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Abstract

Purpose: Predicting the success of assisted reproductive technology (ART) remains a significant challenge due
to the complex interplay of clinical, embryological, and demographic factors. This study aimed to develop and
evaluate machine learning models, particularly deep learning-based approaches, to identify key predictors of ART
success and improve outcome prediction accuracy.

Materials and Methods: A retrospective study was conducted on 500 infertile couples undergoing ART treatment
between 2019 and 2024. A comprehensive dataset, including 84 clinical, embryological, and demographic
variables, was analyzed. The key predictors included endometrial thickness, endometrial pattern, embryo transfer
day, and hormonal markers (PRL, LH). Four machine learning models were implemented: Decision Tree,
Random Forest, XGBoost, and a Transformer-Based Model. Data preprocessing involved feature selection,
missing data handling, normalization, and oversampling techniques to address class imbalance. The models were
trained and validated using k-fold cross-validation, and performance was assessed using accuracy, precision,
recall, and F1 score.

Results: The Transformer-Based Model achieved the highest accuracy (99.7%), outperforming traditional
machine learning models. This performance was validated using k-fold cross-validation and oversampling to
mitigate overfitting and ensure generalizability. Endometrial pattern (r = 0.69) and endometrial thickness (r =
0.82) were the strongest predictors of ART success, emphasizing the dominant role of uterine factors. While
female age and infertility duration had a weak negative correlation, male infertility factors and lifestyle variables
(smoking, alcohol consumption) showed minimal predictive significance. Model-based feature importance
confirmed uterine and embryological factors as the primary determinants of ART success, indicating a potential
shift in treatment strategies toward optimizing endometrial receptivity and embryo transfer timing.

Conclusion: This study highlights the superiority of deep learning models in ART success prediction, with uterine
factors emerging as the strongest predictors. Integrating Al-driven predictive models into clinical practice can
enable personalized ART treatment, improved patient counseling, and optimized embryo transfer strategies,
ultimately enhancing fertility outcomes. However, the findings are based on data from a single medical center,
and further multi-center validation is needed to confirm the model’s generalizability.
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Deep Learning-Based Prediction of IVF Success: A Transformer Model Approach

1. Introduction

Assisted Reproductive Technology (ART) refers to
a set of medical interventions designed to assist
individuals and couples facing infertility in achieving
pregnancy [1,2]. Among these techniques, in vitro
fertilization (IVF) is the most widely used and
extensively studied method. IVF involves the retrieval
of oocytes from the ovaries, fertilization with sperm in
a controlled laboratory environment, and the
subsequent transfer of viable embryos into the uterus.
Since its introduction, IVF has undergone significant
advancements, improving success rates through
innovations in embryo culture, cryopreservation, and
genetic screening [3—-5]. However, despite these
developments, IVF outcomes remain highly variable,
with success rates influenced by multiple biological,
clinical, and technical factors. Optimizing IVF success
requires a thorough understanding of these
determinants, prompting researchers to explore
advanced analytical methods, including artificial
intelligence and machine learning, to improve
prediction accuracy and treatment outcomes [6—10].

The high financial burden of each IVF cycle,
coupled with the emotional and psychological stress
of repeated failures, places immense pressure on
infertile couples. These challenges highlight the
urgent need for more accurate predictive models that
can assess the likelihood of IVF success before
initiating treatment. By developing a reliable and
efficient IVF outcome prediction model, clinicians can
personalize treatment strategies, optimize embryo
selection, and enhance the overall success rates of
ART. A robust predictive framework can help reduce
unnecessary procedures, lower financial costs, and
improve patient counseling, ultimately leading to
more effective infertility management and higher
patient satisfaction [11,12]. These challenges
highlight the urgent need for more accurate predictive
models that can assess the likelihood of IVF success
before initiating treatment. By developing a reliable
and efficient
clinicians

IVF outcome prediction model,
treatment  strategies,
optimize embryo selection, and enhance the overall
success rates of ART [13-15].

can personalize

Recent advances in artificial intelligence (Al),
particularly in machine learning (ML), have shown
promising potential in reproductive medicine by
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enabling more accurate and personalized predictions
of IVF outcomes [10, 14, 16]. Despite these advances,
predicting IVF success remains challenging due to the
multifactorial and heterogeneous nature of infertility,
has shown promising potential in reproductive
medicine by enabling more accurate and personalized
predictions of IVF outcomes [17-19]. ML algorithms
such as decision trees, random forests, and deep
learning networks can uncover complex relationships
among physiological, embryological, and clinical
variables that influence ART success [20, 21]. These
Al-based approaches provide clinicians with refined
tools for optimizing embryo selection, transfer timing,
and overall treatment planning [22-26]. Al-based
models have demonstrated improved predictive
accuracy over traditional statistical methods in several
studies, particularly in analyzing complex, high-
dimensional ART datasets [10, 27].

Over the past decade, the application of ML
techniques to IVF outcome prediction has evolved
significantly, reflecting growing interdisciplinary
collaboration between reproductive medicine and
computational science. Dehghan ef al. [28] conducted
a comprehensive comparison of five prominent ML
algorithms—Random  Forest, Artificial Neural
Network (ANN), Support Vector Machine (SVM),
Recursive Partitioning and Regression Trees
(RPART), and AdaBoost—in combination with
genetic algorithm (GA) feature selection, for IVF
success prediction. Their findings demonstrated that
AdaBoost, when integrated with GA-based feature
selection, achieved the highest accuracy (89.8%),
while Random Forest with GA achieved 87.4%.
Feature selection proved crucial, with ten key
variables (including female age, AMH, endometrial
count, and embryo quality
identified as the most

thickness, sperm
indicators) consistently
influential predictors. Similarly, Hassan et al. [29]
utilized a hill climbing attribute selection algorithm
and five ML models (MLP, SVM, C4.5, CART, and
RF) to predict IVF outcomes, reporting that feature
selection improved predictive
highlighting attributes such as age, antral follicle
count, fertilization rate, and embryo transfer day as

accuracy and

major determinants of pregnancy success. Yigit ef al.
[30] compared nine classification algorithms in a
cohort of 939 embryo transfers, finding that ensemble
models such as Random Forest and Super Learner
achieved the highest F1 scores (74% and 73%,
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respectively) and accuracy (89%), with maternal age,
transfer day, and oestradiol concentration emerging as
significant predictors.

Comparative studies have further highlighted the
advantages of advanced ML models over classic
statistical approaches. Barnett-Itzhaki ez al. [16] found
that machine learning algorithms (SVM, NN)
outperformed logistic regression in predicting key IVF
outcomes, especially when clinical data was
incorporated, achieving accuracies of up to 0.9
compared to 0.74 for logistic regression. Sadegh-
Zadeh et al. [11] underscored the potential of
ensemble learning paradigms—including Logit Boost
and Random Forest—for enhancing prediction, with
Logit Boost reaching an accuracy of 96.35% using
extensive datasets and detailed patient profiling. Other
recent works have explored the utility of convolutional
neural networks (CNNs) and automated time-lapse
imaging for single-embryo selection, reporting
practical accuracies of up to 85% in supporting
embryo selection and reducing observer variability
[31]. Collectively, these studies demonstrate that
advanced ML and feature selection techniques not
only improve predictive performance but also identify
novel determinants of IVF success, supporting more
individualized and effective patient care. However, the
literature also notes ongoing challenges regarding
model generalizability, integration with clinical
workflows, and the need for external validation in
diverse patient populations.

Despite promising results, previous studies have
faced limitations such as reliance on conventional
ensemble algorithms, narrow variable selection, and
limited generalizability due to suboptimal model
complexity or data preprocessing techniques. These
approaches often underrepresent critical feature
interactions—particularly in embryological and
uterine domains—and fail to achieve high precision
necessary for clinical adoption. To address these
limitations, our study introduces a Transformer-Based
deep learning model capable of capturing nonlinear,
high-dimensional relationships across 84 clinical,
hormonal, demographic, and embryological features.
This model not only achieves superior predictive
performance but also shifts focus toward
underexplored predictors such as endometrial pattern
and thickness, thereby offering clinically actionable
insights for personalized ART decision-making.
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This study presents a novel approach to predicting
the outcomes of ART and IVF cycles using advanced
ML techniques. By systematically analyzing a wide
range of patient-related, embryological, and clinical
variables, this research provides new insights into the
key determinants of ART success.

2. Materials and Methods

Our study employed a systematic machine learning
approach to predict in vitro fertilization outcomes, as
illustrated in Figure 1. This framework integrates
multi-dimensional patient data through a structured
pipeline of data processing, model development, and
performance evaluation. The methodology begins
with comprehensive preprocessing of 84 variables
across demographic, clinical, and embryological
domains. Four distinct machine learning algorithms
were systematically implemented and optimized:
Decision Tree, Random Forest, Gradient Boosting
(XGBoost), and a Transformer-based model. Each
algorithm underwent rigorous hyperparameter tuning
to maximize predictive accuracy. The framework
culminates in a thorough evaluation using multiple
performance metrics, enabling the identification of
key success determinants for personalized ART
treatment planning. This
represents a significant

integrated approach

advancement in the
application of artificial intelligence to reproductive
medicine, offering clinicians a reliable tool for
optimizing patient outcomes.

2.1. Study Design and Data Collection
2.1.1. Data Source and Patient Selection

This study was conducted at Imam Khomeini
Hospital, affiliated with Ahvaz Jundishapur
University of Medical Sciences, located in Ahvaz,
Iran. Data were retrospectively collected from patients
undergoing ART treatment between 2019 and 2024.
Demographic, clinical, laboratory, and imaging data
were extracted from electronic medical records and
structured checklists completed by trained personnel.
Hysterosalpingography =~ (HSG)  images  were
interpreted by an experienced reproductive specialist.
All data were anonymized prior to analysis.
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2.1.2. Inclusion and Exclusion Criteria

Eligible participants were infertile couples, defined
by failure to conceive after one year of unprotected
intercourse in women under 35 or after six months in
women over 35. Exclusion criteria included: (1) use of
ART for non-infertility reasons such as gender
selection or multiple gestation; (2) use of donor
gametes or surrogacy; (3) incomplete or unreliable
medical records; and (4) refusal to provide informed
consent. After applying these criteria, 500 cases were
included in the final analysis.

2.2. Feature Selection and Data Preprocessing

2.2.1. Identification of Key Variables

In this study, a total of 84 variables were selected
based on their potential impact on ART success. These
variables were categorized into five main groups: (1)
Demographic factors, including patient age, height,
weight, and BMI; (2) Infertility history, such as
primary or secondary infertility, infertility duration,
and unexplained infertility; (3) Clinical and laboratory
parameters, including hormone levels (FSH, LH,
AMH, PRL, E2), metabolic conditions (diabetes,

hypertension, thyroid disorders), and uterine

abnormalities (fibroids, endometriosis, adenomyosis);
(4) Lifestyle factors, such as smoking, alcohol
consumption, and occupational hazards; and (5)
Embryological characteristics, including the number
and quality of retrieved oocytes, embryo morphology,
day of embryo transfer, and freezing status. These
variables were selected based on prior medical studies
and expert consultation, ensuring that the dataset
comprehensively captures the determinants of ART
outcomes. After initial expert-driven selection based
on clinical relevance, Recursive Feature Elimination(
RFE) [32,33] using Random Forest and logistic
regression models was applied to identify the most
predictive variables. Correlated and redundant
features were removed to enhance model stability and
interpretability. A structured checklist includes
demographic, clinical, and embryological factors
(Table 1).

To reduce dimensionality and enhance model
performance, feature selection was conducted in two
stages. First, an expert panel preselected clinically
relevant variables. Then, RFE using Random Forest
and Logistic Regression was applied to identify the
most predictive subset of features. This process
reduced noise and improved generalizability.

Machine Learning Framework for ART Success Prediction

Study Population
Infertile couples (2019-2024)

Feature Selection
84 variables (5 categories)

Data Collection & Preprocessing

Data Preprocessing
Normalization & Transformation

Y

Random Forest
Hyperparameters:
- n_estimators (50-200)
- Max depth, Bootstrap
- GridSearchCV optimized

Decision Tree
Hyperparameters:
- Splitting criterion
- Max depth (10-30)
- Min samples splitfleaf

Machine Learning Models

XGBoost Transformer
Hyperparameters: Configuration:
- Learning rate {0.01-0.2) - 3 layers

- Subsample, colzample
- GridSearchCV optimized

- Learning rate: 0.0001
- Adam optimizer

Y

Model Evaluation

Performance Metrics: Accuracy, Precision, Recall, F1 Score, Cross-Validation

Y

[ Key Contributions and Clinical Applications ]

Figure 1. Comprehensive Machine Learning Framework for Predicting ART/IVF Success Outcomes
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Table 1. Categorized List of Study Features with Descriptions

Description

Category Variables
Female age, Male age, Female height, Male height, Female
Demographic weight, Male weight, Female BMI, Male BMI, Female
Variables occupation, Male occupation, Blood type (female), Blood type
(male)
- . Infertility duration, Primary infertility (female/male), Seconda
Infertility History nfortility (femaloimale). Unexplained infertlity Y
Female Menstrual disqrders, Severe pelvic adhesions, Epdometriosis,
. AFC (total/right/left), HSG results, Hydrosalpinx, PCOS,
Reproductive . . R
Factors Endometrioma, Uterine fibroids (intramural, subserosal,

Male Factors
Clinical &

Laboratory
Parameters

Lifestyle Factors

COVID-19 Factors

Embryological

Factors

Outcome Variable

submucosal), Adenomyosis, Salpingitis
Semen analysis category, FSH (male), Testicular biopsy, TESE
outcome, DFI, Varicocele surgery, Genital surgery, Karyotype
(male)

Female FSH, LH, PRL, AMH, E2 (baseline), Male FSH,
Diabetes, Hypertension, Thyroid dysfunction, Anemia,
Hepatitis, Lupus & Antiphospholipid Syndrome (female/male)
Smoking, Opioid use, Alcohol consumption, Vitamin D levels
(female and male)

COVID-19 history and vaccination status (female and male)

Number of retrieved oocytes, Number of transferred embryos,
Embryo quality, Embryo freezing status, Embryo morphology,
Day of embryo transfer
Final ART outcome (chemical pregnancy based on positive Beta

Basic physiological and
social characteristics of
both partners

Duration and type of
infertility; unexplained
causes

Gynecologic history,
ovarian reserve, uterine
anomalies, tubal disease

Semen quality, hormonal
markers, surgical history,
genetic factors
Hormonal and systemic
health indicators for both
partners
Behavioral and nutritional
influences on fertility
Impact of COVID-19
infection and
immunization on ART
outcomes
Lab-based embryo
characteristics and transfer
protocol
Primary outcome variable

HCG test)

representing ART success

2.2.2. Handling Missing Data and Outliers

To maintain data accuracy and reliability, rigorous
preprocessing techniques were applied. Missing data
were handled using a combination of imputation
methods and exclusion criteria. For variables with
minimal missing values (<5%), missing entries were
replaced using mean or median imputation for
continuous variables and mode imputation for
categorical variables. However, cases with extensive
missing data (>20% of key variables) were excluded
Outliers were detected using
and z-score

to prevent bias.
interquartile range (IQR) analysis
thresholding. Clinically implausible values, such as
extreme BMI values or unrealistic hormone levels,
were further reviewed by domain experts and either
corrected or removed. These preprocessing steps
ensured that the dataset remained statistically robust
and clinically meaningful.
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A summary of missing data frequencies is presented
in Table 2. Variables with more than 5% missing data
included AMH (7.4%), PRL (6.9%), and embryo
morphology (6.1%). In total, 28 patient records were
excluded from the final dataset due to missing more
than 20% of essential variables, resulting in 472
complete cases used for analysis.

Table 2. Missing Data Summary and Case Exclusions

Variable Missing Rate (%)
AMH 7.4
PRL 6.9
Embryo Morphology 6.1
Vitamin D (Female) 5.8
Total Cases Excluded 28

2.2.3. Data Normalization and Transformation

To optimize machine learning performance and
improve the stability of predictive models, data
normalization and transformation techniques were
implemented. Continuous variables (e.g., age, BMI,
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hormone levels) were standardized using z-score
normalization, where each value was rescaled based
on the mean and standard deviation. This helped
mitigate the effects of different scales among
variables. Categorical variables (e.g., infertility type,
embryo quality, smoking status) were encoded using
one-hot encoding for nominal data and label encoding
for ordinal categories. Additionally, skewed numerical
distributions, such as hormone levels and embryo
parameters, transformed  using  log
transformation to approximate a normal distribution,
reducing the impact of extreme values on model
predictions. These preprocessing steps ensured that
the dataset was well-prepared for machine learning
enhancing both interpretability and
predictive accuracy.

WeEre

analysis,

2.3. Machine Learning Models and
Implementation

2.3.1. Decision Tree Classifier

The Decision Tree Classifier is a simple yet
effective model that partitions the dataset into decision
nodes based on feature importance [34]. It was
configured with different hyperparameters to optimize
its performance. The splitting criterion was set to
either Gini impurity or entropy, determining how
nodes were divided. The maximum depth of the tree
was tested with values None (unlimited), 10, 20, and
30, ensuring a balance between model complexity and
overfitting. Additionally, min_samples split were
varied (2, 5, 10) to control the minimum number of
samples required for a node to split, while
min_samples leaf (1, 2, 4) determined the minimum
samples per leaf node to prevent overfitting. The
random state was fixed at 42 for reproducibility.
Unlike other models, the Decision Tree Classifier was
implemented without GridSearchCV, as it primarily
served as a baseline for comparison with more
complex models.

2.3.2. Random Forest Classifier

The Random Forest Classifier [35], an ensemble
learning method, was employed to enhance predictive
accuracy by aggregating multiple decision trees. This
model was optimized using GridSearchCV, ensuring
systematic hyperparameter tuning. The number of
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trees (n_estimators) was varied across 50, 100, and
200, while the maximum tree depth was tested with
values None, 10, 20, and 30, preventing overfitting by
limiting node expansion. Additionally, the minimum
samples required for node splitting
(min_samples_split) and minimum samples per leaf
node (min_samples_leaf) were tuned with values 2, 5,
10 and 1, 2, 4, respectively. The model also tested
bootstrap sampling, which was either enabled (True)
or disabled (False), determining whether the training
data were sampled with replacement. A random state
of 42 was used to ensure reproducibility. Given its
ability to handle high-dimensional and imbalanced
datasets, the Random Forest Classifier was expected
to perform robustly across different ART outcome
variables.

2.3.3. Gradient Boosting (XGBoost)

The XGBoost Classifier was implemented as a
gradient boosting technique [35], optimizing decision
trees sequentially to minimize errors iteratively.
Hyperparameter conducted using
GridSearchCV to enhance predictive accuracy. The
number of estimators (n_estimators) was tested at 50,

tuning was

100, and 200, while the maximum tree depth
(max_depth) was varied across None, 10, 20, and 30
to balance model complexity. The learning rate
(learning_rate) was adjusted with values 0.01, 0.1, and
0.2, controlling how much the model updated its
weights during training. To prevent overfitting,
subsample ratios (subsample) were tested at 0.8, 0.9,
and 1.0, indicating the proportion of training data used
per boosting iteration. Similarly, feature selection per
tree (colsample bytree) was varied at 0.8, 0.9, and 1.0,
determining how many features were considered at
each split. The random state was set to 42 for
reproducibility.  Given = XGBoost’s  superior
performance in handling non-linear interactions and
imbalanced data, expected to perform
effectively in predicting ART outcomes.

it was

2.3.4. Transformer-Based Model

A Transformer-based deep learning model was
implemented to capture complex feature interactions
in ART prediction [36, 37]. This model consisted of
three layers (num_layers = 3) and was trained using a
batch size of 8 over 100 epochs to optimize weight
updates effectively. The learning rate (Ir) was set to
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0.0001, ensuring gradual convergence without
overshooting optimal values. The Cross Entropy Loss
function was used to measure classification errors,
making it suitable for multi-class categorization. The
model was optimized using the Adam optimizer,
which efficiently adjusted learning rates per
parameter, incorporating weight decay regularization
to mitigate overfitting. The Sigmoid activation
function was applied to interpret output probabilities
as ART success likelihoods. Model training was
conducted using PyTorch and the Transformers
library, leveraging Google Colab’s cloud computing
resources for computational efficiency. Given its
ability to analyze sequential dependencies and
complex feature interactions, the Transformer-based
model aimed to provide superior predictive accuracy
compared to traditional machine learning methods.

The Transformer model architecture [36, 38]
consisted of 3 encoder layers, each with 4 multi-head
attention heads, a feed-forward hidden layer of 128
dimensions, and an embedding size of 64. A batch size
of 8 was used due to hardware constraints and to
maintain stable gradient updates during training. The
choice of three layers balanced complexity with our
dataset size to reduce overfitting while capturing
relevant feature interactions.

2.4. Model Training and Evaluation

2.4.1. Data Splitting (Training, Validation, and
Testing Sets)

To ensure reliable model evaluation, the dataset was
divided into three folds using k-fold cross-validation.
This method allows each fold to be used as a test set
while the remaining folds serve as the training set,
enhancing the generalizability of the model. Stratified
k-fold cross-validation was employed to maintain the
same class distribution across all folds, preventing bias
toward majority-class samples.

To  further mitigate overfitting, dropout
regularization (rate = 0.3) was implemented between
layers in the Transformer model, in addition to weight
decay. Despite these precautions, we acknowledge
that the model was trained on data from a single
institution and not validated on an external dataset.
Future studies are needed to evaluate generalizability
across different clinical settings.
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2.4.2. Class Distribution and Oversampling

Given the inherent class imbalance in ART
outcomes, oversampling was applied to the training
sets to increase the representation of successful ART
cycles. This technique involved synthetically
replicating instances from the minority class, thereby
balancing the dataset and preventing the model from
being biased toward negative outcomes. Additionally,
to mitigate overfitting, smoothing techniques were
used to reduce the impact of noise and outlier data
points. These techniques enhanced the model’s ability
to identify underlying patterns rather than memorizing
specific instances, leading to improved generalization
on unseen data. By combining oversampling and
smoothing, the final model achieved a more stable and
reliable  performance across different data
distributions.

To address class imbalance, we applied the
Synthetic ~ Minority = Oversampling  Technique
(SMOTE) [39], which increased the number of
successful ART cases from 117 to 234, achieving a
near-balanced training dataset with 234 positive and
238 negative cases. This method was selected to avoid
underfitting and ensure equitable learning across
classes. To avoid data leakage and ensure robust
model evaluation, SMOTE was applied separately
within each training fold of the k-fold cross-validation
procedure. The validation folds remained untouched,
preserving the independence of the test data.

2.4.3. Hyperparameter Optimization

To enhance model performance, hyperparameter
tuning was conducted using GridSearchCV and
random search methods, allowing for systematic
exploration of parameter combinations. For Decision
Tree and Random Forest models, key hyperparameters
such as maximum tree depth, minimum samples
required for a split, minimum samples per leaf, and the
number of estimators were optimized to balance
model complexity and prevent overfitting. In the
XGBoost model, critical parameters including
learning rate, number of estimators, tree depth,
subsampling rate, and feature selection ratio were fine-
tuned to improve convergence speed and classification
accuracy. Additionally, for the Transformer-based
model, adjustments were made to the number of
layers, batch size, learning rate, and weight decay to
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optimize deep learning performance and enhance
generalization. These optimizations ensured that each
algorithm was efficiently trained, minimized
overfitting, and achieved the highest possible
predictive accuracy in ART outcome classification.

2.4.4. Performance Metrics

The predictive performance of the models was
assessed using multiple evaluation metrics to ensure a
comprehensive and reliable comparison. Accuracy
was used as a general measure of the model’s overall
correctness in classifying ART outcomes. However,
given the class imbalance in ART success prediction,
additional considered. Precision
quantified the proportion of correctly predicted
positive cases out of all cases classified as positive,
ensuring that the model did not generate excessive
false positives. Recall (sensitivity) measured the
model’s ability to correctly identify actual positive
cases, which is crucial in medical applications where
missing a successful ART outcome could lead to

metrics were

suboptimal clinical decisions. To balance precision
and recall, the F1 score, defined as the harmonic mean
of these two metrics, was computed, providing a more
robust measure of model performance. These metrics
were calculated for each algorithm, enabling a
comparative analysis to identify the most effective
model for predicting ART success.

2.5. Statistical and Correlation Analysis

2.5.1.Correlation Between Clinical Factors and
ART Success

To identify key predictors of ART success,
correlation analysis was conducted between clinical
variables and ART outcomes. Pearson’s correlation
coefficient was used for continuous variables (e.g.,
age, BMI, hormone levels, embryo characteristics),
while Spearman’s rank correlation was applied to
categorical and ordinal variables (e.g., infertility type,
previous surgeries, smoking status). The results
indicated that female and male age had a strong
negative correlation with ART success, while
endometrial thickness, embryo morphology, and day
of embryo transfer showed a positive correlation with
successful implantation. Other commonly assumed
predictors, such as BMI, smoking, alcohol
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consumption, and metabolic conditions, demonstrated
no significant correlation with ART outcomes.

2.5.2. Statistical Tests for Feature Significance

To further evaluate the statistical significance of
selected features, independent t-tests and Mann-
Whitney U tests were used for continuous variables,
comparing successful versus unsuccessful ART
cycles. Chi-square tests were applied to categorical
variables to determine their association with ART
success. Additionally, logistic regression analysis was
performed to estimate the predictive weight of each
feature, identifying the most influential factors for
ART outcomes. The statistical tests provided a robust
foundation for feature selection and model refinement,
ensuring that only clinically relevant variables were
incorporated into the final predictive model.

3. Results

3.1. Descriptive Statistics

3.1.1.Demographic and Clinical Characteristics
of Patients

A total of 500 infertile couples were included in this
study. The mean age of women was 32.16 years (SD
= 4.8), while the mean age of men was 36.38 years
(SD =5.3). The majority of women had a normal BMI,
with a mean value 0f 26.69 kg/m? (SD = 3.4), and most
men fell within the overweight category, with a mean
BMI of 26.85 kg/m? (SD = 3.7). In terms of infertility
history, primary infertility was more common than
secondary infertility, with 62% of couples
experiencing primary infertility and 38% experiencing
secondary infertility. The mean duration of infertility
was 4.2 years (SD = 2.1). Among clinical conditions,
22% of women had a history of endometriosis, 34%
had PCOS, and 18% had uterine fibroids.

Additionally, 26% of men had a history of
varicocele surgery, and 31% had abnormal semen
analysis results. Regarding lifestyle factors, 19% of
women and 27% of men reported smoking, while 12%
of women and 21% of men reported alcohol
consumption.
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Statistical analysis confirmed significant associations
between key clinical variables and ART success.
Independent t-tests and Mann-Whitney U tests showed
that endometrial thickness (p < 0.001) and endometrial
pattern (p = 0.002) were significantly higher in
successful ART cycles. Chi-square tests indicated no
meaningful association between BMI (p = 0.41),
smoking status (p = 0.58), or male infertility factors (p
= 0.67) and ART success. Logistic regression analysis
identified endometrial thickness (OR = 2.45, 95% CI:
1.88-3.12), embryo transfer day (OR = 1.72, 95% CI:
1.36-2.19), and baseline PRL levels (OR = 1.29, 95%
CI: 1.10-1.52) as the most influential predictors, while
female age (OR = 0.91, 95% CI: 0.86-0.97) and
infertility duration (OR = 0.94, 95% CI: 0.89-0.99) had
weaker effects. These findings reinforce the dominance
of uterine receptivity and embryo-related factors in
ART success and highlight their importance in
predictive

modeling and personalized treatment

approaches.

Table 3 presents a summary of key demographic
and clinical variables. Continuous variables are
reported as means + standard deviations (SD) along
with ranges, while categorical variables are expressed
as frequencies and percentages.

3.1.2.Distribution of ART Outcomes

The overall success rate of ART, defined by a
positive Beta HCG test. A detailed analysis of success
rates across different age groups revealed a gradual
decline in ART success with increasing age,
highlighting the impact of maternal and paternal age
on reproductive outcomes. Among women, the
highest success rate was observed in the 20—30-year
age group (13.55%), which remained relatively stable
in the 30—40-year group (13.23%). However, a sharp
decline was noted in women aged 40—50 years, where
the success rate dropped to 4.30%, indicating a
significant reduction in fertility potential with
advancing age. A similar trend was observed in men,
where younger males (20-30 years) exhibited the
highest success rate (14.15%), which decreased
slightly in the 30—40-year age group (12.63%) and
further declined to 11.11% in men aged 40—50 years.
These findings underscore the negative impact of
aging on ART success, particularly in women over 40,
where the decline is more pronounced. The results
emphasize the

importance of early fertility
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intervention and personalized treatment strategies to
optimize outcomes for couples undergoing ART. 3.2
Correlation Analysis and Feature Importance.

Table 3. Summary of Demographic and Clinical

Characteristics
. Mean + SD  Frequency
Variable (Range) (%)
Female Age (years) 32(2116j 5‘;'8 -
Male Age (years) 36('235_?25)'3 -
Female BMI (kg/m?) (216 é629_j3[ 43 64) -
Male BMI (kg/m?) (216 9.815_§53 37) -
Infertility Duration 4.2 4+2.1 (1- )
(years) 12)
Primary Infertility - 310 (62%)
Secondary Infertility - 190 (38%)
Endometriosis (female) - 110 (22%)
PCOS (female) - 170 (34%)
Uterine Fibroids o
(female) ) 20 (18%)
Varicocele Surgery ) 130 (26%)

(male)

Abnormal Semen ) 155 (31%)

Analysis (male)
Smoking (female) - 95 (19%)
Smoking (male) - 135 (27%)
Alcohol Use (female) - 60 (12%)

Alcohol Use (male) - 105 (21%)

3.1.3.Correlation Between Clinical Factors and
ART Success

A correlation analysis was conducted to evaluate
the relationship between various clinical variables and
ART success. Among female-related factors, maternal
age demonstrated a negative correlation (-0.079) with
ART success, indicating that older maternal age is
associated with a lower probability of pregnancy.
However, other commonly assumed predictors,
including BMI,
metabolic disorders (diabetes, hypertension, thyroid
dysfunction), and infertility type (primary vs.
secondary), showed no significant correlation with
ART success. In contrast, endometrial factors
emerged as the strongest predictors, with endometrial
thickness (r = 0.82) and endometrial pattern (r = 0.69)
showing a strong positive correlation with successful

smoking, alcohol consumption,
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implantation. These findings emphasize the crucial
role of uterine receptivity in ART outcomes,
suggesting that optimizing endometrial conditions
may be more critical than other demographic or
lifestyle factors.

Similarly, among male-related factors, paternal age
exhibited a weak negative correlation (-0.065) with
ART success, though its impact was less pronounced
than maternal age. Other male factors, including
semen analysis, history of infertility surgeries,
smoking, alcohol consumption, and metabolic
disorders, did not show a significant relationship with
ART outcomes. Interestingly, primary male infertility
had a weak positive correlation (0.051), suggesting a
slight increase in ART success in these cases, though
the effect size was negligible. Regarding medical and
embryological variables, both embryo morphology (r
= 0.159) and embryo transfer day (r = 0.170) had a
positive correlation with ART success, highlighting
the importance of embryo selection and optimal
transfer timing. Conversely, cryopreservation of
embryos exhibited a weak negative correlation (-
0.042), suggesting a marginal advantage for fresh
embryo transfers over frozen cycles. Notably,
COVID-19 status, and
autoimmune

history,  vaccination

conditions (such as lupus and
antiphospholipid syndrome) did not show any
significant correlation with ART success, further
reinforcing the dominance of uterine and
embryological factors in determining treatment
outcomes. For logistic regression, the model yielded
an AUC-ROC of 0.84 and a Nagelkerke pseudo R? of
0.61, indicating strong discrimination and moderate

explanatory power.

The reported success rates across age groups
represent per-cycle chemical pregnancy rates, based
on a single embryo transfer per treatment cycle. These
rates are slightly lower than internationally reported
averages (typically 20-35%) for IVF success. This
discrepancy may be explained by characteristics of the
study population, which includes patients with
complex infertility etiologies and delayed access to
ART services. Additionally, protocol variations and
resource limitations inherent to a single-center setting
may have influenced the outcomes. Cumulative
success rates across multiple cycles were not assessed
in this study but may yield higher overall pregnancy
probabilities.

XX

3.2. Key Predictors of ART Success

Feature importance analysis was conducted using
Random Forest and XGBoost models, ranking
variables based on their predictive contribution to
ART success (Figures 2 and 3). The results revealed
that uterine factors played the most significant role in
determining ART outcomes. Among the top-ranking
features, endometrial pattern emerged as the strongest
predictor, emphasizing the importance of a receptive
and  well-structured endometrial lining  for
implantation. Similarly, endometrial thickness was
identified as a critical determinant of successful
implantation, aligning with clinical findings that a
well-prepared  uterine  environment  enhances
pregnancy rates. Embryo transfer day also had a high
predictive value, indicating that later-stage embryo
transfers were associated with higher success rates,
further reinforcing the importance of precise embryo
transfer timing. Additionally, baseline prolactin (PRL)
levels were found to be a key factor, highlighting the
role of hormonal balance in ART
Interestingly, while BMI showed no significant

correlation in standard statistical analysis, it was

SUCCEsS.

identified as an influential predictor in some machine
learning models, suggesting a potential nonlinear
interaction with other physiological factors.

3.3. Model Performance Evaluation
3.3.1.Comparison of Machine Learning Models

The performance of the four machine learning
models—Random Forest Classifier, Decision Tree
Classifier, XGBoost Classifier, and Transformer-
Based Model—was evaluated based on their ability to
predict ART success. The results, summarized in
Table 4, highlight the accuracy, precision, recall, and
F1 score for each model.

The Transformer-Based Model
highest overall performance, with an accuracy of
99.7% and an F1 score of 0.998, indicating
exceptional predictive power. The Random Forest

achieved the

Classifier and XGBoost Classifier also performed
well, with high accuracy and balanced precision-recall
values, while the Decision Tree Classifier exhibited
the weakest performance among the models.
Transformer-Based Model: This model had the lowest
False Negative rate, meaning it successfully identified

FBT, Vol. 13, No. 2 (Spring 2026) XX-XX
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Figure 2. Feature Importance Analysis Using the Random Forest Model

the majority of positive cases (successful ART cycles)
with minimal misclassification (Figure 4). A
comparative analysis of the confusion matrices
revealed that the Transformer-Based Model achieved
the highest accuracy in predicting ART outcomes,
with the lowest false negative rate—making it
especially effective at identifying successful ART
cases. In contrast, the Random Forest and XGBoost
classifiers, while performing well overall, showed
higher false positive rates and a tendency to
overestimate success. The Decision Tree Classifier
exhibited the weakest performance, with higher rates
of misclassification for both positive and negative
cases. Overall, these results demonstrate that deep
learning methods, particularly transformer-based
models, provide superior precision and reliability for

FBT, Vol. 13, No. 2 (Spring 2026) XX-XX

ART success prediction compared to traditional
machine learning approaches.

Figure 5 presents a t-SNE visualization illustrating
the distribution of data points in the feature space
across different machine learning models. This figure
illustrates how each machine
differentiates between successful and unsuccessful
ART cases in the high-dimensional feature space. The
Transformer-Based Model shows clear separation
between classes, indicating feature
representation and predictive discrimination, while
other models show greater overlap, reflecting lower
classification precision

learning model

superior
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Figure 3. Feature Importance Analysis Using the XGBoost Model

Table 4. Model Performance Metrics

clinical,

of

set
embryological, and demographic factors. Our findings

comprehensive

a

analyzing

F1
Score

Recall
0.9754 0.9856

Accuracy Precision

Model

0.9966
0.9861
0.9796
1.0000

0.9940
0.9940
0.9940
0.9970

RandomForest

revealed that endometrial pattern and thickness were

0.9859 0.9860

0.9930 0.9862

Tree

1S10n

.

Dec

the strongest predictors of ART success, emphasizing
the critical role of uterine receptivity in implantation

XGBoost
Transformer-

0.9970 0.9980

outcomes. Additionally, embryo transfer day and

Based

baseline prolactin (PRL) levels were identified as

influential factors, whereas BMI, male infertility

parameters, and lifestyle factors (e.g., smoking,

alcohol consumption) had minimal predictive value.

IScussion

4.D

This study aimed to develop and evaluate machine

learning models for predicting ART success by

FBT, Vol. 13, No. 2 (Spring 2026) XX-XX

XX



M. Zargar , et al.

True
Unsuccessful

Successful

Unsuccessful

Predicted

- 250

- 200

150

100

Successful

Figure 4. Confusion Matrix of the Transformer-Based Model for ART Success Prediction

Among the machine learning models tested, the
Transformer-Based Model achieved the highest
accuracy (99.7%) and the lowest false negative rate,
making it the most effective tool for ART outcome
prediction.

Our findings align with the study by Wang et al.
[40], which used machine learning algorithms to
predict clinical pregnancy in IVF and identified
female age and duration of infertility as negative
predictors, while the total number of frozen and
transferred embryos had a positive effect on
pregnancy outcomes. However, unlike Wang et al.
[40], our study found that uterine factors (endometrial
pattern and thickness) were more critical than embryo
quantity, suggesting that implantation potential may
be more dependent on uterine receptivity rather than
the number of transferred embryos. These results
indicate that future ART treatment strategies should
focus more on optimizing the uterine environment
rather than increasing the number of transferred
embryos. Similarly, Dehghan et al. [28], who
employed genetic algorithms (GA) for feature
selection in IVF prediction, identified female age,

FBT, Vol. 13, No. 2 (Spring 2026) XX-XX

AMH, endometrial thickness, and embryo quality as
key determinants of ART success. While our study
similarly found endometrial thickness to be a major
predictive factor, we observed a lower impact of AMH
and female age, potentially due to the stronger
influence of uterine factors and hormonal markers in
our model. Additionally, our Transformer-Based
Model outperformed traditional ensemble models,
whereas Dehghan et al. [28] found AdaBoost to be the
most accurate predictive algorithm, suggesting that
deep learning approaches may provide enhanced
predictive power in complex ART datasets. In
Dehghan et al's study, AdaBoost achieved an
accuracy of 91.2% and an F1 score of 0.89 for IVF
outcome prediction, while Peng et al. reported that
their Random Forest model achieved an accuracy of
93.6% with an F1 score of 0.91. In contrast, our
Transformer-Based Model outperformed both, with an
accuracy of 99.7% and an F1 score of 0.998. This
substantial improvement underscores the Transformer
architecture’s enhanced capacity to capture complex
feature interactions and sequential dependencies,

XX
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positioning it as a next-generation tool for ART
outcome prediction.

A detailed evaluation of the predictive models
provided valuable insights into the key factors
influencing ART success and their clinical relevance.
Machine learning algorithms, particularly the
Transformer-Based Model and XGBoost, identified
uterine factors, embryo characteristics, and hormonal
markers as the most significant predictors of ART
outcomes. In contrast, demographic factors, lifestyle
variables, and male infertility parameters played a
minimal role in determining ART success. These
findings underscore the importance of precisely
assessing and optimizing the uterine environment to
enhance implantation rates. Additionally, the models
demonstrated that a personalized approach to ART

treatment—considering individual hormonal and

{ Random Forest }
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embryological profiles—could improve success rates.
From a clinical perspective, the integration of machine
learning-driven prediction models can aid in treatment
customization, better patient counseling, and
improved embryo selection strategies, ultimately
leading to more effective fertility treatments and
enhanced patient outcomes.

In contrast to the study by Mehrjerd et al. [41],
which focused on sperm quality parameters
(morphology, motility, and count) as predictors of
clinical pregnancy in ART, our findings indicate that
male factors had limited predictive power for IVF
success. Their study, using ensemble machine
learning models, found that sperm motility had a
positive effect on ART success, particularly in cases
with a lower number of retrieved oocytes. However,

in our study, sperm-related variables, including semen
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Figure 5. t-SNE Visualization of Feature Space Distribution Across Machine Learning Models
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analysis results and varicocele surgery history, were
not among the top predictors. These differences
suggest that male factors may have a greater influence
in IUI cycles or specific subgroups of IVF patients,
whereas in standard IVF, uterine and embryonic
factors dominate. Similarly, the study by Tian et al
[42], which used a Bayesian Network Model to predict
failed fertilization in ART, found that infertility type,
ART method, and the number of retrieved oocytes
were direct predictors of fertilization failure. While
their study emphasized male factors such as sperm
count and motility, our findings suggest that
fertilization success may not directly translate to ART
success, as implantation is more dependent on
endometrial and embryological factors. These
differences highlight the complex and multi-step
nature of ART outcomes, where different predictors
may play a role at each stage of the reproductive
process.

Our findings are in agreement with Drapkina et al.
[43], who compared logistic regression, decision tree
algorithms, and Random Forest models for ART
prediction. Their study found Random Forest to be the
most accurate model, identifying embryonic arrest, the
number of embryos of excellent and average quality,
and hormonal markers (FSH, AMH) as key predictors.
found that
(particularly PRL and LH) and embryo transfer day
were highly predictive, but our Transformer-Based

Similarly, we hormonal markers

Model significantly outperformed Random Forest and
other traditional machine learning methods. This
suggests that advanced Al techniques, such as
transformers, may provide a higher degree of accuracy
and robustness in ART prediction compared to
traditional ML models.

Moreover, Peng et al. [44] conducted a large-scale
ART outcome prediction study using random forest,
extreme gradient boosting (XGBoost), light gradient
boosting machine (LightGBM), and logistic
regression, finding that random forest and logistic
regression achieved the best predictive performance.
Their study identified maternal age, FSH, sperm
motility, progesterone (P) on HCG day, estradiol (E2)
on HCG day, and luteinizing hormone (LH) on HCG
day as key predictors. While we also found hormonal
markers (PRL, LH) to be significant predictors, our
deep learning model demonstrated superior
performance compared to random forest and logistic

FBT, Vol. 13, No. 2 (Spring 2026) XX-XX

regression, further reinforcing the value of advanced
Al techniques in ART success prediction.

Conversely, several variables demonstrated low
predictive importance. Lifestyle factors such as
smoking and alcohol consumption, history of
autoimmune disorders (e.g., lupus, antiphospholipid
syndrome), and COVID-19 infection or vaccination
status had minimal impact on ART success. Similarly,
male infertility factors, including semen quality,
history of varicocele surgery, and testicular biopsy
results, did not significantly contribute to the
predictive models, indicating that uterine and
embryological factors outweighed male-related
variables in determining ART outcomes. Further
refinement of feature importance using the XGBoost
model confirmed that endometrial pattern and
thickness remained the most influential variables.
Notably, anemia in men unexpectedly ranked higher
than anticipated, suggesting a potential link between
male hemoglobin levels and ART success, which
warrants further investigation. Additionally, baseline
LH levels in women were found to influence ART
outcomes, reinforcing the critical role of ovarian
function in fertility treatment. These findings suggest
that uterine factors play a far more significant role in
ART success than demographic or lifestyle variables,
providing clinicians with valuable insights to
prioritize uterine environment optimization rather than
solely addressing patient demographics or lifestyle
modifications.

The unexpectedly high feature importance of male
anemia may reflect indirect associations with
hormonal imbalances or underlying systemic
inflammation, which can affect spermatogenesis and
overall reproductive health. Prior studies have linked
low hemoglobin levels with altered testosterone
regulation and reduced semen quality, potentially
impacting ART outcomes (Ribas-Maynou et al. [7];
Graham et al. [4]). While the exact mechanism
further
investigation to determine whether correcting anemia

could enhance male fertility potential in ART settings.

remains unclear, this finding warrants

To support the correlation analysis, p-values and
95% confidence intervals were calculated for all
reported
endometrial thickness and ART success (r = 0.82, p <
0.001) and between endometrial pattern and ART
success (r = 0.69, p < 0.001) were both statistically

coefficients. The correlation between

XX



Deep Learning-Based Prediction of IVF Success: A Transformer Model Approach

significant,
associations.

confirming the robustness of these

4.1. Analytical Interpretation and Clinical
Implications

Our findings indicate that uterine and
embryological factors play a far greater role than
previously assumed, challenging traditional notions
that age, AMH, or male infertility parameters are the
strongest predictors. While many previous studies
have emphasized ovarian and sperm-related factors,
our study highlights the dominance of endometrial
receptivity in ART success. Unlike prior research that
relied on logistic regression, Bayesian networks, or
traditional ensemble models, our Transformer-Based
Model demonstrated superior predictive accuracy,
suggesting that deep learning approaches can improve
ART prediction by capturing complex interactions
between multiple variables. From a clinical
perspective, these findings emphasize the need for a
paradigm shift in ART treatment strategies, moving
beyond traditional approaches that prioritize ovarian
function and sperm parameters. Instead, personalized
ART protocols should focus on optimizing uterine
receptivity before embryo transfer, as our study
highlights endometrial pattern and thickness as the
strongest predictors of ART success. By tailoring
treatment plans to enhance endometrial conditions,
clinicians can maximize implantation potential and
improve pregnancy outcomes.

Additionally, the integration of machine learning-
based prediction models in ART practice can
significantly enhance patient counseling and decision-
making. By leveraging real-time clinical data, these
models enable clinicians to provide individualized
success probability estimates, allowing for more
informed discussions with patients about their
likelihood of achieving pregnancy. This level of
precision can help set realistic expectations and guide
patients toward the most effective treatment options.
Traditional practices that emphasize higher embryo
transfer numbers may not necessarily lead to better
outcomes, whereas precisely timed transfers in an
optimized uterine environment can significantly
improve ART success rates. By adopting data-driven,
personalized approaches, clinicians can enhance
fertility treatment efficiency and ultimately improve
live birth outcomes for ART patients.

XX

Despite the impressive predictive performance of
the Transformer-Based Model, the potential for
overfitting cannot be overlooked, especially given the
relatively small, single-center dataset used for model
development. To ensure generalizability and clinical
reliability, future research must incorporate external
validation using independent datasets from other ART
centers. Cross-center studies with diverse patient
populations and standardized data collection protocols
will be essential for adapting the model to varied
clinical environments. Moreover, the deployment of
Al models in real-world ART settings requires careful
consideration of interoperability with electronic
medical records, clinician trust, and institutional
readiness. These challenges must be addressed before
such models can be widely implemented in routine
reproductive care.

Beyond predictive performance, the clinical
integration of Al-based models in ART workflows
requires overcoming several practical hurdles. High-
performance models, such as the Transformer
architecture used in this study, often demand
significant computational resources and may be
challenging to deploy in low-resource clinical settings.
Additionally, variability in data formats, electronic
medical record systems, and terminology across
institutions necessitates robust data standardization
and interoperability frameworks. Another key barrier
is clinician training—effective use of Al tools depends
on user trust, interpretability of predictions, and
adequate education in Al-assisted decision-making.
Addressing these barriers will be essential to facilitate
the successful and ethical deployment of Al in
reproductive medicine.

4.2. Strengths, Limitations, and Future
Directions

A major strength of this study is the integration of

deep learning techniques, particularly the
Transformer-Based Model, which outperformed
traditional machine learning models by achieving
higher accuracy and lower misclassification rates.
This advantage stems from the model’s ability to
capture complex, nonlinear interactions among
multiple clinical factors, making it a highly effective
tool for ART outcome prediction. Additionally, the
study utilized a comprehensive dataset, incorporating

clinical, embryological, and hormonal variables,
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providing a holistic and multidimensional approach to
ART success prediction. Unlike previous studies that
focused primarily on demographic or single-factor
analyses, our model considered a broad spectrum of
physiological and embryological parameters,
enhancing the reliability of its predictions.

Despite these strengths, certain limitations should
be acknowledged. First, the study did not include
genetic and immunological markers, which are
emerging as potentially significant contributors to
ART outcomes. The absence of these variables may
have limited the model’s ability to capture underlying
genetic and  immune-related influences on
implantation and pregnancy success. Second, the
dataset was derived from a single medical center,
which, while ensuring consistency in clinical
protocols, may limit generalizability across diverse
patient populations. External validation using multi-
center datasets is essential to confirm the model’s
robustness and applicability in broader clinical
settings. Lastly, future research should focus on
integrating genetic algorithms (GA), advanced
ensemble learning techniques, and real-time clinical
data to further refine predictive accuracy and enhance
the clinical utility of Al-driven ART decision-support
systems.

Future research should also explore the integration
of high-dimensional biological data such as single-cell
RNA sequencing (scRNA-seq) to assess gene
expression profiles related to endometrial receptivity
and embryo viability. Additionally, the development
of multimodal AI models that combine clinical,
hormonal, and imaging data (e.g., time-lapse embryo
imaging  or  ultrasound-derived  endometrial
assessments) may offer a more holistic understanding
of ART outcomes. These advanced models could
significantly enhance the precision of predictions and
enable real-time clinical decision-making tailored to
individual patient profiles.

5. Conclusion

In conclusion, our study highlights the dominance
of uterine and embryological factors over traditional
demographic or lifestyle predictors in ART success.
The Transformer-Based Model demonstrated superior
predictive accuracy, outperforming Random Forest,
XGBoost, and other traditional ML models.

FBT, Vol. 13, No. 2 (Spring 2026) XX-XX

Comparisons with previous research suggest that deep
learning techniques provide a significant advantage in
ART outcome prediction, allowing for more precise,
personalized, and data-driven fertility treatments.
Future advancements in Al-driven reproductive
medicine will likely refine these models further,
enhancing ART and potentially
improving patient outcomes, pending validation in
diverse clinical settings.

success rates

While the Transformer-Based Model demonstrated
superior performance in predicting ART outcomes,
the findings should be interpreted in light of certain
limitations. The use of a single-center dataset may
constrain generalizability, and the exclusion of genetic
and immunological markers limits the model’s scope.
Future research should validate the model in multi-
center cohorts and explore the integration of genomic
and imaging data to enhance predictive precision and
clinical applicability.
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