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ABSTRACT: Male variables and the metabolic health of both couples are frequently under-represented in clinical prediction models for assisted 

reproductive technologies, which mostly concentrate on female ovarian reserve markers. Furthermore, nonlinear patterns in reproductive data 

may be difficult for conventional parametric models.   In this paper, The Extreme Gradient Boosting (XGboost) model was developed to classify 

medical pregnancy result in couples after intracytoplasmic sperm injection (ICSI) or in vitro fertilization (IVF). Pearson Correlation Coefficient 

(PCC) is used for feature selection. Dataset is collected from https://www.kaggle.com/datasets/deepakloganathan/live-birth-dataset PCC 

calculates the two variables linear connection. It helps identify which clinical features are strongly associated with the target outcome (live 

birth).Gradient boosting decision trees are the basis of the XG Boost as ensemble learning method. It is widely used in healthcare prediction 

tasks due to its high accuracy and robustness. It enhances gradient boosting algorithms by combining weak learners (trees) sequentially to 

minimize errors, using advanced regularization and parallel processing to live birth prediction.. XG Boost is scalable method which enhances 

the prediction performance and speed of Gradient Boosting Machines (GBM). It accomplishes this by employing a novel tree learning technique 

using distributed and parallel computing to speed up model discovery. The XG Boost-based prediction model performed exceptionally for 

IVF/ICSI outcomes in male factor infertile couples. Metrics including precision, recall, f-measure, and accuracy are used to assess machine 

learning algorithms such as Logistic Regression (LR), Random Forest (RF), Light Gradient Boosting Machine (Light GBM), and extreme 

Gradient Boosting (XG Boost) based on the predictive elements. 

KEYWORDS: Male factor infertility, In Vitro Fertilisation (IVF), Intracytoplasmic Sperm Injection (ICSI), Live Birth Prediction, Pearson 

Correlation Coefficient (PCC), Feature Selection, Extreme Gradient Boosting (XG Boost), Machine Learning, Reproductive Health Analytics, 

and Healthcare Data Mining. 

1. INTRODUCTION 

Infertility is a significant global health issue [1,2], impacting about 15% of couples in reproductive age, with male factors responsible for 40–

50% of the cases [3]. IVF and ICSI are the most successful treatment options [4] due to male factors such as oligozoospermia, asthenozoospermia, 

teratozoospermia.  Nevertheless, the scientific pregnancy rate per IVF/ICSI cycle remains basically 40%–60% [5]. Patients experiencing 

unsuccessful cycles often face considerable psychological distress and financial trouble, making precise pre-treatment predictions of pregnancy 

outcomes crucial for tailoring treatments and managing expectations [6]. 

A number of medical professionals have been using their knowledge to make trial-and-error predictions about the likelihood of pregnancy. 

Consequently, traditional prediction methods lack a systematic statistical methodology and depend on the expertise of a single medical 

professional. This makes them more subjective. In order to make decision about IVF treatment, patients and medical experts are anxiously 

awaiting a measurement. Recent technology advancements like artificial intelligence (AI), machine learning (ML), and deep learning (DL) have 

the possible to address some of the persistent issues with statistical data-driven methods.The study of machine learning enables computers and 

other systems to think similarly and produce predictions by learning from and training on previous experiences [7]. It uses meaningful, pattern-

oriented data exploration to provide the systems the adaptability to replicate human decision-making. Deep learning is an area of machine learning 

based on the ideas of human brain networks [8]. Some important patterns in the data may be noticed by humans when evaluating large, complex 

data samples [9]. Feature selection is the process of identifying and selecting the optimal features (variables) from a dataset that significantly 

enhance a machine learning expected performance. It enhances interpretability, lowers computational cost, and boosts model accuracy by 

removing unnecessary, redundant, or noisy features. Prediction models based on machine learning are used in IVF/ICSI procedures to predict 

live births, feature selection is essential for identifying the most important clinical parameters linked to the intended outcome. By selecting only, 

the most important variables, the model becomes more efficient and avoids overfitting. 

Generally speaking, feature selection techniques fall into three categories: 1. Filter Methods: These techniques assess features using statistical 

metrics unrelated to the learning algorithm. The Pearson Correlation Coefficient (PCC), Mutual Information, and the Chi-square test are a few 

examples. PCC helps to preserve highly correlated predictors by measuring the linear connection between characteristics and the target variable. 

2. Wrapper Methods: These techniques use a prediction model to assess feature subsets and choose the best-performing subset. This includes 

methods like recursive feature elimination (RFE), backward elimination, and forward selection. 3. Embedded Techniques: During dataset 

training, these techniques choose features. The model was built using algorithms including Random Forest (RF), Least Absolute Shrinkage and 

Selection Operator (LASSO), and XGBoost estimation.In general, feature selection improves prediction accuracy, model stability, and processing 

efficiency—especially when dealing with high-dimensional medical datasets. Machine learning algorithms, such random forest and gradient 

boosting trees, provide advantages over traditional statistical methods when modelling complicated, nonlinear, and high-dimensional data [10]. 

In the male factor infertility population, there are still a few high-accuracy machine learning models that take couple-level factors into account 

and are based on large samples. Extreme Gradient Boosting (XGBoost) model was developed to forecast clinical pregnancy outcomes in male 

factor infertile couples after ICSI/ IVF. Features are selected using Pearson Correlation Coefficient (PCC). Gradient boosting decision trees are 

the basis of the XGBoost ensemble learning method. Metrics including accuracy, f-measure, recall, and precision are used to assess the outcome. 

2. LITERATURE REVIEW  

Li et al., [11] validated a machine learning model and Shapley Additive explanations (SHAP) to forecast medical pregnancy result in couples’ 

infertility going IVF/ICSI. This retrospective review analyzed 2,565 couples at Shanghai First Maternity and Infant Hospital from 2019 to 2025, 

using a training set of 70% of cases and a validation set of 30%. LASSO regression selected features, while five-fold cross-validation was 

employed to enhance LR, and Light GBM.  SHAP visually clarified the best model, but potential studies are required to measure the impact of 

targeted therapies on clinical outcomes. 

Liu et al., [12] developed prediction models that can forecast live births in women undergoing their first new or stationary IVF/ICSI cycles. The 

study analyzed a retrospective cohort of 1,857 women treated at Huizhou Municipal Central Hospital from 2019 to 2021. Variables were 

categorized based on data collected before and after the first cycle, followed by predictive tests. Four supervised machine learning algorithms—
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Logistic Regression (LR), Random Forest (RF), XGBoost, and LightGBM were utilized to create the models. Performance was assessed using 

metrics like AUC, sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), and accuracy. 

Liu et al., [13] suggested classification methods for predicting live birth outcomes (LBO) based on historical data from 1405 IVF patients. 

Through univariate and multivariate analysis, significant factors were identified to build support vector machine (SVM) and artificial neural 

network (ANN) models. The model demonstrating the best performance was selected for real-world clinical application. This approach efficiently 

predicts LBO by considering important factors in IVF therapy, offering clinicians objective support for customizing treatment and embryo transfer plans. 

Wu et al., [14] developed a prediction model for results following the transfer of fresh embryos. Between 2016 and 2023, the Shanghai First 

Maternity and Infant Hospital collected 51,047 papers related to assisted reproductive technologies (ARTs). In order to evaluate 11,728 samples 

and 55 pre-pregnancy features, the prediction model was constructed using RF, XGBoost, GBM, AdaBoost, LightGBM, and ANN after data 

collection. This study provides a significant increase in the live birth prediction by traditional evaluations, and patient counselling in ARTs can 

benefit from machine learning. 

Dehghan et al., [15] create a contrasting ML approaches for predicting IVF outcome. RF, ANN, SVM, Recursive Partitioning and Regression 

Trees (RPART), and AdaBoost were developed to predict IVF success. The durability of the techniques is increased with the adoption of the 

Genetic Algorithm (GA).All classifiers' performance was much enhanced by GA, highlighting the significance of feature selection. These results 

demonstrate how ML and GA can help IVF clinicians make more accurate predictions, allowing for individualized treatment approaches for 

every patient. The usefulness and dependability of these predictive models in clinical IVF therapy can be further improved by more study and 

validation. AdaBoost attained the highest accuracy rate of 89.80%, especially when paired with GA feature selection. RF also performed well 

while using GA, attaining an accuracy rate of 87.40%. 

Zhu et al., [16] conducted an internal validation study involving 1836 endometriosis patients who underwent IVF/ICSI fresh embryo transfers at 

Fujian Provincial Maternity and Children Hospital from 2018 to 2023. Participants were allocated in a 70:30 ratio to training (1285) and validation 

(551) sets. Independent variables were selected using LASSO and Recursive Feature Elimination (RFE). The XGBoost model was chosen for its 

superior prediction performance, with hyperparameters optimized through grid search. Additionally, feature importance and SHAP value plots 

were used to analyze the contributions and mechanisms of significant features in model predictions. 

Wan et al., [17] developed a machine learning (ML) predictive model for clinical pregnancy outcomes prediction in endometriosis (EM) patients 

going fresh ET in a study spanning 2014 to 2024 with 1,752 participants. The model was based on 24 clinical and embryonic characteristics, 

utilizing algorithms such as Naïve Bayes, LR, RF, k-Nearest Neighbours (KNN), Neural Networks, and XG Boost. Feature selection employed 

LR and RFE with tenfold cross-validation, resulting in an XG Boost algorithm that effectively predicts clinical pregnancy in EM patients, 

demonstrating strong performance and interpretability. 

3. PROPOSED METHODOLOGY 

In this paper, the dataset is https://www.kaggle.com/datasets/deepakloganathan/live-birth-dataset. Pearson Correlation Coefficient (PCC) is 

measured between the linear relationship of two variables for optimal feature selection.  Extreme Gradient Boosting (XG Boost) model was 

developed to forecast medical pregnancy outcomes in IVF/ICSI couples. The XG Boost is based on gradient boosting decision trees. By 

successively merging weak learners (trees) to reduce errors and employing sophisticated regularization and parallel processing to predict live 

births, it improves gradient boosting approaches. Precision, recall, f-measure, and accuracy are used to assess the results. 

 
 

FIGURE 1. PCC-XG Boost framework for IVF/ICSI prediction 
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3.1. DATASET COLLECTION 

Kaggle Live Birth Dataset is collected from https://www.kaggle.com/datasets/deepakloganathan/live-birth-dataset. It contains clinical and 

demographic variables such as Male infertility indicators, Hormonal profiles, Embryo parameters, Treatment characteristics, and Live birth 

outcome (target variable). 

3.2. DATA-PROCESSING 

The dataset is preprocessed to improve its quality. Among the procedures are categorical variable encoding, data normalization, and missing 

value management. This stage verifies that the dataset is appropriate for machine learning models. Initially, the mean imputation approach for 

numerical data and mode imputation for categorical variables are used to handle missing values. This method substitutes the most common 

category for missing categorical data and the mean value of the associated a feature for missing numerical values.  This technique helps maintain 

the dataset with statistical features and avoids data loss that might happen if the dataset has incomplete records were removed in this step. 

Data normalization is then applied using the Min–Max normalization technique, which modifies numerical features into a predetermined range 

between 0 and 1. By preventing variables with larger numerical ranges from controlling those with smaller ranges, this technique enhances 

machine learning model performance and convergence. The equation (1) for rescaling is described as follows [18],  

𝑣′ =
𝑣 − 𝑚𝑖𝑛𝐴

𝑚𝑎𝑥𝐴 − 𝑚𝑖𝑛𝐴
 

 

(1) 

where𝑣 is the original value,  𝑚𝑖𝑛𝐴and  𝑚𝑎𝑥𝐴 is denoted as lowest and highest range of the feature , and 𝑣′ is the normalized value. 

Encoding categorical variables using the One-Hot Encoding technique is another crucial step. Each categorical attribute in this method is 

converted into several binary variables that indicate whether a category is present or not. 

3.3. FEATURE SELECTION USING PCC 

The Pearson Correlation Coefficient (PCC) is used to assess how each attribute relates to the result of a live birth. PCC is computed using the covariance between 

each feature and the target variable, as determined by their respective standard deviations. By calculating correlation values between variables and the goal, strongly 

linked predictors can be identified in the PCC. It also removes redundant or irrelevant variables. For the classifier, this dimensionality is reduced and model 
efficiency is raised. It is estimated by dividing the product of two variables' standard deviations by their covariance. Using this method, each categorical attribute 

is transformed into multiple binary variables that represent the presence or absence of a category. Features with higher absolute correlation values are selected as 

significant predictors for training model. This allows ML algorithms to effectively process categorical information without introducing ordinal bias. It is described 
by equation (2) [19], 

𝑟 =
∑ (𝑥𝑖 − 𝑥̅)(𝑦𝑖 − 𝑦̅)𝑛

𝑖=1

√∑ (𝑥𝑖 − 𝑥̅)2𝑛
𝑖=1 √∑ (𝑦𝑖 − 𝑦̅)2𝑛

𝑖=1

 

 

(2) 

where 𝑥𝑖is the feature input value, 𝑦𝑖 is defined astarget variable (live birth outcome), 𝑥̅, 𝑦̅ is the mean of     

feature and target values, and n is defined as number of observations. 

1.1. LIVE BIRTH PREDICTION USING EXTREME GRADIENT BOSSTING (XG BOOST) 

The XGBoost model predicts the likelihood that IVF/ICSI procedures will result in a live birth or clinical pregnancy.  A scalable technique called 

XG Boost enhances the prediction performance and speed of Gradient Boosting Machines (GBM). It manages by using distributed and parallel 

computing to speed up model discovery and a novel tree learning algorithm. XG Boost is well-known for its outstanding prediction performance 

and has been applied in many different fields. XG Boost is a boosting application that enhances prediction accuracy by combining multiple 

learning applications. It utilizes a decision tree-based ensemble machine learning method, commonly used in data science, integrating outcomes 

from various distinct trees. By employing a gradient descent optimization method, the XG Boost model seeks to minimize the loss function [20]. 

Boosting is an ensemble technique that merges numerous lower-performing forecasting models into high-performance model through continuous 

integration in allowed parameters. Let us consider that the live birth prediction dataset is denoted as𝐷𝑆with m features and an n number of 

samples 𝐷𝑆 = {(𝑥𝑖 , 𝑦𝑖), 𝑖 = 1,2,3 … , 𝑛, 𝑥𝑖 ∈ ℝ𝑚, 𝑦𝑖 ∈ ℝ}. Let 𝑦̂𝑖 be the predicted results of an XG Boost model created using the equations (3-4), 

𝐴𝑖 = ∑ 𝑓𝑘(𝑋𝑖)

𝐾

𝑘=1

, 𝑓𝑘 ∈ ℱ 

(3) 

Number of trees in the XG Boost model is denoted as K, 𝑓𝑘 is represented as the kth tree. It is used to find the greatest set of functions by reducing 

the loss and regularization objective by equation (4), 

 

ℒ(𝜙) = ∑ 𝑙(𝑦𝑖 , 𝐴𝑖)

𝑖

+ ∑ Ω(𝑓𝑘)

𝑘

 
(4) 

where𝑙is represented asthe loss function. It is computed based on the predicted output 𝑦̂𝑖and the actual output 𝑦𝑖,Ω is a measure the complexity 

of model, this helps in solving over-fitting of the model and it is calculated using equation (5), 

Ω(𝑓𝑘) = 𝛾𝑇 +
1

2
𝜆‖𝑤‖2 

 

(5) 

where, T is denoted as the total number of leaves in a tree, while w represents the weight of those leaves. To minimize the objective function in 

decision trees, the model utilizes function boosting, introducing a new function f as training process. Consequently, in the tth iteration a new 

function f is computed using equations (6-9), 

ℒ (𝑡) = ∑ 𝑙 (𝑦𝑖 , 𝐴𝑖
(𝑡−1)

+ 𝑓𝑡(𝑋𝑖) + Ω(𝑓𝑡))

𝑛

𝑖=1

 

 

(6) 

ℒsplit =
1

2
[

(∑ gii∈IL
)

2

∑ hii∈IL
+ λ

+
(∑ gii∈IR

)
2

∑ hii∈IR
+ λ

−
(∑ gii∈I )2

∑ hii∈i + λ
] − γ 

(7) 

 

𝑔𝑖 = 𝜕𝐴(𝑡−1)𝑙 (𝑦𝑖 , 𝐴𝑖
(𝑡−1)

) 

 

(8) 

𝑔𝑖 = 𝜕
𝐴(𝑡−1)
2 𝑙 (𝑦𝑖 , 𝐴𝑖

(𝑡−1)
) (9) 
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3.4. PERFORMANCE EVALUATION 

                  Precision, recall, f-measure, and accuracy have been used to assess the efficiency of prediction methods. 

4. RESULTS AND DISCUSSION 

The purpose of the simulation study was to evaluate how well classification techniques predicted clinical pregnancy outcomes (live birth) 

comparing couples by male factor infertility utilizing IVF/ICSI treatment. The information, which included pertinent clinical, demographic, and 

metabolic characteristics of both spouses, was taken from the publicly accessible Kaggle repository (Live Birth information). Preprocessing steps 

including missing value imputation, data normalization, and categorical feature encoding are performed to ensure data dependability and model 

compatibility. Prediction outcomes are assessed using metrics such as precision, recall, f-measure, and accuracy, derived from the Confusion 

Matrix which includes True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN). The dataset is divided into 80:20 

training and testing groups for applying prediction techniques. For prediction, LR, RF, Light GBM, and XG Boost were used. Grid search is also 

used for hyperparameter tuning in order to optimize the model. Python was used for all simulations, along with tools like XG Boost and Scikit-learn 

The accuracy of positive predicts is measured by precision. It is computed using equation (10), 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

(10) 

Recall measures the ability of a model to detect every significant instance in a dataset using equation (11), 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

(11) 

The harmonic mean of precision and recall is known as the F-measure. It provides a single score that achieves a balance between the two metrics. 

It is calculated using equation (12), 

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =
2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

(12) 

The ratio of exactly predicted observations to total samples is known as accuracy by equation (13), 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

(13) 

Table 1 demonstrate that XG Boost performs best across all evaluation metrics, followed by Light GBM, RF, and LR. The results validate the 

effectiveness of XG Boost in improving prediction accuracy and reliability for live birth outcomes in assisted reproductive technology as 87.36%, 

85.93%, 86.63%, and 88.61% for precision, recall, f-measure, and accuracy. 

TABLE 1. RESULTS COMPARISON OF PREDICTION METHODS 

Methods/ metrics LR RF LightGBM XGBoost 

Precision(%) 80.65 83.96 85.25 87.36 

Recall(%) 79.47 81.47 83.68 85.93 

F-measure(%) 80.06 82.69 84.45 86.63 

Accuracy(%) 81.68 83.55 86.02 88.61 

                        The precision comparison with respect to prediction techniques such as LR, RF, Light GBM, and XG Boost is displayed in Figure 

2. The number of correctly identified positive cases (live births) with all anticipated positive outcomes is used to calculate it.LR has lowest 

precision results of 80.65%, RF improves precision to 83.96%, LightGBM further improves performance to 85.25%, and XG Boost achieves the 

highest precision of 87.36%, indicating its superior ability to precisely classify true positive cases through minimal false results. This suggests 

that models based on boosting are more accurate in forecasting successful clinical pregnancy outcomes. The recall comparison with respect to 

prediction techniques such as LR, RF, Light GBM, and XG Boost is displayed in Figure 3. The capability of models to precisely recognize real 

positive cases (live births) is well-known as recall. LR achieves a recall of 79.47%, indicating some missed positive cases. While Light GBM 

achieves 83.68%, demonstrating superior sensitivity, RF boosts recall to 81.47%. With the highest recall of 85.93%, XG Boost demonstrates a 

strong ability to capture most real live birth cases. This demonstrates the sophistication ensemble techniques can effectively lower false negatives 

in clinical prediction tasks. 

 

 

Figure 2. Precision comparison of prediction methods 

 

 

 

 

             

 

 

 

Figure 3. Recall comparison of prediction methods 
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Figure 4. F-measure comparison of prediction methods 

F-measure comparison of all prediction methods like LR, RF, Light GBM, and XG Boost are illustrated in figure 4. LR gives the minimum 

results (80.06%), RF has slightly increased than the LR (82.69%). Light GBM achieves increased results of 84.45%, indicating an improved 

trade-off among precision and recall. XG Boost has maximum F-measure of 86.63% when compared to all models demonstrating its robustness 

and balanced results. XG Boost is extremely appropriate for managing imbalanced and complex datasets. 

 
                                                      Figure 5. Accuracy comparison of prediction methods 

Figure 5, accuracy shows the overall comparison of all prediction methods like LR, RF, Light GBM, and XG Boost in predicting together positive 

and negative cases. RF boosts the accuracy to 83.55%, while LR yields the lowest accuracy of 81.68%. XG Boost has the highest accuracy of 

88.61%, indicating its superior analytical ability, while Light GBM has the highest accuracy of 86.02%. It comes to the conclusion that, in terms 

of capturing nonlinear relationships identified in IVF/ICSI clinical data, the proposed approach performs better than other methods. 

5. CONCLUSION AND FUTURE WORK 

In this work, Pearson Correlation Coefficient (PCC) is introduced for feature selection that which evaluates the linear relationship among two 

features in the dataset. PCC is calculated by evaluating the covariance among every feature and the target class, normalized depending on their 

standard deviations which discover the robustly correlated predictors. These values are ranged among −1 and +1, where maximum absolute 

values specify stronger linear relationships. Based on these values, features which show strong correlation by the target class are chosen, at the 

same time as weakly correlated or redundant features are separated, thus decreasing dimensionality and increasing accuracy of model. Extreme 

Gradient Boosting (XG boost) model was created to predict medical pregnancy results in IVF/ICSI couples by male factor infertility. Gradient 

boosting decision trees are a basis of the XG Boost method. It enhances gradient boosting algorithms by combining weak learners (trees) 

sequentially to minimize errors, using advanced regularization and parallel processing to live birth prediction. Due to its capability to confine 

complex nonlinear associations and interactions among clinical variables, XG Boost is best for accurate live birth prediction in assisted 

reproductive technology datasets. LR, RF, Light GBM, and XG Boost models were assessed using Precision, Recall, F-measure, and Accuracy 

metrics. XG Boost achieved scores of 87.36% for precision, 85.93% for recall, 86.63% for f-measure, and 88.61% for accuracy. The model is 

also extended to include deep learning and ensemble methods for classification. Hybrid ensemble strategies, including stacking and voting 

mechanisms, are also explored to leverage the complementary strengths of individual classifiers.  
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