 3 LLMs. (E) The comparison of the median comprehensiveness scores for short-

answer questions related to diagnosis among the 3 LLMs. (F) The comparison of the median comprehensiveness scores for short-answer

questions related to treatment among the 3 LLMs. Significance levels are indicated as: ns, not significant; *: p <0.05; **: p <0.01; ***:

p<0.001.

mance in accuracy and comprehensiveness, with Claude
3 Sonnet outperforming GPT-4 and Gemini Pro. To our
knowledge, this is the first study to evaluate and compare 3
different LLMs in the field of RPL.

Claude 3 Sonnet outscored GPT-4 and Gemini Pro in
short-answer questions, demonstrating superior median ac-
curacy and comprehensiveness, particularly for questions
about RPL prevention. These findings reveal performance
heterogeneity among the 3 LLMs, with Claude 3 Sonnet ex-
hibiting greater clinical consistency, suggesting its poten-
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tial as an adjunctive tool for RPL counseling. The superior
performance of Claude 3 Sonnet in addressing prevention-
related questions also suggests its potential for identifying
risk factors and guiding preventive interventions for cou-
ples with RPL. However, no differences were found be-
tween LLMs in accuracy scores for all choice questions, in-
cluding single-choice questions and multiple-choice ques-
tions (p > 0.05). Regarding readability, FRE and FKGL
scores indicated difficult readability across all LLMs, rang-
ing from college to professional level. This consistently

&% IMR Press
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Fig. 4. Comparison of LLM performance based on median accuracy scores before and after grounded prompting. (A) Comparison

of the median accuracy scores with GPT-4 pre- and post-grounded prompting. (B) Comparison of the median accuracy scores with Claude

3 Sonnet pre- and post-grounded prompting. (C) Comparison of the median accuracy scores with Gemini Pro pre- and post-grounded

prompting. (D) Comparison of the median comprehensiveness scores of short essay questions with GPT-4 pre- and post-grounded

prompting. (E) Comparison of the median comprehensiveness scores of short essay questions with Claude 3 Sonnet pre- and post-

grounded prompting; and (F) comparison of the median comprehensiveness scores of short essay questions with Gemini Pro pre- and

post-grounded prompting. Significance levels are indicated as: ns, not significant; *: p < 0.05; **: p <0.01; ***: p <0.001.

poor readability limits their patient-facing utility, highlight-
ing the need for prompt engineering or post-processing
strategies to improve accessibility for patients with RPL.

The median accuracy scores for individual LLMs
across different question types (common questions and clin-
ical cases) were broadly similar, indicating that LLMs can
provide information and consultation support for RPL with
broad applicability. After targeted grounded prompting
across specific categories (prevention, diagnosis, and treat-
ment), accuracy scores improved for all 3 LLMs, suggest-
ing responsiveness to structured contextual input and po-
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tential adaptability to updated ESHRE guidelines. Beyond
accuracy and comprehensiveness, future evaluations should
incorporate structured safety alignment assessments, in-
cluding urgency recognition and clinical triage, to ensure
that LLMs meet safety standards in RPL care.

4.2 Comparison With Existing Literature

The application and comparison of Claude 3 Sonnet
and other LLMs in the medical field have sparked consid-
erable academic interest since their emergence. Our find-
ings suggest that Claude 3 Sonnet emerged as the best-
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performing model in RPL among 3 LLMs, consistent with
prior studies. Song H et al. [5], reported that, com-
pared with other LLMs, including Bard, GPT-4, and New
Bing, Claude performs best in analyzing clinical cases in
urolithiasis consultations and education. Similarly, an-
other study reported that, compared with GPT-3.5 and GPT-
4, Claude generated higher-quality responses in oncology-
related contexts, with superior performance in quality, em-
pathy, and readability [16].

Considering that more than 70% of individuals uti-
lize the internet as their primary source of health infor-
mation and that false information spreads up to six times
faster than factual content online, Menz BD et al. [17] con-
ducted a study evaluating the ability of different LLMs to
resist mass generation of health disinformation. This study
found that many publicly accessible LLMs, including GPT
and Gemini Pro, lacked adequate safeguards against mass
content generation, whereas Claude 2 showed robust safe-
guards against the generation of health-related disinforma-
tion. We speculate that, in the field of RPL, the application
of Claude 3 Sonnet for medical consultation may not only
provide accurate information for couples with RPL but also
mitigate the risk of large-scale misinformation generation,
thereby avoiding delays in diagnosis or treatment, reduc-
ing unnecessary waste of medical resources, and limiting
avoidable economic burden.

4.3 Limitations

Our study had several important limitations. First,
the low readability of LLM-generated responses may limit
their accessibility to the general public. Second, although
grounded prompting significantly improved comprehen-
siveness scores for GPT-4, Claude 3 Sonnet, and Gemini
Pro performed no better than, or even marginally worse
than, their baseline, suggesting that striking a balance be-
tween technical accuracy, comprehensiveness, and accessi-
ble language remains a critical challenge for broader clini-
cal adoption of LLMs. Additionally, as the prompting ex-
cerpts and test questions were derived from the same guide-
line chapters, content overlap may have partially inflated
post-prompting accuracy scores. Future studies should
formally evaluate response generation time and computa-
tional complexity across models, conduct sensitivity analy-
ses across a range of temperature settings (e.g., T=0-0.2) to
assess result stability, and employ larger and more diverse
question sets, with effect size reporting and per-question
score analyses, to better quantify training effects and clarify
the observed dissociation between post-prompting accuracy
gains and comprehensiveness.

In addition, due to a knowledge gap between machine
learning developers (e.g., data scientists) and practitioners
(e.g., clinicians), the full utilization of machine learning for
clinical data analysis has been hampered [18]. Addition-
ally, advanced data analysis extensions of LLMs should be
explored to bridge this gap and provide more robust clin-
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ical advice on RPL. Furthermore, LLMs remain prone to
hallucination, generating outputs that may be incorrect or
misleading [19]. Al tools can also be exploited to mass-
produce misinformation, posing direct risks to human life
[20,21]. Thus, healthcare professionals must critically eval-
uate LLM outputs. Navigating the associated legal and ethi-
cal landscape is equally essential. Only then can these tools
genuinely enhance patient care without compromising clin-
ical expertise [22]. LLMs evolve rapidly, and performance
rankings may shift over time. Future evaluations should
specify model versions and access dates to ensure repro-
ducibility. Finally, our question set was derived from a sin-
gle clinical guideline, which limits generalizability. Future
studies should incorporate broader and more diverse clini-
cal scenarios to address this limitation.

5. Conclusions

Within the field of RPL consultation, Claude 3 Sonnet
outperformed GPT-4 and Gemini Pro in terms of accuracy
and comprehensiveness of short-answer questions, partic-
ularly in risk factor prevention. After targeted grounded
prompting across specific categories (prevention, diagno-
sis, and treatment), accuracy scores improved for all 3
LLMs. These findings suggest the potential of LLMs as
supplementary tools within the current medical system in
the field of RPL, promoting the improvement of patient
management. However, it should be noted that all 3 LLMs
performed suboptimally in terms of readability and failed
to improve scores for comprehensiveness after grounded
prompting. Medical professionals and patients should rec-
ognize these limitations and interpret LLMs-generated in-
formation with caution. Overall, this study demonstrates
the potential utility of LLMs in the context of RPL and high-
lights the need for further research to balance technical ac-
curacy, depth of understanding, and public usability.
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