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The interpretation of cardiotocography (CTG) for fetal health monitoring is often 
hampered by subjective assessments and inter-observer variability, which highlights the 
need for more objective computational techniques. This study aims to determine 
whether feature selection can improve the classification of prenatal health conditions 
using machine learning techniques. Using a publicly available CTG dataset with 2,126 
recordings, Analysis of Variance (ANOVA) F-test and Recursive Feature Elimination 
(RFE) were performed to reduce the number of variables from 21 to 10. The models 
trained using the full feature set and the reduced feature set include Random Forest, 
Logistic Regression, and Support Vector Machine (SVM). The evaluation metrics used 
include F1-score, recall, accuracy, and precision. After feature selection, the Random 
Forest model showed the most significant improvement, with accuracy increasing from 
92.72% to 93.19%, the macro F1-score rising from 86% to 87%, and the micro F1-score 
also demonstrating improved performance. Although the magnitude of this 
improvement is relatively small, these findings suggest that feature reduction can 
effectively reduce computational complexity while providing incremental 
improvements in model performance. In addition, balanced classification between 
Normal and Pathological classes is maintained with the smaller feature set. Overall, the 
results indicate that a focused feature selection approach can improve the effectiveness 
of fetal health categorization models without compromising prediction quality; 
however, further research is needed to validate the clinical use of these features.  
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1. INTRODUCTION

Fetal health monitoring during pregnancy and childbirth is
very important to prevent complications such as fetal hypoxia, 
intrapartum asphyxia, and fetal death, which are often 
preceded by abnormal fetal heart rate (FHR) patterns, 
including bradycardia, tachycardia, and variability disorders 
[1]. Cardiotocography (CTG) remains the primary clinical tool 
for assessing FHR and uterine contractions; however, because 
different professionals have different experiences, their 
interpretations tend to be subjective, influenced by 
environmental conditions and clinical standards. The high 
inter-observer variability and uneven diagnostic accuracy 
resulting from this subjectivity highlight the need for more 
objective and automated methods of CTG interpretation [2]. 

Machine learning is increasingly being used to support CTG 
analysis. Previous studies have shown that machine learning 
can analyze complex physiological data and identify abnormal 
fetal patterns [3]. Baseline heart rate, acceleration, and 
deceleration, and short- and long-term variability indices are 

some of the numerical characteristics found in CTG datasets, 
and metrics derived from histograms, many of which may be 
redundant or contain minimal information. Feature 
redundancy can increase computational load, reduce 
generalization, and hinder interpretability. As a result, feature 
selection has emerged as a critical step for identifying the most 
relevant CTG attributes, reducing overfitting, and improving 
the efficiency and transparency of models in clinical decision-
making [4]. When combined with machine learning, feature 
selection has been shown to improve the reliability and 
consistency of classification in fetal health assessment [5, 6]. 

However, the quality and representativeness of input 
significantly affect the effectiveness of machine learning 
models. Various feature selection methods, including 
ensemble-based techniques, mutual information, SelectKBest, 
and Recursive Feature Elimination (RFE), have been 
evaluated to address potential challenges in CTG datasets, 
such as noisy data, redundant variables, and imbalanced class 
distributions [7]. Although performance improvements have 
been reported for algorithms such as Support Vector Machine 
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(SVM) and Random Forest after feature selection, variations 
in datasets and analytical methods continue to produce 
inconsistent results, highlighting the need for broader 
validation and more standardized methodologies [8]. 

Various machine learning techniques have been applied to 
CTG analysis, including FHR pattern recognition, metabolic 
acidosis prediction, and perinatal risk assessment [3, 4]. 
Ensemble methods, Artificial Neural Networks (ANNs), and 
complex CTG patterns that are difficult for humans to see 
visually can be comprehensively modeled by deep learning 
architectures such as Random Forest, SVM, K-Nearest 
Neighbors (KNNs), Convolutional Neural Network (CNN), 
Long Short-Term Memory (LSTM), hybrid CNN LSTM, and 
transformer-based models [9, 10]. Yet, CTG-based machine 
learning systems still face challenges related to signal noise, 
device variability, class imbalance, interpretability 
requirements, and the technical demands related to real-time 
fetal monitoring systems and emerging IoT [11-13]. 

Despite significant progress, several key research gaps 
remain. These include: (1) lack of diverse and representative 
CTG datasets across different populations and types of 
equipment, (2) limited external validation of machine learning 
models in real-world clinical settings, (3) the absence of a 
systematic feature selection framework that balances 
performance and interpretability, (4) inadequate integration 
between artifact-handling and signal-quality techniques, and 
(5) limited efforts to ensure that machine learning models are 
explainable and clinically acceptable [14-17]. Previous studies 
have highlighted that improvements in data quality, feature 
selection, model validation, readability, and clinical 
integration are essential to optimize the potential of AI-based 
CTG monitoring [18-21]. 

Given these challenges, this study investigates the role of 
feature selection in fetal health classification using CTG data. 
To develop a more robust and clinically viable fetal health 
detection model, this study aims to: (1) identify the most 
relevant CTG features using the Analysis of Variance 
(ANOVA) F-test and RFE; (2) compare the performance of 
Logistic Regression, SVM, and Random Forest classification; 
and (3) evaluate the impact of feature selection on accuracy, 
precision, recall, macro/micro F1-scores, and computational 
efficiency [3, 22-25]. 
 
 
2. METHODS 
 

Figure 1 presents a flowchart illustrating the research 
process, in which machine learning algorithms are applied 
both with and without feature selection to evaluate and 
enhance FHR detection. This approach aims to improve model 
efficiency while maintaining accuracy, with feature selection 
serving to identify and optimize the most relevant variables for 
effective FHR categorization. 
 
2.1 Cardiotocography dataset 
 

Figure 1 begins with the CTG dataset from the University 
of California, Irvine (UCI) Machine Learning Repository. This 
dataset consists of 2,126 recordings and includes 21 variables, 
including FHR, variability, acceleration, and other factors 
relevant to assessing fetal health. 

The three target classes in the CTG dataset—Normal, 
Suspect, and Pathological—represent different levels of fetal 
risk. There is a significant imbalance between these classes, 

with 1,655 samples in the Normal category compared to only 
295 in the Pathological category. This imbalance directly 
affects classification performance, especially for minority 
classes, making it an essential methodological consideration. 
To address this issue, stratified splitting was applied during 
data splitting to ensure consistent class proportions between 
the training and testing sets. In addition, evaluation metrics 
such as macro F1-scores were prioritized to accurately capture 
performance across classes rather than being dominated by the 
majority class. 
 

 
 

Figure 1. The optimization of fetal heart rate detection 
through feature selection and machine learning algorithms 

[24] 
 

2.2 Data preprocessing 
 

The data underwent a preparation stage before being used 
for model training. This stage included: 

a) Stratified data division (80/20): To maintain the same 
class distribution (1,655/295/176) in both the training 
and testing subsets, the dataset was divided into two 
parts. 

b) Scaling (StandardScaler): All features were scaled using 
StandardScaler to normalize variance among predictors, 
allowing algorithms such as SVM and Logistic 
Regression to work optimally. 

 
2.3 Separation of analysis paths 
 

Once the data were ready, the process was divided into two 
parallel paths: 
(1) Baseline evaluation path 
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On this path, all 21 features were used without feature 
selection. Before optimization, the main goal was to achieve 
the baseline performance of the model. The procedure 
included: 

a. Data model, consisting of all 21 characteristics, was 
trained using three different methodologies: Random 
Forest, SVM, and Logistic Regression. 

b. Baseline performance assessment, consisting of metrics 
such as recall, accuracy, precision, and F1-score to 
evaluate model performance before feature reduction. 

(2) Feature selection and workflow optimization  
Feature selection was employed to ensure the most 

informative subset of predictors to improve classification 
efficiency and accuracy. The ANOVA F-test evaluated the 
statistical significance of individual features, whereas RFE 
determined traits with negligible contributions. After 
identifying the ten most significant characteristics, the 
Random Forest, SVM, and Logistic Regression models were 
reconfigured using the reduced feature set. Subsequently, the 
effectiveness of the models was reevaluated to determine the 
impact of feature selection on classification results. 
 
2.4 Final analysis 
 

The final part of the flowchart shows the comparative 
analysis stage: 

a. Comparing how well the optimized model (using only 10 
characteristics) performed compared to the baseline 
model (using 21 features). 

b. Analyzing the impact of feature selection on model 
accuracy, computational efficiency, and generalization 
comprehensively. 

Figure 1 illustrates the systematic process of developing and 
optimizing an FHR classification model. This study focuses 
not only on model training but also evaluates the impact of 
feature selection on final performance. The two-path approach 
(baseline vs. optimization) helps ensure that performance 
improvements were not coincidental, but rather the result of 
appropriate feature selection. 
 
2.5 Feature selection method 
 

Feature selection was employed to ensure the most 
informative subset of predictors to improve classification 
efficiency and accuracy. The ANOVA F-test evaluated the 
statistical significance of individual features, while RFE 
determined traits with negligible contributions. After 
identifying the ten most significant features, the Random 
Forest, SVM, and Logistic Regression models were retrained 
using the reduced feature set. The ANOVA F-test was chosen 
as an effective univariate filter method to measure statistical 
differences in feature distributions among fetal health 
categories. This method provides quick and objective rankings 
for numerical variables, making it suitable for an initial 
screening stage. RFE was chosen as a wrapper method to 
complement the screening approach by considering 
multivariate interactions that cannot be captured by the 
ANOVA F-test. Compared to other alternatives, such as 
Mutual Information or SHapley Additive exPlanations 
(SHAP), the ANOVA F-test, and RFE, were preferred due to 
(1) lower computational cost, (2) suitability for limited sample 
sizes such as CTG datasets, and (3) better alignment with the 
study objective to balance performance and readability. 
SHAP, while highly interpretable, requires substantial 

computational resources and is generally used for post-
analysis explanation rather than feature selection. Mutual 
Information was not selected because it is less effective with 
correlated features, which are commonly found in CTG 
measurements. 

 
2.5.1 Analysis of Variance F-test (filter method) 

For statistical purposes, the relationship between each 
numerical characteristic and the categorical fetal health 
outcomes was analyzed using the ANOVA F-test. A reduced 
feature subset was initially formed by selecting features with 
the largest F-statistic values using SelectKBest from Scikit-
learn. 
 
2.5.2 Recursive Feature Elimination (wrapper method) 

RFE was implemented using Logistic Regression as an 
estimator. This algorithm repeatedly removed features with 
the lowest importance until a predetermined number of 
selected features was reached. As a wrapper method, RFE 
evaluated feature combinations in conjunction with the 
algorithm, enabling the selection of a more representative 
multivariate feature subset. 
 
2.5.3 Classification algorithm 

This study utilized three machine learning algorithms, 
Random Forest, Logistic Regression, and SVM, to identify 
fetal health problems. Grid search with 5-fold stratified cross-
validation was used to adjust the hyperparameters of SVM and 
Random Forest. With this optimization, we ensured that the 
selected parameters were robust, reduced the possibility of 
overfitting, and helped achieve the goal of improving model 
performance. 
(1) Logistic Regression 

Logistic Regression was used as a baseline classifier due to 
its ease of interpretation and efficiency. The model employed 
L2 regularization penalty with max_iter = 1000 to ensure 
convergence. 
(2) SVM 

Instead of using default parameters, SVM with the RBF 
kernel was optimized using grid search. 

Explored grid parameters: 
• C: {0.1, 1, 10, 100} 
• gamma: {1e-3, 1e-2, 1e-1, ‘scale’} 
• kernel: {‘rbf’} 

Optimal parameters: 
• C = 10 
• gamma = 0.01 
• kernel = 'rbf' 

These adjusted parameters improved class separation and 
enhanced performance for minority fetal-health classes. 
(3) Random Forest 

Random Forest hyperparameters were adjusted to increase 
tree diversity and reduce overfitting. 

Explored grid parameter: 
• n_estimators: {100, 200, 300, 500} 
• max_depth: {None, 10, 20, 30} 
• min_samples_split: {2, 5, 10} 
• min_samples_leaf: {1, 2, 4} 
• max_features: {‘sqrt’, ‘log2’} 

Optimal parameters: 
• n_estimators = 300 
• max_depth = 20 
• min_samples_split = 5 
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• min_samples_leaf = 2 
• max_features = 'sqrt' 

This optimization produced a more stable ensemble with 
better generalization. 
 
2.5.4 Evaluation metrics 

The metrics included a confusion matrix, accuracy, 
precision, recall, macro/micro F1-score, and algorithm 
performance evaluation. Due to the class imbalance, greater 
emphasis was placed on the macro F1-score and per-class 
recall, especially for the minority classes (Suspect and 
Pathological), which are clinically critical. 
 
2.5.5 Feature selection implementation 

This software identified the ten most significant features 
from the normalized data with the ANOVA F-test and RFE. 
The selection approach sought to improve generalization, 
minimize redundancy, and augment computing efficiency. 
Eleven attributes were deliberately chosen. An initial 
assessment was conducted by analyzing several k values, 
including 5, 8, 10, 12, and 15 characteristics, to determine the 
ideal number of features. The ANOVA F-test and RFE were 
utilized for this purpose. The results showed that k = 10 
consistently produced the best balance between computational 
cost, accuracy, and macro F1-score (especially for minority 

classes). Retaining fewer than 10 features resulted in the loss 
of important clinical information, while selecting more than 10 
features increased redundancy and computation time without 
meaningful performance improvement. Additionally, the 
decision aligns with prior CTG feature-selection studies, in 
which 8–12 features are commonly retained to achieve 
interpretability, avoid overfitting, and maintain relevant 
clinical variables. Therefore, the selection of 10 features is 
methodologically justified and based on in empirical testing 
and consistency with the existing literature. 
 
2.5.6 Model training without feature selection  

To evaluate the initial performance of each classifier using 
all 21 characteristics, model training without feature selection 
was performed as a baseline. Unlike the previous version, this 
revised baseline integrated optimized SVM and Random 
Forest hyperparameters to ensure a fair comparison between 
models before and after feature selection (Table 1). 

In this first phase, all classifiers were trained on all scaled 
features using optimized hyperparameters for SVM and 
Random Forest. The test set was used to generate predictions, 
and performance was evaluated by computing the F1-score, 
recall, accuracy, and precision. The optimized configuration 
ensured that the baseline reflected the performance capability 
of each algorithm without relying on default parameters. 

 
Table 1. Model training without feature selection 

 
Algorithm Library/Function Configuration (Updated) Evaluation Metrics 

Logistic Regression Logistic Regression 
(max_iter=1000) Penalty=L2 Accuracy, Precision, Recall, F1-score 

Support Vector 
Machine 

Support Vector 
Classifier () 

C=10, γ=0.01, kernel=Radial Basis Function (RBF)  
(Grid search optimized) Accuracy, Precision, Recall, F1-score 

Random Forest Random Forest 
Classifier () 

n_estimators=300, max_depth=20, 
min_samples_split=5, min_samples_leaf=2, 
max_features=sqrt (Grid search optimized) 

Accuracy, Precision, Recall, F1-score 

Table 2. Model training with feature selection  
 

Algorithm Configuration (Updated) Evaluation Metrics 
Logistic Regression max_iter=1000; L2 penalty Accuracy, Precision, Recall, F1-score 

Support Vector 
Machine C=10; γ=0.01; kernel=Radial Basis Function (RBF) Accuracy, Precision, Recall, F1-score 

Random Forest n_estimators=300; max_depth=20; min_samples_split=5;  
min_samples_leaf=2; max_features=sqrt Accuracy, Precision, Recall, F1-score 

 
2.5.7 Model training with feature selection 

The top ten features chosen using an ANOVA F-test and 
RFE were used to train the model with feature selection. To 
ensure consistency and determine how feature reduction 
affected model performance, the dataset was reprocessed 
using improved SVM and Random Forest configurations 
(Table 2). 

All models were trained using the identically optimized 
hyperparameters used during the baseline phase, incorporating 
a condensed 10-feature dataset. This ensured that performance 
variances were only attributable to feature selection rather than 
alterations in parameters. Performance metrics were evaluated 
to determine whether feature reduction improved accuracy, 
computational efficiency, and class-balance sensitivity. 
 
2.6 Feature optimization in machine learning  
 

Feature optimization is a critical pre-modeling step in 
machine learning that improves algorithm performance 

through the selection of the most relevant and informative 
features. By eliminating redundant or low-contributing 
variables, this process reduces model complexity, mitigates 
overfitting, and improves computational efficiency. Common 
feature optimization approaches include filter, wrapper, and 
embedded methods. When applied correctly, these techniques 
enable machine learning models to produce more accurate and 
interpretable predictive results. 
 
2.6.1 Importing algorithm library 

Importing several important libraries to support the entire 
process, this application was the initial stage in data processing 
and analysis using machine learning techniques. Data 
manipulation was accomplished using libraries such as pandas 
and numpy, while data visualization was executed using 
matplotlib.pyplot, and seaborn. Features were standardized 
using the sklearn.model_selection and sklearn.preprocessing 
modules, and the data were partitioned into training and test 
sets. Two common techniques for feature selection are RFE 
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and SelectKBest, which use the f_classif statistical approach. 
Various leading methods, including XGBoost, Random 
Forest, Logistic Regression, and SVM, were employed in the 

classification phase. Finally, to assess model performance, the 
sklearn.metrics module employed evaluation measures such as 
accuracy, confusion matrix, and classification report (Table 3). 

 
Table 3. Libraries, modules, and algorithms used in the optimization workflow 

 
Category Library/Module Function/Algorithm Description 
Data and 

Visualization 
pandas, numpy, matplotlib, 

seaborn 
DataFrame, numerical 

computation, data visualization 
Used for data management, analysis, and 

visualization of experimental results 

Preprocessing 
sklearn.model_selection train_test_split Splits the dataset into training and testing sets 

sklearn.preprocessing StandardScaler Normalizes/standardizes features to ensure balanced 
scaling 

Feature Selection sklearn.feature_selection SelectKBest, f_classif, RFE Selects the best features using statistical methods 
and recursive elimination 

Classification 

sklearn.linear_model LogisticRegression Logistic regression model for binary and multi-class 
classification 

sklearn.svm SVC Support Vector Machine classifier for supervised 
classification 

sklearn.ensemble RandomForestClassifier Ensemble algorithm based on decision trees 
xgboost XGBClassifier High-performance tree-based boosting algorithm 

Evaluation sklearn.metrics 
accuracy_score, 

classification_report, 
confusion_matrix 

Model evaluation metrics (accuracy, classification 
report, and confusion matrix) 

Note: SVC: Support Vector Classifier; XGB: Extreme Gradient Boosting; RFE: Recursive Feature Elimination. 
 

Table 4. Data loading and preparation workflow 
 

Step Code/Function Description 
Dataset Input pd.read_csv('fetal_health2.csv') Loads the dataset containing fetal health records 

Dataset Information df.info(), df['fetal_health'].value_counts() Displays general dataset information and class 
distribution of the target 

Feature–Target Separation X=df.drop('fetal_health', axis=1); y=df['fetal_health'] Separates independent variables (features) from the 
dependent variable (target) 

Train–Test Split train_test_split(X, y, test_size=0.2, random_state=42, 
stratify=y) 

Separates data into training and testing sets (80% 
training, 20% testing) with stratification 

Feature Scaling StandardScaler() 
Standardizes feature values (essential for algorithms 

like Support Vector Machine and Logistic 
Regression) 

Scaled Datasets scaler.fit_transform(X_train); scaler.transform(X_test) Applies scaling to training and testing datasets 
 

Table 5. Baseline data algorithm 
 

No. Feature Name Non-Null Count Data Type 
1 baseline value 2126 float64 
2 accelerations 2126 float64 
3 fetal_movement 2126 float64 
4 uterine_contractions 2126 float64 
5 light_decelerations 2126 float64 
6 severe_decelerations 2126 float64 
7 prolonged_decelerations 2126 float64 
8 abnormal_short_term_variability 2126 float64 
9 mean_value_of_short_term_variability 2126 float64 
10 percentage_of_time_with_abnormal_long_term_variability 2126 float64 
11 mean_value_of_long_term_variability 2126 float64 
12 histogram_width 2126 float64 
13 histogram_min 2126 float64 
14 histogram_max 2126 float64 
15 histogram_number_of_peaks 2126 float64 
16 histogram_number_of_zeroes 2126 float64 
17 histogram_mode 2126 float64 
18 histogram_mean 2126 float64 
19 histogram_median 2126 float64 
20 histogram_variance 2126 float64 
21 histogram_tendency 2126 float64 
22 fetal_health (Target) 2126 int64 

2.6.2 Data loading and preparation 
Data loading and preparation is the initial stage in machine 

learning that aims to load and prepare data so that it can be 

used by the model. This step involved retrieving data from 
sources, removing errors or gaps, and transforming the data 
through normalization and dividing it into training and testing 
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datasets. Data quality is extremely important since it 
substantially affects the accuracy of model predictions. 
Various algorithms are available (Table 4). 

This program aimed to load and prepare data from the 
fetal_health.csv dataset for fetal health condition classification 
analysis. After ensuring the file was available, the program 
displayed the data structure and distribution to understand the 
initial condition of the dataset. The data were then divided into 
features (X) and targets (y), and further divided into training 
and test datasets using stratification to maintain a balanced 
class proportion. The features in the dataset were normalized 
using StandardScaler, which is crucial for improving the 
performance of models such as SVM and Logistic Regression. 
 
2.6.3 Baseline data 

Initial data collected before treatment or intervention 
function as a reference point for comparing changes or effects 
of a process, program, or model. In this study, baseline data 
are important for determining the initial condition of the 
research object so that the results of the analysis can be 
measured objectively.  

Table 5 presents a complete list of the dataset's numerical 
attributes, along with the target variable fetal_health, all of 
which have a uniform data type and complete values with no 
nulls. These features include FHR characteristics, variability 
patterns, and other histogram-based markers, which are 
clinical and statistical metrics derived from CTG signals. The 
completeness and consistency of the data indicate that the 
dataset is in optimal condition for machine learning analysis 
and modeling without requiring additional data-cleaning 
procedures. 

The dataset comprised 2,126 observations and 21 numerical 
variables, all complete with no missing values. These features 
capture FHR characteristics and histogram-based descriptors 
generated from CTG recordings. Table 6 shows that the 
distribution of fetal health is uneven. Most instances are 
classified as Normal (1.0), while there are far fewer samples 
in the Suspect (2.0) and Pathological (3.0) classifications. This 
pronounced class imbalance has methodological implications, 
requiring careful interpretation of classification performance, 
particularly for minority classes, and underscores the 
importance of model evaluation strategies that account for 
unequal class representation. 
 
2.6.4 Model training without feature selection as baseline 

Feature selection-free model training was performed to 
establish a baseline as a reference for objectively evaluating 
the impact of the optimization process. At this stage, all 
available features were included in the training phase, 
allowing each algorithm to learn from the complete feature set 
without any prior dimensionality reduction. The performance 
of this baseline serves as a reference point to determine 
whether subsequent feature selection enhances model 
accuracy, computational efficiency, or generalization ability in 
classifying fetal health conditions (Table 7). 

 
Table 6. Target class distribution 

 
Class (fetal_health) Number of Samples 

1.0 (Normal) 1655 
2.0 (Suspect) 295 

3.0 (Pathological) 176 

Table 7. Model training without feature selection as baseline 
 

Algorithm Library/Function Configuration Evaluation Metrics 

Logistic Regression Logistic Regression  
(max_iter=1000) (scikit-learn) Maximum iterations=1000 Accuracy, Precision, Recall, F1-score 

Support Vector Machine Support Vector Classifier ()  
(scikit-learn) Default parameters Accuracy, Precision, Recall, F1-score 

Random Forest Random Forest Classifier 
(random_state=42) (scikit-learn) Random state=42 Accuracy, Precision, Recall, F1-score 

 
Table 8. Features of the Random Forest model algorithm 

 
Method Technique Number of Selected Features 

Filter Method Analysis of Variance F-test (SelectKBest) 10 
Wrapper Method Recursive Feature Elimination (RFE) with Logistic Regression 10 

Table 9. Model training with feature selection algorithms 
 

Model Accuracy Precision Recall F1-Score Support 
Logistic Regression 0.8850 0.81 0.76 0.78 426 

Support Vector Machine 0.8944 0.82 0.75 0.78 426 
Random Forest 0.9272 0.88 0.84 0.86 426 
Macro Average 0.9022 0.84 0.78 0.81 425 

Weighted Average 0.9000 0.89 0.90 0.90 426 
 
The basic procedure consists of three stages: (1) Training 

the algorithm with the scaled training dataset (X_train_scaled, 
y_train); (2) Utilizing the scaled test dataset (X_test_scaled) 
for predictions; and (3) Evaluating performance through 
various metrics, including accuracy and a comprehensive 
classification report (precision, recall, and F1-score for each 
class). Analysis of Random Forest, SVMs, and Logistic 
Regression was performed under the same conditions to 
ensure objectivity. These initial results form the basis for 

evaluating feature selection in the next optimization phase. 
 
2.6.5 Feature selection using Analysis of Variance F-test and 
Recursive Feature Elimination 

During feature selection implementation, the ten most 
relevant features from the 21 characteristics in the CTG data 
were identified using the ANOVA F-test and RFE methods. 
The objective was to simplify the model, lower the risk of 
overfitting, and improve accuracy and computational 
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efficiency in FHR classification (Table 8). 
This software employed the ANOVA F-test and RFE to 

choose the top 10 features from the scaled data. RFE uses the 
Logistic Regression model to systematically exclude less 
significant characteristics, whereas the ANOVA F-test selects 
features based on the robustness of their statistical association 
with the objective. The selected features aimed at improving 
the efficiency and accuracy of the classification model, as 
detailed in the findings. 
 
2.6.6 Model training with feature selection 

Feature selection training using RFE results was performed 
by training classification models such as Logistic Regression, 
SVM, and Random Forest only on the top 10 features. 
Classification of FHR problems should be carried out with 
consideration for improving accuracy while reducing model 
complexity and the risk of overfitting (Table 9). 

Significance of the 0.5% accuracy gain: The observed 
improvement in Random Forest classification from 92.72% to 
93.19% is relatively small, and because the experiment was 
conducted using a single stratified train-test split, this 
improvement cannot be interpreted as statistically significant. 
To make such a claim, repeated k-fold cross-validation 
combined with a statistical test such as the McNemar test or a 
paired t-test on repeated runs is necessary.  
 
 
3. RESULTS AND DISCUSSION 
 
3.1 Results 
 
3.1.1 Model evaluation without feature selection 

To provide an initial assessment of model effectiveness, all 
attributes were used without any feature selection or filtering 
at this stage. After training on the scaled data, the three 
models—Random Forest, SVM, and Logistic Regression—
were evaluated using accuracy and other metrics, including 
recall, F1-score, and precision. These assessment outcomes 

serve as a baseline to determine whether feature selection can 
substantially improve model performance (Table 10). 

The application evaluated three machine learning models: 
Random Forest, SVMs, and Logistic Regression, which were 
trained on a dataset related to fetal health without feature 
selection. After evaluating each model on the test data, 
performance measures including accuracy, precision, recall, 
and F1-score were generated. SVM ranked second with an 
accuracy of 89.44%, followed by Logistic Regression with 
88.50%. Random Forest emerged as the best model, achieving 
an accuracy of 92.72% and the highest F1-score on both the 
macro and weighted scales. All models excelled in classifying 
the dominant class (class 1.0), but performance in minority 
classes (classes 2.0 and 3.0) tended to be lower, indicating the 
challenges in classifying unbalanced data. This evaluation 
serves as an initial reference before feature selection to 
optimize model performance. 
 
3.1.2 Model evaluation with 10 selected features (Recursive 
Feature Elimination) 

The performance of the classification model was evaluated 
using a model evaluation with 10 selected features (RFE) after 
feature reduction, by training and evaluating the model using 
only the most essential characteristics. This evaluation 
included calculating accuracy, precision, recall, and F1-score 
metrics to describe the effectiveness of the model in 
identifying each category of FHR abnormalities (Table 11). 
 
3.1.3 Visualization of feature importance in Random Forest 

Visualization of the Importance of Random Forest Features 
illustrates the contribution of each feature to the accuracy of 
the model in classifying FHR conditions by providing an 
important score obtained from its weight in the ensemble 
decision tree. The use of horizontal bar charts makes it easier 
for researchers to identify the most influential features, thereby 
supporting more efficient feature selection, model 
simplification, and improved prediction performance. 

 
Table 10. Model evaluation without feature selection algorithms 

 
Model Accuracy Class Precision Recall F1-Score Support 

Logistic Regression 0.8850 

1.0 0.94 0.95 0.94 332 
2.0 0.61 0.68 0.64 59 
3.0 0.88 0.66 0.75 35 

Macro Average 0.81 0.76 0.78 426 
Weighted Average 0.89 0.88 0.89 426 

Support Vector Machine 0.8944 

1.0 0.93 0.97 0.95 332 
2.0 0.67 0.58 0.62 59 
3.0 0.86 0.71 0.78 35 

Macro Average 0.82 0.75 0.78 426 
Weighted Average 0.89 0.89 0.89 426 

Random Forest 0.9272 

1.0 0.94 0.98 0.96 332 
2.0 0.85 0.68 0.75 59 
3.0 0.86 0.86 0.86 35 

Macro Average 0.88 0.84 0.86 426 
Weighted Average 0.92 0.93 0.92 426 

 
Table 11. Model evaluation with 10 selected features (Recursive Feature Elimination) algorithm 

 
Model Accuracy Precision (Macro 

Average) 
Recall (Macro 

Average) 
F1-Score (Macro 

Average) 
Weighted Average F1-

Score 
Logistic Regression 0.8967 0.82 0.78 0.80 0.90 

Support Vector 
Machine 0.8944 0.81 0.77 0.79 0.89 

Random Forest 0.9319 0.90 0.84 0.87 0.93 
Notes: Results are based on the classification report after applying Recursive Feature Elimination (RFE) with 10 selected features. The macro average 

represents the unweighted mean across all classes. The weighted average adjusts the metrics according to the class distribution. 
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Figure 2. Random Forest model feature  
Note: Generated by the authors using Google Colab. 

 
Figure 2 illustrates the feature importance ranking derived 

from the Random Forest model for fetal health classification 
based on FHR medical data.  

Characteristics such as abnormal short-term variability, 
average short-term variability values, and time fractions 
exhibiting anomalous long-term variability, due to their 
significant relevance ratings, are the most critical variables for 
generating predictions. Considerable decreases and many 
zeros, however, have little effect on the model's results. During 
the feature selection phase, researchers may utilize this 
information to focus on the most relevant characteristics and 
improve model accuracy and efficiency. 
 
3.1.4 Confusion matrix visualization for the best model 

To evaluate the accuracy and inaccuracy of models in 
identifying FHR conditions, confusion matrix visualization 
was used to demonstrate the number of accurate and inaccurate 
predictions made by the best model.  

When the model's output contains actual confusion matrix 
values, those values can be entered into Table 12. The 
confusion matrix of the best Random Forest model trained 
with the given features can be viewed in this software to 
evaluate the prediction accuracy of three fetal condition 
classes through a heat map. 

Figure 3 illustrates the confusion matrix of the Random 
Forest model, equipped with feature selection, which aims to 
evaluate the accuracy of grouping fetal conditions into three 
categories: normal, suspicious, and unknown/pathological. 
This model accurately classified 326 instances as normal, but 
there were some classification errors, such as 16 suspicious 

cases predicted as normal and five normal cases predicted as 
suspicious. Meanwhile, the pathological class was classified 
relatively well with 30 correct predictions from the total data, 
although there were a few errors. This matrix shows that the 
model is highly accurate for the normal class, relatively 
effective for the pathological class, and still needs 
improvement in the classification of the suspicious class. 

 

 
 

Figure 3. Random Forest model feature  
Note: Generated by the authors using Google Colab. 

 

378



 

Table 12. Confusion matrix visualization for the best model 
algorithm 

 
Actual/Predicted Normal Suspect Pathological 

Normal TN FP₁ FP₂ 
Suspect FN₁ TS FP₃ 

Pathological FN₂ FN₃ TP 
Notes: TN = True Negative (Normal correctly predicted as Normal); TS = 

True Suspect (Suspect correctly predicted as Suspect); TP = True 
Pathological (Pathological correctly predicted as Pathological); and FN = 

False Negative, FP = False Positive. 
 
3.2 Discussion 
 

The results demonstrate that feature selection strongly 
affects machine learning performance in CTG-based fetal 
health categorization. When all 21 characteristics were used in 
the baseline findings, Random Forest exhibited the best 
accuracy (92.72%) and the highest F1-score (0.86), while 
SVM and Logistic Regression performed worse, especially for 
the minority classes (Suspect and Pathological), which is 
consistent with previous CTG-related studies on class 
imbalance challenges. This reinforces that class imbalance and 
overlapping feature distributions remain major challenges in 
CTG classification. Following the application of feature 
selection using ANOVA F-test and RFE, model performance 
improved. Random Forest showed the most notable gains, 
with accuracy increasing to 93.19% and macro F1-score rising 
to 0.87. These improvements indicate that the selected 10 
features offer a more informative representation of fetal health, 
lowering noise and redundancy while improving class-wise 
balance, in accordance with findings reported in previous 
feature-selection studies in biomedical classification [26-28]. 
The most influential predictors identified, such as short-term 
and long-term variability indicators, correspond with 
established clinical determinants of fetal well-being, 
supporting the interpretability of the selected feature subset. 

The models are also more efficient and fit for real-time or 
near real-time clinical applications due to reduced computing 
complexity resulting from feature selection, agreeing with 
previous findings on dimensionality reduction in biomedical 
machine learning [29]. Nevertheless, the Suspect class remains 
difficult to classify accurately, reflecting its inherent clinical 
ambiguity and overlap with the Normal and Pathological 
categories, as reported in previous CTG studies [30]. Overall, 
the findings indicate that combining feature selection with 
Random Forest yields better performance, improved 
interpretability, and greater computational efficiency, 
supporting its potential use in clinical decision-support 
systems for CTG interpretation, which aligns with established 
evidence regarding the clinical applicability of CTG-based 
machine learning models [3, 5]. 
 
 
4. CONCLUSION 
 

This study demonstrates that feature selection can enhance 
model efficiency and interpretability in CTG-based fetal 
health classification, although its impact varies across 
algorithms. Random Forest shows the most substantial 
improvement, with accuracy improving from 92.72% to 
93.19% and the macro F1-score rising from 86% to 87%, 
indicating that reducing redundant features enhanced its 
predictive capability. In contrast, Logistic Regression and 
SVM exhibited a slight decrease in performance after feature 

reduction, suggesting that feature selection is model-
dependent rather than universally advantageous. Overall, 
feature selection remains a useful approach for simplifying 
models and improving clinical applicability, particularly when 
combined with robust algorithms such as Random Forest. 
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