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This research addressed the critical need to enhance predictive models for fetal health classification
using Cardiotocography (CTG) data. The literature review underscored challenges in imbalanced la-
bels, feature selection, and efficient data handling. This paper aimed to enhance predictive models
for fetal health classification using Cardiotocography (CTG) data by addressing challenges related
to imbalanced labels, feature selection, and efficient data handling. The study used Recursive Fea-
ture Elimination (RFE) and boosting algorithms (XGBoost, AdaBoost, LightGBM, CATBoost, and
Histogram-Based Boosting) to refine model performance. The results revealed notable variations
in precision, Recall, F1-Score, accuracy, and AUC across different algorithms and RFE applications.
Notably, Random Forest with XGBoost exhibited superior performance in precision (0.940), Recall
(0.890), F1-Score (0.920), accuracy (0.950), and AUC (0.960). Conversely, Logistic Regression with
AdaBoost demonstrated lower performance. The absence of RFE also impacted model effectiveness.
In conclusion, the study successfully employs RFE and boosting algorithms to enhance fetal health
classification models, contributing valuable insights for improved prenatal diagnosis.
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1. INTRODUCTION

Developing predictive models to classify fetal health based on Cardiotocography (CTG) data is essential in improving prenatal
diagnosis. Previous research shows that applying effective methods can provide more accurate and timely information regarding the
health condition of the fetus [1]. Although many studies have been conducted to improve these models [1, 2], challenges such as
handling imbalanced labels, selecting appropriate features, and efficient data feature selection are still significant concerns. Therefore,
the background of this research arises from the need to develop a more sophisticated and accurate model for classifying fetal health
based on CTG data.

Several recent studies have been conducted to improve predictive models for fetal health classification based on CTG data. For
example, research by [3] used the Deep Neural Algorithm-based AlexNet Neural Algorithm, achieving impressive results with 0.996
specificity, 0.967 precision, and 0.997 recall/sensitivity. This research demonstrates the effectiveness of deep learning approaches in
managing complex CTG datasets. In addition, uses the Chi-Square Method for dimension reduction, combining it with Tree-based
Ensemble Learning methods such as Random Forest, Decision Tree, Extra Trees, and Deep Forest. This approach yielded striking
results with 0.963 specificity, 0.906 precision, 0.932 recall, and 0.960 F1-score. This research highlights the importance of feature
selection in improving the performance of ensemble learning models for fetal health classification. [4] proposed two methods based
on the interval between two visits and one set of ultrasound measurements. Although specific evaluation metrics were not provided,
this emphasizes the importance of exploring diverse features and measurement methods in fetal health classification. Research by [5]
tackled the problem of imbalanced labels by using SMOTE and conducting experiments with various classifiers, including Random
Forest, which yielded a striking specificity of 0.98. This emphasizes the importance of handling imbalanced datasets for accurate
classification of fetal health.

Furthermore, [6] focuses on preprocessing steps such as outlier removal and handling imbalanced labels through upsampling.
They used a variety of classifiers, with Light GBM (LGBM) standing out with 0.980 specificity, 0.976 precision, and 0.982 recall.
This research emphasizes the efficacy of the gradient-boosting method in predicting fetal health. [7] uses feature selection with Selec-
tKBest and handles imbalanced labels using SMOTE. This study evaluated several classifiers, with Random Forest showing promising
results, including 0.958 specificity, 0.957 precision, and 0.958 recall. This research highlights the importance of feature selection
and class imbalance handling for optimal model performance. Research by [8] explored various boosting algorithms, including Ad-
aBoost, Random Forest, and Gradient Boosting. Their study, which focused on boosting methods, achieved a striking specificity of
0.95. This emphasizes the effectiveness of ensemble techniques, especially Gradient Boosting, in fetal health classification.

Several studies related to feature selection in the development of predictive and classification models show a variety of
approaches used to improve model performance. For example, research by [9] discusses the use of Recursive Feature Elimination
(RFE) and SMOTE algorithms to manage data imbalance in the classification of chronic obstructive pulmonary disease (COPD)
patients. The resulting model shows potential clinical applications to improve patient adherence to standard treatment. On the other
hand, papers discussing IoT network intrusion detection using DT-RFECV [10] and a study of COVID-19 patient classification
with SVM-RFE [11] emphasize the importance of careful feature selection in improving the efficiency and Accuracy of predictive
models. Experimental results from these two studies show that wise feature selection can produce efficient prediction models without
sacrificing accuracy [10, 11].

Meanwhile, research by [12] introduced dynamic recursive feature elimination (ARFE) in the context of biomarkers on OMIC
data, which showed superior performance compared to other feature selection methods, even achieving 1.000 accuracies on some
datasets [12]. The paper discussing cyber intrusion detection using DT-RFE in ensemble learning [13] also emphasizes the importance
of effective feature selection to improve the performance of intrusion detection systems, with an accuracy of more than 0.99 in most
cases [13]. In conclusion, careful feature selection and Innovative features, such as RFE, DT-RFECYV, and dRFE, significantly
improve the efficiency and performance of predictive models in various application domains.

This study draws inspiration from the success of [14], where feature selection techniques such as Random Forest, Selec-
tKBest, and Lassorrrregularisation effectively enhanced model performance and reduced dimensionality in characterizing a shallow
marine reservoir. Our research aims to integrate these proven strategies into fetal health classification, contributing to the devel-
opment of accurate and reliable predictive models building upon this success. The existing literature on fetal health classification
using Cardiotocography (CTG) data reveals a lack of a clear definition of limitations in current feature selection methods. Despite
commendable progress using techniques like deep learning, ensemble learning, and boosting algorithms, a standard limitation persists
the absence of a unified approach to address imbalanced labels, select relevant features, and efficiently handle data features. This
research addresses this gap by proposing a novel and integrated approach that combines Recursive Feature Elimination (RFE)
with various boosting algorithms, contributing a holistic strategy to advance the accuracy and reliability of predictive models in the
specific domain of fetal health classification.

Matrik: Jurnal Manajemen, Teknik Informatika, dan Rekayasa Komputer,
Vol. 23, No. 2, March 2024: 353 — 364



Matrik: Jurnal Manajemen, Teknik Informatika, dan Rekayasa Komputer O 355

Following the introduction, the article is structured into sections to comprehensively present the research process and findings.
The subsequent section 2 delineates the methodology employed, including the application of RFE and various boosting algorithms.
Section 3 presents the detailed findings, highlighting the variations in model performance and the impact of feature selection. The
article concludes with section 4, summarising the key insights derived from the research and emphasizing the successful full utiliza-
tion of RFE and boosting algorithms to enhance fetal health classification models. This structured approach allows for a thorough
exploration of the research process and its implications, providing valuable insights for advancing prenatal diagnosis.

2.  RESEARCH METHOD

This research adopts a comprehensive methodology to enhance predictive models in Cardiotocography (CTG)-based fetal
health classification. The approach encompasses two critical stages: feature selection using Recursive Feature Elimination (RFE) and
the application of boosting algorithms, including XGBoost, AdaBoost, LightGBM, CATBoost, and Histogram-Based Boosting.

The fetal health dataset under consideration comprises 2126 entries, each representing a distinct fetal health observation.
The dataset encompasses 22 columns, each indicative of specific features associated with a fetal health assessment. The features
include quantitative measures such as baseline value, accelerations, fetal movement, uterine contractions, and indicators like light
decelerations, severe decelerations, and prolonged decelerations. Additionally, the dataset incorporates parameters related to short-
term and long-term variability histogram characteristics such as width, minimum, maximum, number of peaks, and zeroes. Various
statistical metrics like mean, median, mode, and variance are employed to capture the distributional properties of these histograms.
The dataset concludes with the target variable ’fetal_health’ which categorizes the fetal health status. All entries exhibit non-null
values across all features, eliminating the need for imputation or handling missing data. The data primarily consists of floating-point
numerical values, reflecting the continuous nature of the fetal health assessment parameters.

In the initial stage, the RFE method identifies informative features and reduces dimensionalization, emphasizing enhanced
overall model efficiency. This method iteratively eliminates less significant features, ranking them based on their impact on model
performance. The selected features serve as the foundation for constructing the optimized predictive model. The RFE algorithm, in-
tegrated with Random Forest (RF), Decision Tree (DT), and Logistic Regression (LR), ensures a nuanced exploration of the dataset’s
characteristics. The RFE algorithm can be seen below.

RFE’s Algorithm

Input . X: Dataset,

y: target,

estimator: algorithm to be used for feature evaluation,

step: The number of features eliminated at each iteration

: selected_features: Selected feature subset after elimination process.
Output  ranking: Ranking of features based on their contribution to the model.

support: Boolean mask indicating which features are selected or not.
Process

Function RFE(X, y, estimator, step):

Initialize weights for all features

‘While number of selected features <desired number of features:
Train machine learning model using features with weights
Evaluate model performance using a specified metric

Identify and eliminate the feature with the lowest weight
Update weights of remaining features

Return selected_features, ranking, support

The boosting algorithms, namely XGBoost, AdaBoost, LightGBM, CATBoost, and Histogram-Based Boosting take center
stage in the second stage. These algorithms are individually applied using features selected through RFE. Each algorithm brings
its unique advantages to improving predictive model performance. XGBoost, as introduced by [15], utilizes a gradient boosting
framework and incorporates regularised objective functions, including both a loss and regularisation termthe specific mathematical
Equation (1) for the XGBoost algorithm in optimizing the following objective function.

Objective = S p(yi, §i) + She QU fr) (1)

Enhancing Predictive Models . .. (Neny Sulistianingsih)



356 O ISSN: 2476-9843

Where 1 represents the loss function, g; is the predicted value, Q( fx) is rthe regularisation term for the k-th tree, and cap Kis
is he total number of trees [15]. Meanwhile, AdaBoost, proposed by [16], focuses on boosting weak classifiers. The mathematical
formulation involves assigning weights to each weak classifier based on their performance, with the final robust classifier being
a weighted combination of the weak classifiers. LightGBM, introduced by [17], employs a histogram-based learning approach to
enhance computational efficiency. The algorithm minimizes objective function using Equation (2).

Objective = X1 0(yi, i) + 211 Q(fr) + LM, regularization term(w;) (2)

Where M is the number of leaves, and w; denotes the leaf weight [17].

Furthermore, CATBoost, proposed by [18], incorporates category-specific features efficiently. The algorithm utilizes a similar
objective function as XGBoost but employs a different technique for categorical feature handling. Meanwhile, Histogram-Based
Boosting, a general term for boosting algorithms that utilize histograms, involves constructing histograms of the features to speed up
the training process. The specific equations may vary based on the algorithm, but the fundamental principle is to build histograms of
feature values to make split decisions efficiently during tree building.

The evaluation process employs various metrics, including Precision, Recall, F1-Score, Accuracy, and Area Under the Curve
(AUC). These metrics provide a comprehensive understanding of each model’s performance in classifying fetal health. The compar-
ison between RFE and non-RFE models aims to assess the specific contribution of RFE in enhancing predictive model performance.
Equations (3) through (6) are used to calculate the evaluation model used in this research [19-22].

. TP
Precision = m (3)
TP
Recall = 45 Fw @

Precision x Recall
F1-8 =2 5
core x Precision + Recall )

TP+TN
TP+FP+TN+ FN

(6)

Accuracy =

where, TP: True Positive, TN: True Negative, FP: False Positive, and FN: False Negative

The proposed methodology addresses the need for a more nuanced and integrated approach, considering feature selection and
boosting algorithms. By combining RFE with diverse boosting methods, this research strives to improve the capabilities of predictive
models in fetal health classification. This methodology’s detailed algorithmic and methodological insights lay the groundwork for a
rigorous and reproducible study. Figure 1 shows the methodology used in this research.
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Figure 1. Research Methodology
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3. RESULT AND ANALYSIS

This segment elucidates the study’s findings while extensively discussing the results.

3.1. RESULT

This research aims to improve the performance of predictive models through an in-depth analysis of feature selection techniques
combined with boosting algorithms. The feature selection method used is Recursive Feature Elimination (RFE), while the boosting
algorithms evaluated include XGBoost, ADABoost, LightGBM, CATBoost, and Histogram-Based Boosting.

Previously, analysis was carried out on the data used in this research. This analysis of fetal health data provides an in-depth
picture of various variables that can potentially influence fetal health. Data includes parameters such as baseline values, accelerations,
fetal movements, uterine contractions, light decelerations, severe decelerations, and prolonged decelerations, all of which provide
information about fetal activity and responses during pregnancy. In addition, other variables such as abnormal short-term variability,
the mean value of short-term variability, the percentage of time with abnormal long-term variability, and the mean value of long-term
variability describe the characteristics of short-term and long-term variability in Fetal heart rate.

Histogram features such as histogram width, histogram min, histogram max, histogram number of peaks, histogram number
of zeroes, histogram mode, histogram mean, histogram median, and histogram variance provide additional information about the
distribution of fetal heart rates. Finally, the histogram tendency variable indicates the tendency of the fetal heart rate. In the context
of fetal health, it should be noted that these variables have a varying range of values, from heart rate to the distribution of heart rates
in the histogram. Fetal health, as a target variable, has categorical values that reflect the level of fetal health. The Correlation Matrix
of the data used can be seen in Figure 2.

The proposed method involving Recursive Feature Elimination (RFE) and various boosting algorithms was rigorously evaluated
and compared with existing methods. Table 1 provides a detailed comparison of the performance metrics for different boosting
algorithms with and without RFE. The experimental results show that the RFE model with the XGBoost algorithm in Random Forest
achieved a precision level of 0.94, Recall of 0.89, and F1-score of 0.92. In addition, the accuracy of this model reaches 0.95, and
the ROC AUC reaches 0.96. These results show that using RFE and XGBoost in Random Forest provides excellent predictive
performance.

However, it should be noted that not all combinations of RFE and boosting algorithms provide optimal results. For example,
models using ADABoost with Logistic Regression and without RFE provide relatively low performance with an accuracy of around
0.39 and 0.904, respectively, shows that choosing the suitable feature selection method and boosting algorithm is very important in
increasing the effectiveness of the predictive model.

Furthermore, when involving Decision Trees, it can be seen that the model using RFE with XGBoost provides an accuracy
rate of around 0.964. Although these results are high, it should be noted that the best results may vary depending on the type
of algorithm and feature selection method used. Experimental results also show that using models without RFE with XGBoost,
AdaBoost, LightGBM, CATBoost, and Histogram-Based Boosting provides excellent results with accuracies reaching 0.977, 0.904,
0.99, 0.989, and 0.99 respectively. The results of the evaluation carried out can be seen in Table 1. Confusion Matrix for RFE with
Random Forest, Linear Regression, and Decision Tree with XGBoost Algorithm can be seen in Figure 3. Meanwhile, The ROC AUC
curve for the CATBOOST method for each test carried out can be seen in Figure 4.

The experimental results of this study showcase significant findings in the realm of fetal health classification using Cardiotocog-
raphy (CTG) data. The model employing Recursive Feature Elimination (RFE) with the XGBoost algorithm in Random Forest
demonstrates remarkable precision (0.94), Recall (0.89), Fl-score (0.92), accuracy (0.95), and ROC AUC (0.96), highlighting the
effectiveness of this specific combination in achieving excellent predictive performance. On the contrary, suboptimal outcomes are
observed in the model utilizing ADABoost with logistic regression without emphasizing the critical role of selecting an appropriate
feature selection method and boosting algorithm.

The study’s findings emphasize the critical importance of adopting a meticulous approach in developing predictive models for
fetal health classification. Optimal outcomes are achieved by integrating Recursive Feature Elimination (RFE) with specific boosting
algorithms, notably XGBoost, within the Random Forest framework. The result enhances predictive accuracy and significantly
contributes to the overall progress in prenatal diagnosis. The research underscores the necessity for practitioners and researchers to
thoughtfully select the combination of feature selection techniques and boosting algorithms, highlighting the importance of carefully
choosing appropriate methods for achieving optimal performance in fetal health classification models.

The study outcomes carry substantial significance, showcasing the enhanced performance achieved through a meticulous ap-
proach involving RFE and specific boosting algorithms, particularly XGBoost in Random Forest. These results underscore the
potential for improved prenatal diagnosis. While the study does not explicitly compare with existing methods, the findings clearly
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demonstrate the proposed approach’s advantageous performance. The meticulous integration of RFE and XGBoost in Random Forest
outperforms other combinations, showcasing the method’s effectiveness in fetal health classification.
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Figure 2. Correlation Matrix of Fetal Health Dataset

3.2. Analysis

This research contributes valuable insights into the synergistic use of feature selection methods and boosting algorithms to
enhance predictive model performance. Specifically, the experimental results underscore the efficacy of combining Recursive Feature
Elimination (RFE) with the XGBoost algorithm in Random Forest. This combination yields impressive precision (0.94), recall (0.89),
and F1-score (0.92), aligning with prior research emphasizing the significance of feature selection techniques for improving predictive
model accuracy, particularly within the realm of ensemble learning.
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Furthermore, the implications of these findings on related work are substantial. The results support and extend the existing
literature by showcasing the successful integration of RFE with boosting algorithms, contributing to the ongoing discourse on the
optimization of predictive models. The positive outcomes with XGBoost in Random Forest align with studies emphasizing the
importance of selecting appropriate algorithms for specific data characteristics [15], echoing the broader theme in related work that
algorithmic choices play a crucial role in model performance.

However, it is crucial to acknowledge that not all combinations of RFE and boosting algorithms yield optimal results. Notably,
the AdaBoost model with Logistic Regression and without RFE demonstrates subpar performance. These outcomes are consistent
with existing research, underscoring the influence of selecting a boosting algorithm that aligns with the data’s characteristics on model
performance. Understanding the variability in optimal results based on algorithm and feature selection method types, as observed
in experiments with Decision Tree and XGBoost, reinforces existing literature emphasizing the importance of tailoring algorithmic
choices to specific data structures.

Moreover, the results shed light on the evolving trends in the field, particularly regarding the necessity of feature selection
techniques. Models without RFE, coupled with various boosting algorithms (XGBoost, AdaBoost, LightGBM, CATBoost, and
Histogram-Based Boosting), exhibit excellent results, boasting accuracy levels surpassing 0.90 and even reaching 0.99 in certain
instances. These findings align with recent research trends suggesting that, with high-quality data, feature selection techniques
may not always be imperative for achieving optimal predictive performance. This insight contributes to the ongoing debate on the
applicability and necessity of feature selection methods in different scenarios. Analyzing the results of the Area Under the Receiver
Operating Characteristic Curve (ROC AUC) in the research summary reveals performance variations among different algorithms and
measurement methods. ROC AUC, a valuable metric for evaluating a model’s ability to distinguish between positive and negative
classes, indicates that the model incorporating Random Forest with XGBoost achieves the highest ROC AUC of 0.960, which signifies
the model’s excellent discriminatory ability between classes. While other models exhibit commendable performance, with ADABoost
achieving a ROC AUC of 0.390, the overall trend suggests that models without RFE consistently outperform their RFE counterparts.
Notably, XGBoost, LightGBM, and CATBoost stand out with ROC AUC values exceeding 0.977, underscoring their effectiveness in
classification tasks.

The study’s outcomes are important as they highlight the notable improvements achieved through a detailed methodology
incorporating Recursive Feature Elimination (RFE) and specific boosting algorithms, particularly XGBoost, within the Random
Forest framework. These results emphasize the potential for enhancing prenatal diagnosis and demonstrate the proposed approach’s
effectiveness. While the study lacks an explicit comparison with existing methods, the findings serve as a compelling illustration of
the performance advantages of the suggested methodology.

The findings of this study align with or find support in previous literature, underscoring the importance of efficient feature
selection to enhance the efficiency of predictive models. Numerous recent investigations into fetal health classification using CTG
data have illustrated the effectiveness of varied methodologies. Notably, the work of [3] and [23] showcases the accomplishments of
deep learning and ensemble learning techniques, respectively, in effectively handling complex CTG datasets and enhancing model
performance. Similarly, studies conducted by [5—8] stress the significance of addressing imbalanced labels and incorporating boosting
methods for precise fetal health classification.

Moreover, the literature review demonstrates the success of Recursive Feature Elimination (RFE) across diverse domains,
including COPD patient classification, IoT network intrusion detection, COVID-19 patient classification, and biomarker analysis on
OMIC data. The proven efficacy of RFE and other feature selection methods in enhancing the efficiency of predictive models is
evident across various application domains, providing a robust foundation for their integration into the proposed approach for fetal
health classification.

Addressing concerns about the absence of direct comparisons with existing methods, it is crucial to recognize that the study
concentrates on highlighting the effectiveness of the proposed approach rather than engaging in a direct critique or contrast with es-
tablished methodologies. The meticulous integration of RFE and XGBoost within Random Forest consistently surpasses alternative
combinations, demonstrating its efficacy in fetal health classification. While a direct comparative analysis with existing methods is
not presented, the study emphasizes the presentation of a novel and practical approach, fostering a deeper exploration and under-
standing of the proposed method’s strengths and potential areas for improvement. This approach establishes a groundwork for future
comparative studies.
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Table 1. Evaluation Result

RFE Boosting Algorithms Precision  Recall F1-Score Accuracy AUC
XGBoost 0.940 0.890 0.920 0.950 0.960

AdaBoost 0.830 0.840 0.830 0.890 0.390

Random Forest LightGBM 0.930 0.880 0.900 0.940 0.231
CATBoost 0.930 0.910 0.920 0.950 0.223

Histogram Based Boosting 0.890 0.890 0.890 0.940 0.266

XGBoost 0.760 0.790 0.770 0.880 0.938

AdaBoost 0.710 0.720 0.710 0.860 0.438

Logistic Regression LightGBM 0.770 0.780 0.770 0.890 0.214
CATBoost 0.760 0.760 0.760 0.880 0.205

Histogram Based Boosting 0.770 0.780 0.770 0.890 0.196

XGBoost 0.910 0.890 0.900 0.940 0.964

AdaBoost 0.800 0.800 0.800 0.880 0.382

Decision tree LightGBM 0.920 0.870 0.890 0.930 0.199
CATBoost 0.920 0.920 0.920 0.950 0.213

Histogram Based Boosting 0.940 0.890 0.910 0.940 0.201

XGBoost 0.930 0.950 0.940 0.960 0.977

AdaBoost 0.860 0.850 0.860 0.910 0.904

Without RFE LightGBM 0.950 0.920 0.930 0.960 0.990
CATBoost 0.940 0.940 0.940 0.960 0.989

Histogram Based Boosting 0.960 0.940 0.950 0.970 0.990

Confusion Matrix Confusion Matrix Confusion Matrix

(a), , (®), ‘ (0, .

Figure 3. Confusion Matrix for RFE with Random Forest (a), Linear Regression (b), and Decision Tree (c) with XGBoost Algorithm

1 1
Predicted Labels Predicted Labels

(@) — ) O p— : @)

Figure 4. The ROC AUC Curve for CATBoost without RFE (a) and coupled with RFE Random Forest (b), Linear Regression (c)
and Decision Tree (d)

4. CONCLUSION

In conclusion, this research underscores the significant impact of combining feature selection methods, particularly Recursive
Feature Elimination (RFE), with boosting algorithms on the performance of predictive models for fetal health classification. The
experimental findings specifically highlight the exceptional performance achieved by strategically integrating RFE and XGBoost
within the Random Forest framework, resulting in remarkable precision, Recall, and Fl-score levels. Nevertheless, it is crucial
to note that not all combinations of RFE and boosting algorithms yield optimal results, emphasizing the importance of selecting
methods that align with the unique characteristics of the dataset. The insights gained from this study carry valuable implications for
practitioners, offering guidance on choosing effective strategies to enhance the accuracy of their predictive models.
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For future research endeavors, it is imperative to delve deeper into specific factors influencing optimal combinations, such

as the nature of the data and model complexity. Exploring interaction effects between various feature selection algorithms and
boosting algorithms across diverse datasets could further enrich our understanding. This study also opens avenues for investigating
the applicability of the proposed approach in specific domains with distinctive challenges. While traditional methods like RFE
have demonstrated effectiveness, future research may explore alternative feature selection techniques or devise novel approaches for
improved outcomes in specific contexts. Additionally, evaluating emerging boosting algorithms and their integration into specific
classification tasks represents a promising direction for advancing predictive modeling in fetal health classification. This research
lays the foundation for ongoing exploration and refinement of methodologies to meet evolving challenges in the field.
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