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Abstract

Introduction: In vitro fertilization (IVF) and frozen-thawed embryo transfer (FET)
are vital components of assisted reproductive technology. However, predicting
pregnancy outcomes remains challenging due to various biological and clinical
factors. Recent advances in artificial intelligence (Al) and machine learning (ML) have
shown the potential in offering innovative solutions for forecasting reproductive
success.

Objective: This study explores the use of large language models, specifically
ChatGPT-4o0, to optimize ML models for predicting pregnancy outcomes in IVF.
Methods: The clinical dataset comprised 1061 IVF patients who underwent FET from
2014 to 2017, including variables such as age, body mass index, infertility duration,
endometrial thickness, and serum beta-human chorionic gonadotrophin (-HCG)
levels on the 7t day after FET. ChatGPT-40 was tasked with preprocessing the data,
evaluating several ML models, and optimizing performance.

Results: The random forest model emerged as the best-performing model, achieving
an accuracy of 85.45% and an area under the receiver operating characteristic curve
of 0.8287 after applying the optimal threshold of 0.548, indicating strong predictive
capability. Feature importance analysis revealed that serum 3-HCG levels on the 7
day after FET were the most influential predictor of pregnancy outcomes. Despite
these promising results, the study noted potential overfitting, likely due to the limited
training dataset, a constraint largely attributable to the computational limitations of
ChatGPT-4o.

Conclusion: ChatGPT-40 shows potential in enhancing ML models in IVF outcome
prediction. While Al-driven models can significantly aid clinical decision-making,
clinicians should maintain a central role in patient outcome predictions. Future work
will focus on improving model generalization with larger datasets and enhanced
computational resources.

Keywords: In vitro fertilization; Pregnancy prediction; Large language models; Machine
learning; Assisted reproductive technology
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1. Introduction

Assisted reproductive technology (ART) has been widely
applied worldwide to help infertile couples achieve their
reproductive goals. However, due to the complex interplay
of biological, environmental, and clinical factors, the
success rate of ART remains highly uncertain. In recent
years, the development of electronic health records (EHR)
and the application of advanced data analysis methods such
as machine learning (ML) have provided strong support
for ART. These advancements hold significant clinical
value, particularly in enhancing predictive accuracy for
ART outcomes, optimizing clinical decision-making,
personalized medicine in reproductive health, and data-
driven approaches to improve ART success rates.'

ML, as a subset of artificial intelligence (AI), has
significantly =~ advanced  clinical  decision-making,
particularly in areas such as diagnostics and personalized
treatment. Clinical decision support systems powered by
ML algorithms, such as decision trees and neural networks,
assist in predicting patient outcomes, suggesting treatment
options, and monitoring disease progression.” However,
the development, implementation, and validation of
ML models in healthcare require a highly specialized
and intricate understanding of both clinical needs and
advanced computational methods. While the process of
creating these models involves gathering vast amounts of
data, selecting the right algorithms, and ensuring high-
quality training, it is often challenging for clinicians and
researchers due to the technical expertise required for
effective model development.®

Fortunately, large language models (LLMs), such
as ChatGPT, have greatly bridged the gap between
human-computer interactions, enabling non-computer
professionals to optimize ML models more effectively.
LLMSs’ ability to understand and generate natural language
allows users with little or no technical background to interact
with complex ML systems through simple conversational
prompts. This capability significantly reduces the learning
curve, making it easier for non-experts to manage model
optimization tasks, such as selecting algorithms and tuning
hyperparameters, without requiring deep computational
knowledge.” Furthermore, the transparency of these
models enables users to receive detailed explanations of the
decisions made during the optimization process, making
it easier to understand the steps involved and facilitating
collaboration between human and machine.® LLMs, such
as ChatGPT, represent a significant leap in the field of ML,
offering more advanced capabilities in handling complex
natural language processing tasks. By leveraging vast
datasets and deep learning architectures, LLMs expand
the scope of traditional ML by enhancing text generation,

understanding, and reasoning across diverse domains.”"
Currently, LLMs are making significant strides in
healthcare by enhancing the efficiency of medical processes,
particularly in areas like clinical decision support, diagnosis
assistance, and medical documentation. Owing to LLMs’
ability to process large-scale datasets, identify complex
patterns, and provide predictive analytics, LLMs assist with
diagnosing diseases, generating medical reports, handling
EHR, and providing personalized healthcare advice.'''¢
Interestingly, LLMs, such as ChatGPT, even outperformed
human candidates in a virtual objective structured clinical
examination in obstetrics and gynecology, achieving
higher average scores (77.2%) compared to the human
candidates (73.7%), which indicates the potential of
LLMs to successfully perform complex clinical reasoning
tasks, potentially revolutionizing medical education and
assessments.” Considering all these factors, we then
hypothesize that in the context of in vitro fertilization (IVF),
LLM-driven methodologies may demonstrate significant
potential to enhance understanding of embryogenesis and
clinical outcomes.

At present, the validity and reliability of LLMs in
advanced data processing and analysis, particularly in
predicting clinical pregnancy outcomes in IVE have not
been thoroughly evaluated. This study uses ChatGPT-40
as a representative example to investigate LLMs, as a
state-of-the-art chatbot, in terms of their performance in
data processing, ML model optimization, and workflow
integration, with the ultimate goal of exploring future
applications for predicting IVF outcomes.

2. Materials and methods
2.1. Dataset overview

ChatGPT-40 (GPT-40, https://chatgpt.com/, OpenAl,
Inc., United States of America) was tasked to analyze
a publicly available dataset from the Reproductive and
Genetic Center of the Affiliated Hospital of Shandong
University of Traditional Chinese Medicine between
2014 and 2017." A total of 2,582 patients underwent IVF
and frozen-thawed embryo transfer (FET). The study
population was restricted to patients who were under
38 years old, had a body mass index (BMI) between
18.5 and 25, and had complete follow-up records until
delivery. Eligible patients had infertility primarily due to
tubal factors, possessed at least four available embryos,
and received transferred embryos with a morphological
score of 6 or higher according to the Istanbul Consensus
criteria. Patients who underwent preimplantation genetic
screening or diagnosis were excluded. A maximum of
two embryos were transferred per cycle. Additional
exclusion criteria included non-pregnancy, abnormal fetal
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development identified via color Doppler ultrasound,
and spontaneous abortion during the second trimester.
Patients who received exogenous beta-human chorionic
gonadotropin (B-HCG) for luteal support were also
excluded. All patients in this study received standard luteal
phase support with Progynova and progesterone after FET.
This standardization of treatment was applied to avoid any
bias related to concomitant treatments. After screening the
clinical data, 1,061 patients’ clinical data were included in
the analysis." Single and twin ongoing pregnancies were
classified as ongoing pregnancy, while ectopic pregnancy,
biochemical pregnancy, and single early spontaneous
abortion were classified as pregnancy failure, as shown
in Table S1. Our ultimate goal is to use ChatGPT-40 to
train and optimize ML models, exploring the feasibility
of predicting pregnancy outcomes by analyzing clinical
indicators such as age (years), infertility (years), BMI
(kg/m?), endometrial thickness on FET day (mm), serum
B-HCG levels on the 7 day after FET (mIU/mL), basal
follicle-stimulating hormone (U/L), basal luteinizing
hormone (U/L), and basal estradiol (pg/mL). The training/
testing split was set to 80/20, as shown in Table S2. In this
study, stratified sampling was used, and it is particularly
important in this dataset because “clinical pregnancy” is
likely to be imbalanced (i.e., there may be more positive
cases than negative ones). Stratified sampling ensures that
both the training and test sets maintain the same class
distribution as the original dataset, preventing bias and
improving generalization for underrepresented cases.

2.2. Instructing LLMs

The following instructions were given to ChatGPT-4o:
(i) Preprocess the dataset by splitting it into training and
test sets with stratified sampling, while ensuring balanced
proportions of successful and unsuccessful IVF outcomes;
(ii) Train and evaluate multiple ML models, compare
accuracy, Fl-score, precision, and recall, and then select
the best-performing model based on performance metrics;
(iii) Predict pregnancy outcomes using the trained
model, generate a receiver operating characteristic (ROC)
curve, then analyze sensitivity, specificity, and Matthew’s
correlation coefficient (MCC) for further performance
evaluation; (iv) Conduct feature importance analysis,
apply the Mann-Whitney U-test to identify statistically
significant differences (p<0.05) between the pregnancy
and pregnancy failure groups, and present the top five
influential features in a horizontal bar chart. The details of
all the prompts in this study are shown in Table S3.

3. Results

ChatGPT-40  generated  systematically  organized
responses to the specified prompt. First, ChatGPT-40

split the data into training and test sets based on the “set”
column, then analyzed several ML models and assessed
their performance. For classification tasks, ChatGPT-40
evaluated four commonly used ML models: logistic
regression, random forest, support vector machine (SVM),
and k-nearest neighbors. Subsequently, ChatGPT-40
compared their performance in a horizontal bar chart, as
shown in Figure 1. The chart illustrates that the random
forest model demonstrated the best overall performance,
with the highest Fl-score (0.8825), precision (0.8476),
recall (0.9272), and accuracy (0.8263). Random forest
effectively handles non-linearity, feature interactions,
and noise. In addition, its ability to determine feature
importance makes this model well-suited for complex
clinical datasets. These characteristics may contribute to
its superior performance.

Based on the above results, ChatGPT-40 selected the
random forest model for training. The model is configured
with 300 estimators, a minimum sample split of 10, a
minimum sample leaf of 5, and a maximum depth of 20.
The random forest model was then trained and saved on
a local computer. Next, using the trained random forest
model, ChatGPT-40 predicted the pregnancy outcome
for the test set, while also generating both the predicted
labels and the probabilities, which can later be used for
calculating the area under the curve (AUC), as shown
in Tables S4 and S5. To analyze the accuracy of the
predictions, ChatGPT-40 merged the predictions with the
true outcomes. The formula is as follows:

Number of predictions

Accuracy =
Total number of correct predictions

B TP+TN
TP+TN+FP+FN

@

where:

TP = True positives (predicted pregnancy = 1, actual
pregnancy = 1)

TN = True negatives (predicted no pregnancy = 0, actual
no pregnancy = 0)

FP = False positives (predicted pregnancy = 1, actual no
pregnancy = 0)

FN = False negatives (predicted no pregnancy = 0, actual
pregnancy = 1)

The area under the receiver operating characteristic
curve (AUROC) score evaluates the model’s ability to
distinguish between the two classes (pregnancy and
pregnancy failure) across various thresholds. The formula
is as follows:

1
AUROC = _[TPR(FPR)dFPR (I1)
0
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K-nearest neighbors

Support vector machine

Model

Logistic regression

Random forest

Metrics

1 Accuracy
mmm Fl-score
B Precision
m Recall

0.2

0.0

0.4 0.6 0.8

Score

Figure 1. The comparison of machine learning models for predicting clinical pregnancy. This bar chart compares the accuracy of four different classification
models: k-nearest neighbors, logistic regression, support vector machine, and random forest. The random forest model achieved the highest accuracy,
while the k-nearest neighbors model had the lowest performance among the four models.

where:
TPR (true positive rate) = TP/(TP + FN)
FPR (false positive rate) = FP/(FP + TN)

The AUROC was calculated by plotting the ROC
curve and calculating the area beneath it. ChatGPT-40
reported an AUROC of 0.83 and an accuracy of 83.57%
on the test set. These results indicate that the model
performs well, especially in distinguishing between the
pregnancy and pregnancy failure outcomes. Remarkably,
ChatGPT-40 even generated the ROC curve, as shown in
Figure 2. In addition, ChatGPT-40 performed additional
metrics to analyze sensitivity, specificity, and MCC.
MCC ranges from —1 (worst performance) to +1 (perfect
performance), with 0 indicating random predictions. The
results reported a sensitivity (recall) of 92.72%, specificity
of 61.29%, and MCC of 0.58. The formulas for calculation
are as follows:

Sensitivity = _IP (I11)
TP+ FN
TN
Specificity = ——— (IvV)
pecificity TN + FP
MCC TPxTN —FPxFN W)

~ J(TP+FP)(TP+EN)(TN + FP)(TN+ FN)

The model correctly identified 92.72% of positive
cases, indicating a relatively strong ability in predicting
pregnancies. However, a specificity of 61.29% indicated
that the model incorrectly classified 38.71% of failed
pregnancies as successes, leading to a high false positive
rate. This is likely due to class imbalance, and an optimized
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Figure 2. The receiver operating characteristic curve of true positive rate
(y-axis) against the false positive rate (x-axis). The yellow curve represents
the model’s performance, with the AUROC value shown in the legend.
The dashed gray diagonal line represents random performance, which
corresponds to an AUROC of 0.5. The model’s AUROC is significantly
higher, indicating stronger predictive power.

Abbreviation: AUROC: Area under the receiver operating characteristic
curve.

decision threshold may overcome this problem. Precision-
recall curve analysis was then used to optimize the
threshold and identify an optimal value of 0.548, as shown
in Figure 3.

After applying 0.548 as the optimal decision threshold,
the model’s accuracy improved from 83.57% to 85.45%,
F1-score increased from 88.89% to 90.03%, and precision
rose from 85.37% to 87.50%, indicating a better balance
between false positives and false negatives. Recall and
AUROC remained consistent at 92.72% and 82.87%,
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respectively, confirming that the model’s ranking ability
was unaffected by the threshold adjustment. Additional
performance metrics were evaluated after applying the
optimized decision threshold. This resulted in improved
specificity and MCC while maintaining high sensitivity,
leading to a better balance between precision and recall,
as shown in Table 1. Finally, to evaluate the contributions
of key features on the predictions, ChatGPT-40 applied
feature importance (model-specific) on the top five most
influential features, and ranked them by their overall impact
in a horizontal bar chart, as shown in Figure 4. ChatGPT-40
revealed that among the top five features, serum B-HCG
levels on the 7* day after FET are significantly different
between the two groups (pregnancy vs. pregnancy failure),
with p<0.05 (approximately 2.52 x 107), as shown in
Table 2.

1.00f

0.951

o
©
o

Precision
o
©
w

0.75F
Precision - recall curve
X Best threshold = 0.548
0.0 0.2 0.4 0.6 0.8 1.0
Recall

0.70¢

Figure 3. Precision-recall curve with optimized decision threshold
illustrating the trade-off between precision and recall for the trained
model. The optimal decision threshold is determined to be 0.548, as
indicated by the red marker, which achieves the best balance between
precision and recall.

serum B-hCG levels on the 7th day after FET (mIU/mL)

bFSH (U/L)

BMI (kg/m2)

Clinical features

Endometrial thickness on FET day (mm)

bLH (U/L)

4. Discussion

Our results indicate that LLMs like ChatGPT-40 have
the potential for data processing and ML model training,
thereby providing a new option for predicting clinical
pregnancy from IVF treatment.

Although clinicians remain central to medical decision-
making, the integration of EHR and ML has advanced
rapidly in clinical diagnosis and prediction, and the
emergence of MLs provides a powerful tool, enhancing

Table 1. Comparison of model performance before and after
applying the optimized decision threshold (0.548)

Metric Before After
optimization optimization
Sensitivity (recall) (%) 92.72 92.72
Specificity (%) 61.29 67.74
Matthews correlation coefficient 0.5829 0.6352

Table 2. Comparison of features between pregnancy and
pregnancy failure

Feature Pregnancy Pregnancy p-value
mean+SE  failure mean+SE

Serum B-HCG levelson  15.30+0.44 5.53+0.38 2.52x107°

the 7 day after

FET (mIU/mL)

Endometrial thickness 10.95+0.07 11.03+0.11 0.52

on FET day (mm)

bFSH (U/L) 6.19+0.07 6.54+0.14 0.17

BMI (kg/m?) 21.77+0.08 21.76+0.13 0.58

bLH (U/L) 5.67+0.10 5.51+0.15 0.30

Abbreviations: 3-HCG: Beta-human chorionic gonadotrophin;
bFSH: Basal follicle-stimulating hormone; bLH: Basal luteinizing
hormone; BMI: Body mass index; FET: Frozen-thawed embryo
transfer; SE: Standard error.

0.0

01 02 03 0.4 05

Feature importance score

Figure 4. The top five most influential features affecting the success rate of in vitro fertilization. The x-axis represents the feature importance score, which
quantifies the contribution of each feature to the model’s predictive capability. The y-axis lists the clinical features ranked by their significance.
Abbreviations: B-HCG: Beta-human chorionic gonadotrophin; bFSH: Basal follicle-stimulating hormone; bLH: Basal luteinizing hormone; BMI: Body

mass index; FET: Frozen-thawed embryo transfer.
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diagnostic accuracy and predictive performance.’*
Despite the significant potential demonstrated by
ML models in clinical diagnosis and prediction, the
applications of these models remain challenging for
individual clinicians without a background in computer
science. The lack of user-friendly interfaces for ML models
is a common issue.” Non-experts often encounter technical
barriers, such as the need for specialized knowledge in data
preparation, model training, and result interpretation.
These limitations constrain the broader integration of ML
in clinical settings.?>***

Fortunately, the emergence of LLMs represented
by ChatGPT-40 has brought a breakthrough to the
above-mentioned issues. LLMs capable of processing
and generating text, such as ChatGPT-4o, have distinct
advantages for non-experts, particularly in terms of
accessibility, ease of use, and broad application across
various fields. LLMs feature intuitive interfaces that enable
non-experts to effectively utilize advanced ML models
without requiring specialized technical expertise, making
them more accessible to a wider audience.”® LLMs also offer
several advantages for non-experts, including advanced
natural language understanding for easy interaction and
content generation,” the ability to provide contextually
accurate feedback with explanations in fields, such as
education and healthcare,” and enhanced decision support
by analyzing complex data and providing actionable
suggestions in areas like medicine.”” Regarding ML model
training, LLMs like ChatGPT-4o0 are designed with intuitive
user interfaces that facilitate easy interaction. Non-experts
can leverage these models for tasks such as building ML
models without requiring advanced programming skills. In
addition, LLMs streamline the process of data preparation
and preprocessing by automatically handling many of
the complexities involved in cleaning and structuring
data. This reduces the manual work typically required in
traditional ML pipelines, allowing non-experts to avoid
common data-related pitfalls. Most importantly, LLMs
like ChatGPT-40 improve interpretability by generating
text-based explanations for model predictions, making it
easier for non-experts to understand, which is particularly
beneficial in fields like healthcare and business, where
decision-making should be transparent.

In this study, we explore the use of ChatGPT-40 to
train and optimize ML models for predicting clinical
pregnancy outcomes based on data from IVF and FET
patients. ChatGPT-40 was tasked with preprocessing the
dataset, performing data splitting, and evaluating multiple
ML models, ultimately selecting random forest as the
best-performing model. The entire process was seamlessly
executed through prompt-based interactions and was
completed automatically, without human intervention.

The model achieved an AUROC of 0.83 and an accuracy of
85.45%, demonstrating strong predictive capability.

In this context, the specificity was low during the
evaluation of the models classification performance,
particularly when analyzing key classification metrics
(sensitivity, specificity, and MCC) after making predictions
onthetestset. Thisissuebecameevident whenassessingfalse
positives, where a significant portion of failed pregnancies
were misclassified as successes. A low specificity often
occurs when the dataset has significantly more success
cases than failures, causing the model to learn a biased
pattern that favors predicting success, which increases
false positives. In addition, if the decision threshold is too
low (e.g., 0.5), it struggles to confidently classify failures,
leading to misclassification and reduced specificity. The
precision-recall curve is useful for evaluating the model’s
performance, particularly in imbalanced classification
problems, and helps identify the threshold that minimizes
false positives while maintaining high recall. In this
context, we use precision-recall curve analysis to optimize
the classification threshold, enabling a balanced precision
and recall and preventing the model from favoring one
class disproportionately. Finding the optimal threshold
involves selecting a point that minimizes false positives
while maintaining high predictive performance, leading to
a better trade-off between sensitivity and specificity. After
adjusting the decision threshold to 0.548, the specificity
increased from 61.29% to 67.74%, enhancing the model’s
ability to correctly identify failed pregnancies.

The ‘black-box’ nature of ML models means they
make predictions without providing clear, interpretable
explanations for the decisions made.” This lack of
transparency poses a significant barrier to their acceptance
by clinicians and patients, especially when making decisions
that could impact patient health. After guiding ChatGPT-40
through a series of prompts to solve this problem, we
found that ChatGPT-40 could identify several key features
contributing to the predictions. ChatGPT-40 considered
“serum -HCG levels on the 7" day after FET” as the most
influential feature. B-HCG is a glycoprotein hormone
produced by the trophoblast cells of the placenta following
successful embryo implantation. This hormone plays a
vital role in maintaining early pregnancy and is essential
for embryo implantation and placenta development. Upon
implantation, the embryo signals the mother’s body to
produce B-HCG, which supports the corpus luteum in
the ovary to secrete progesterone, a hormone crucial for
maintaining pregnancy.’! Notably, numerous studies have
demonstrated that serum $-HCG levels on the 7* day can
accurately predict pregnancy outcomes.*** These findings
further indicate that by leveraging transparent, data-driven
insights, the model can accurately identify critical factors
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influencing IVF outcomes. This demonstrates the model’s
potential for clinical application, improving decision-
making processes in reproductive health.

It is important to note that while the fandom forest
model trained in this study achieves a good balance between
sensitivity and specificity, there remains a potential risk of
overfitting. Due to the limited computational resources
available in ChatGPT-40, we have only provided a small
sample of the training set to ensure a successful model
training task. A small training set may lead to good
performance on the training data but hinder the models
ability to generalize to new, unseen data. The model may
memorize noise and irrelevant details from the training
data rather than learning the actual patterns, leading to
overfitting.”” An AUROC of 0.83 is commendable but not
perfect, suggesting possible overfitting to the training data.
Although increasing the sample size can help mitigate the
issues to some extent, it still relies on OpenAl to provide
more computational resources to the users. Taken together,
the innovative aspects and the challenges encountered in
our study highlight both the potential and limitations of
the approach. On one hand, a key strength of this study is
the novel applications of LLMs, specifically ChatGPT-4o,
to optimize ML models for predicting IVF outcomes. This
approach bridges the gap between clinical knowledge
and advanced AI technology, making it more accessible
to clinicians with limited computational expertise. On
the other hand, the relatively small dataset, constrained by
the computational resources of ChatGPT-4o, introduces the
risk of overfitting, which can impact the model’s ability to
generalize to new, unseen data. The limited computational
resources available during the study hindered the use of
larger models and more complex algorithms, which could
have further enhanced the model’s generalizability. Future
work should focus on expanding the dataset, incorporating
data from multiple centers, and utilizing more advanced
computational resources. These would help to mitigate
overfitting and improve the generalizability of the model.

While the use of LLMs like ChatGPT-40 in optimizing
ML models for predicting IVF outcomes demonstrates
significant promise, incorporating more indicators during
clinical data collection will enhance model accuracy
and decision-making. For instance, dietary and lifestyle
interventions, such as reducing inflammation and
adjusting nutrient intake, may help alleviate endometriosis
symptoms and could be significant in predicting the
outcomes of IVF treatments in women with endometriosis
by potentially improving fertility conditions and symptom
management.® Inositol supplementation, particularly
myo-inositol, has shown potential benefits in improving
ovarian function and oocyte quality, which may enhance
IVF outcomes, especially for women with conditions such

as polycystic ovary syndrome or poor oocyte quality.”
In addition, early reproductive counseling and fertility
preservation options can significantly influence IVF
outcomes, particularly for those considering parenthood
after cancer treatment.”” Considering the above factors,
the future inclusion of these clinical data could potentially
enhance the accuracy of ML models based on LLMs for
predicting IVF outcomes.

In addition to using ML models to predict pregnancy
outcomes in IVE this approach can also be applied to the
prediction of other reproductive diseases. ML models can
also be employed to analyze complex genetic data from
embryos, enabling precise identification of chromosomal
abnormalities, genetic mutations, and other potential
issues before the embryo is implanted. For instance, ML
models, such as SVM and random forests, have been used
to predict the likelihood of successful embryo implantation
and identify embryos with optimal genetic profiles. These
techniques offer several advantages over traditional
methods, including the ability to handle large datasets,
reduce human error, and identify patterns in the data
that may not be immediately obvious."" Additionally, ML
models can also assist in identifying ectopic pregnancy by
analyzing clinical data such as serum markers, ultrasound
findings, and patient history. For instance, a study by
Rueangket et al.*> employed neural networks and logistic
regression models to predict ectopic pregnancy using
22 clinical features. Their model achieved an impressive
AUROC of 0.898, highlighting the potential of ML to
outperform traditional diagnostic methods.*? Moreover,
Aljameel et al® developed an automated miscarriage
prediction system using a gradient boosting classifier,
which showed a high accuracy of 93.4% in predicting the
risk of miscarriage in early pregnancy. Similarly, Amitai
et al.** used time-lapse imaging data and ML models like
XGBoost to predict the risk of first-trimester miscarriage,
achieving an AUC of 0.68 to 0.69. These results underscore
the utility of ML models in enhancing early miscarriage
prediction, which could lead to timely interventions and
better pregnancy outcomes.

5. Conclusion

This study explores the applications of LLMs, such as
ChatGPT-4o, in optimizing ML models to predict clinical
pregnancy outcomes based on IVF data. The study
demonstrates that ChatGPT-40 can effectively preprocess
data, evaluate multiple models, and optimize performance,
achieving an accuracy of 85.45% and an AUROC of 0.83,
highlighting its significant potential for enhancing IVF
outcome prediction. However, for medical applications,
an accuracy of 85.45% is insufficient. Due to the limited
computational power of ChatGPT-40, which restricts the
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size of the training set, the trained model still carries the
risk of overfitting. We speculate that increasing model
size will improve performance, enabling the model to
generate more accurate, contextually relevant, and diverse
responses across a wide range of topics.*® Thus, at this
stage, it is advisable for clinicians to maintain a leading role
in predicting clinical pregnancy outcomes, with Al-trained
ML models serving as a supportive tool rather than taking
the lead.
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