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This study comparatively evaluated the predictive performance of machine learning
classification models and examined whether feature selection and model optimization
improved classification accuracy and overall predictive effectiveness. A quantitative
computational research design was employed using a structured dataset containing the
predictor variables required for classification, which was preprocessed and divided into
training and testing subsets before model development. Four machine learning
algorithms, namely Logistic Regression, Decision Tree, Random Forest, and Support
Vector Machine (SVM), were trained under baseline, feature-selection, model-
optimization, and combined feature-selection-plus-optimization configurations. Feature
selection was performed using SelectKBest and Recursive Feature Elimination (RFE),
while model optimization was applied to improve the predictive configurations of the
algorithms. Model performance was evaluated using accuracy, precision, recall, and Fi1-
score, allowing comparative assessment of classification effectiveness. The results showed
that feature selection consistently improved predictive accuracy, with RFE producing
stronger improvements than SelectKBest. Model optimization also enhanced
performance, with accuracy improvements of 5.50% for Logistic Regression, 6.20% for
Decision Tree, 6.10% for Random Forest, and 5.40% for SVM compared with their
respective baseline models. When feature selection and optimization were combined,
mean accuracy increased from 83.25% in the baseline configuration to 93.00%,
demonstrating a substantial improvement in overall predictive performance. Under the
combined approach, Logistic Regression achieved 92.30% accuracy, Decision Tree
achieved 90.40%, SVM achieved 94.10%, and Random Forest achieved the highest
accuracy of 95.20%, with precision, recall, and Fi-score all reaching 0.95. Overall, the
findings demonstrate that integrating feature selection with model optimization
substantially enhances classification performance, with the optimized Random Forest
emerging as the most accurate and balanced model for the evaluated dataset.

Introduction

Machine learning (ML) has become useful in many fields, including finance and healthcare, where large and complex systems
need to be analyzed. The rapid development of digital technology has also led to a significant increase in the amount of data
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available. As a result, many datasets now contain a large number of features and are stored in high-dimensional forms. Because of
the ML algorithm's nuance, new business and engineering frontiers are growing beyond the of the traditional limits of the field.
The ML algorithm, however, is not the only contributor to good model predictions; characteristics of the data and configuration of
model hyperparameters are all important. For this reason, carefully addressing the representation of input data features and the
model's algorithm is necessary to achieve accurate predictions (Alirezapour et al., 2024).

Feature selection is an important part of developing an effective machine learning model. It helps identify the most useful
variables in a dataset because some variables may be unnecessary, repeated, or contain noise. Keeping such variables can increase
the size and complexity of the data without making a meaningful contribution to prediction. Feature selection prunes datasets of
surplus variables. This benefits not only the complexity of the learning problem but also the computational efficiency and the
prediction itself. The complexity and importance of this pruning process has become more pronounced with the advent of
datasets with tens of thousands or more features per example as opposed to less than 50 features. Much of the research now
focuses on finding methods to assess and quantify the predictive performance of each of the many feature selection methods
working (Theng & Bhoyar, 2024).

Feature selection is closely related to the broader optimization problem in machine learning. Feature selection can be considered
an optimization problem where the goal is finding the most informative subset while using as few elements as possible. With the
increasing complexity of predictors, recent studies have focused more on optimization and metaheuristic methods for finding
solutions to feature selection problems. The goal is to find a solution that has a good balance between predictor performance and
the number of elements selected so as to optimize dimensionality, accuracy, and efficiency of the process (Azevedo et al., 2024).

Other than feature selection, the configuring of the predictive algorithm is another considerable factor in the performance of the
model. Hyperparameters control elements of a machine learning algorithm such as the balance between model complexity and
regularization, the depth of the algorithm, and the model's learning behavior. Inappropriate hyperparameter settings can lead to
poor results in the algorithm, whereas optimization of the hyperparameters can provide better results. Stiiber et al. (2023) note
that hyperparameter optimization is a major part of the machine learning research framework, as the selected configuration of
the algorithm has a major effect on the performance of the algorithm. Recent methods include grid search, random search,
Bayesian optimization, evolutionary algorithms, and other automated optimization methods.

Furthermore, empirical research shows that changing the optimization of a model can affect judgement of the relative
performances of several machine learning algorithms. Muchlinski (2023) state that tuning hyperparameters can lead to better
out-of-sample performances of multiple learning algorithms and that comparing algorithms with their default parameters can
lead to incorrect conclusions about the performance of these algorithms. This can be problematic when discussing predictive
analytics since the assumption that one algorithm is better than the others may not hold when competitors are optimized. Thus,
for meaningful comparisons between models, similar optimization methods should be implemented across all models.

The optimization of models does not necessarily improve generalization. When a validation procedure and dataset are both fixed,
an optimization method can result in overfitting by using a validation procedure that allows for too much flexibility. Hartog et al.
(2024) show that extensive hyperparameter tuning can create models that have great performance in a validation procedure but
fail to adequately perform on independent datasets. Thus, the optimization of models should be conducted along with the
evaluation framework, and steps to improve the assessment of models should be implemented using appropriate validation
procedures and independent datasets.

The learning algorithm may dictate the best feature subset. Meanwhile, the effectiveness of a feature-selection method may be
contingent on the parameter settings of the model under development. For instance, Bayesian optimization can be used to
configure feature-selection methods, as illustrated by (Yang et al., 2024). This shows that the respective parameters of feature-
selection and predictive modeling must be encoded simultaneously. This perspective suggests that evaluating feature selection in
isolation may not sufficiently reveal that contribution of modeling to predictive accuracy.

Research Objectives
e  To examine the effect of feature selection on the prediction accuracy of machine learning models.

e  To evaluate the influence of model optimization on the prediction accuracy of machine learning models.
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e  To determine the combined effect of feature selection and model optimization on the overall predictive performance of
machine learning models.

Problem Statement

Machine learning tools can analyze field data and use the results to make predictions. These predictions can help improve the way
field data is collected and make the overall data collection process more efficient. There are some common obstacles to generating
useful predictions. For example, selecting the optimal model, among many possible configurations, and eliminating redundant
features from the dataset to avoid overfitting, can be challenging. Feature selection and model optimization are well-known
approaches, but their effects on prediction accuracy within diverse predictive contexts are not as well known. Thus, there is a
need for empirical studies to determine the effects of combining feature selection and model optimization on predictive
performance and to see if they can improve prediction accuracy more than using either individually (Olawade et al., 2025).

Significance of the Study

This study provides evidence on the role of feature selection and model optimization in improving prediction accuracy. By
examining both approaches, the study helps explain how different techniques can be used to develop predictive models that are
accurate, efficient, and reliable.

The authors have explained the concept from the standpoint of a data scientist and a practitioner to provide a means to build a
model with less redundant features, better configurations, and lower complexity while providing better predictability.
Academically, the study aims to bridge the gap in the prevailing literature on predictive analytics and machine learning by stating
the relative and combined importance of feature selection and model optimization. Practically, the study aims to be of great value
to an organization aiming to build more reliable prediction systems based on data.

Literature Review

Machine learning has provided new ways to perform predictive analysis by helping systems identify useful patterns in large and
complex datasets. These methods allow researchers to better understand data and make more accurate predictions. The explosive
growth in the number of observations and input variables can create a speed-up for predictions, but it can also lead to challenges
with too many dimensions and distribution, redundant information, computational burden, and model generalization. In this
context, the prediction accuracy of a given learning algorithm would depend on design aspects of the input features and the model
configuration. Due to these complexities, construction of a predictive model has shifted away from a sequential approach of data
preparation, feature selection, and model optimization to a more integrated view of the three stages (Barbieri et al., 2024).

Feature selection has long been an important part of machine learning research and model development. The inclusion of
irrelevant or redundant variables will degrade machine learning algorithm prediction performance. The goal of feature selection
techniques is to provide a representative subset of variables and constrain the original feature space. Recent surveys conclude
that filter, wrapper, embedded, evolutionary, information-theoretic, and learning based feature selection techniques will provide
the tool as varied as the dataset and the predictive challenge. The lack of a best feature selection method seems to be a result of a
combination of the dimensions, the importance of the features, feature redundancy, size of the sample, and the learning algorithm
being employed for the prediction task (Punia & Shankar, 2022).

Recent empirical studies show that integrating feature selection with classification algorithms generates more accurate predictive
models. For instance, a wrapper-based method of feature selection used K-nearest neighbors, support vector machines, and
random forest classifiers to evaluate various datasets by combining feature subsets. The study found that a good classification
performance could be achieved by a significant reduction in the number of features. Thus, when carefully selected, significantly
fewer features may provide a good predictive performance (A Machine Learning-Based Wrapper Method for Feature Selection,
2024). Similar approaches also show good predictive performance (Kabir, 2026).

Optimization-based feature-selection methods are shown to dominate the research literature. Traditional methods of feature
selection may consider each feature or a limited number of features based on defined statistical criteria. Optimization-based
methods are capable of searching for combinations of variables and maximizing a given predictive goal. Because of the large
search spaces that may exist, evolutionary computation dominates the literature. Recent research shows that evolutionary and
swarm-based methods and algorithms can be useful for addressing the challenge of maintaining a good predictive framework
while minimizing irrelevant variables (Abdel-Basset et al., 2024; Sreehari & Babu, 2024).
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Predictive analytics involves several important aspects beyond model optimization. One of these is hyperparameter optimization,
which helps improve the performance of machine learning models by adjusting their settings. Many machine learning algorithms
come with configuration arguments. These configuration arguments affect the learning behavior of the algorithm, the model, and
the algorithm’s ability to generalize. For a given dataset, setting arguments to default values may yield poor predictive
performance. Current research frames hyperparameter optimization as a performance improvement search problem. Current
approaches include grid and random search, Bayesian Optimization, bandit-based optimization, gradient-based approaches, and
other automated optimization techniques (Cardia et al., 2024).

There are multiple empirical studies that show model optimization has a positive effect on predictive performance. Wojciuk et al.
(2024) , for example, studied the effect of hyperparameter optimization for fine-tuned convolutional neural networks and
benchmarked the classification performance with other options. (Gonzalez-Castro et al., 2024), studied the optimization of
hyperparameters and machine learning models for the prediction of breast cancer recurrence, and pointed to the effect of
optimization of the configurations of the models on the predictive systems designed to analyze complex real-world data. Overall,
the empirical studies show that a comparison of multiple models employed by multiple researchers without optimization may not
provide a complete view of the models’ predictive performance (Syed Mustapha, 2023).

The optimization of models depends on the nature of the data. Studies on machine learning algorithms and other hyperparameter
optimization techniques have revealed that models may demonstrate varying levels of optimization depending on the size of the
data, the number of features, and the relationship between features and the outcome. For example, relative work that includes
ridge regression, random forests, XGBoost, support vector regression, K-nearest neighbors, and multilayer perceptron models
observed that algorithm selection and hyperparameter optimization interacted with data to a large extent and consequently
determined the performance of predictive models (2024 study on the interactive effects of HPO and data characteristics). This
finding reveals the need to evaluate the optimization of models within the circumstances of the predictive problem for which a
model is intended, as opposed to thinking that a given model optimization will lead to significant improvements for all algorithms
and datasets (Santoso, 2024).

Research Design

A quantitative computational experimental design was used to analyze the effects of feature selection and model optimization on
the accuracy of machine learning predictions (Noroozi et al., 2023). A predictive analytics framework was employed in a
systematic approach, whereby benchmarking models were built, and each subsequent model incorporated feature selection,
hyperparameter optimization, and their combination.

Analytical Tools

Data analysis was performed in Python. For data preprocessing, feature selection, model creation, and performance assessment,
the libraries Scikit-learn and Python were used, respectively. To prepare the dataset, missing values, and categorical and
numerical variables, were addressed respectively by encoding, scaling, and dividing the dataset into training and testing sets.

Feature Selection and Model Optimization

Using an approach of an incremental baseline, baseline machine learning models were built using the original feature set.
Subsequent to this, feature sets were reduced using the SelectKBest and RFE methods and used to build models. It was followed
by hyperparameter optimization using the GridSearchCV cross-validation method.

Model Evaluation

Classification prediction was based on accuracy, precision, recall, and the Fi-score. During the optimization and building of the
models, the cross-validation method was employed, while the independence testing dataset was used to evaluate the final model
performance. The prediction accuracy was analyzed for the baseline models and the feature-selected, optimized, and feature-
selected and optimized models to determine the effects of the individual and combined impacts of feature selection and model
optimization.
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Fig 1: Methodological framework
Data Analysis
To examine the effect of feature selection on the prediction accuracy of machine learning models.
Table 1. Predictive Performance Before and After Feature Selection
Machine Learning Model Feature Selection Accuracy (%) Precision Recall F1-Score
Logistic Regression Without Feature Selection 82.40 0.81 0.80 0.80
Logistic Regression SelectKBest 86.70 0.86 0.85 0.85
Logistic Regression RFE 88.10 0.88 0.87 0.87
Decision Tree Without Feature Selection 79.60 0.78 0.77 0.77
Decision Tree SelectKBest 83.50 0.83 0.82 0.82
Decision Tree RFE 84.90 0.85 0.84 0.84
Random Forest Without Feature Selection 86.30 0.86 0.85 0.85
Random Forest SelectKBest 90.20 0.90 0.89 0.89
Random Forest RFE 91.60 0.92 0.91 0.91
Support Vector Machine Without Feature Selection 84.70 0.84 0.83 0.83
Support Vector Machine SelectKBest 88.90 0.89 0.88 0.88
Support Vector Machine RFE 90.30 0.90 0.89 0.89

Table 1 shows that for all four models, the predictive performance was improved when features were selected. For Logistic
Regression, both with and without feature selection, the highest accuracy and Fi-scores were obtained using the RFE method.
Without feature selection, accuracy was 82.40%, Fi-score was 0.80. When SelectKBest was used, accuracy was 86.70% and F1-
score was 0.85. With RFE, these numbers increased to 88.10% and 0.87, respectively. Similar performance enhancements were
obtained by using the RFE method for Decision Trees, resulting in accuracy of 84.90% and F1-score of 0.89, from an initial score
of 79.60% and 0.79, respectively. Most significantly, the random Forest model with RFE scored the highest accuracy of 91.60%
with an F1 score of 0.91. The results from the Support Vector Machine showed similar performance enhancements, where the
highest F1-score of 0.89 was obtained with an accuracy of 88.90% from an initial score of 84.70% and 0.83, respectively. Based
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on the results, RFE outperformed all other feature selection methods. Random Forest and RFE combined was the most effective
configuration.
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Fig. 2: Predictive Performance Before and After Feature Selection
Table 2. Change in Prediction Accuracy Following Feature Selection
. . Baseline Accuracy SelectKBest Improvement RFE  Accuracy Improvement
Machine Learning Model
£ (%) Accuracy (%) (%) (%) (%)
Logistic Regression 82.40 86.70 4.30 88.10 5.70
Decision Tree 79.60 83.50 3.90 84.90 5.30
Random Forest 86.30 90.20 3.90 91.60 5.30
Support Vector Machine 84.70 88.90 4.20 90.30 5.60

As demonstrated in Table 2, prediction accuracy was improved across all the models as a result of feature selection. Compared to
the baseline, SelectKBest achieved an accuracy improvement of 4.30% for Logistic Regression, 3.90% for Decision Tree, 3.90%
for Random Forest, and 4.20% for SVM. RFE, on the other hand, produced bigger improvements, with gains of 5.70%, 5.30%,
5.30% and 5.60% respectively across the four models. Overall, RFE was better than SelectKBest, achieving a 5.70% improvement
for Logistic Regression, the best performing model.

Support Vector Machine M Random Forest M Decision Tree B Logistic Regression

Improvement (%) -

RFE Accuracy (%)

Improvement (%)

Baseline Accuracy (%)

o} 10 20 30 40 50 60 70 80 20 100

Fig. 3: Change in Prediction Accuracy Following Feature Selection
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Table 3. Comparative Feature-Selection Performance

Feature Selection Approach Mean Accuracy (%) Mean Precision Mean Recall Mean F1-Score
Without Feature Selection 83.25 0.82 0.81 0.81
SelectKBest 87.33 0.87 0.86 0.86
RFE 88.73 0.89 0.88 0.88

The results show that the performance of the assessed machine learning models increased when feature selection was employed.
In these cases, and using SelectKBest and RFE, respectively, the mean accuracy increased from 83.25% to 87.33% and to 88.73%.
Improved accuracy was attributed to the removal of redundant predictors. In comparison to the competing methods, RFE resulted
in the best mean overall model performance, and when combined with Random Forest, resulted in an individual model accuracy
of 91.60%, which is the highest of the methods assessed. These results substantiate Research Objective 1 indicating that positive

prediction accuracy was mostly attributed to feature selection.

Mean F1-Score I
Mean Recall I

Mean Precision I

0 10 20 30 40 50 60 70 80 90 100
RFE SelectKBest Without Feature Selection
Fig. 4: Predictive Performance Before and After Model Optimization

To evaluate the influence of model optimization on the prediction accuracy of machine learning models.

Machine Learning Model Model Configuration Accuracy (%) Precision Recall F1-Score
Logistic Regression Baseline 82.40 0.81 0.80 0.80
Logistic Regression Optimized 87.90 0.88 0.87 0.87
Decision Tree Baseline 79.60 0.78 0.77 0.77
Decision Tree Optimized 85.80 0.86 0.85 0.85
Random Forest Baseline 86.30 0.86 0.85 0.85
Random Forest Optimized 92.40 0.92 0.92 0.92
Support Vector Machine Baseline 84.70 0.84 0.83 0.83
Support Vector Machine Optimized 90.10 0.90 0.89 0.89

Table 4 shows how optimization increased the predictive performance of all four models. For Logistic Regression, this meant
predictive accuracy changed from 82.40% to 87.90%. Decision Tree's predictive accuracy changed from 79.60% to 85.80%.
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Random Forest showed the greatest performance increase, predictive accuracy going from 86.30% to 92.40%, and the other
metrics all reaching 0.92. SVM also followed this trend, achieving predictive accuracy of 90.10% with an Fi-score of 0.89. Overall,
model optimization showed a positive impact on predictive accuracy, as well as on the classification of models. The best model
was the optimized Random Forest.

Support Vector Machine
Support Vector Machine
Random Forest
Random Forest
Decision Tree

Decision Tree

Logistic Regression

Logistic Regression

7

o

75 80 85 90 96 100

B Accuracy (%) M Precision M Recall M F1-Score

Fig. 5: Predictive Performance Before and After Model Optimization

Table 5. Improvement in Prediction Accuracy After Model Optimization

Machine Learning Model Baseline Accuracy (%) Optimized Accuracy (%) Accuracy Improvement (%)
Logistic Regression 82.40 87.90 5.50
Decision Tree 79.60 85.80 6.20
Random Forest 86.30 92.40 6.10
Support Vector Machine 84.70 90.10 5.40

Optimization of models improved prediction accuracy across all models as illustrated in Table 5. Of the models assessed, Decision
Tree exhibited the largest improvement at 6.20%, increasing from 79.60% to 85.80%. Random Forest recorded a 6.10%
improvement from 86.30% to 92.40%. Logistic Regression and SVM had improvements of 5.50% and 5.40% respectively. As
observed, optimization of models reflected positive impacts on accuracy of models, with Random Forest recording a precision of
92.40% which was the highest in the models assessed.

Table 6. Overall Performance Comparison of Baseline and Optimized Models

Model Configuration Mean Accuracy (%) Mean Precision Mean Recall Mean F1-Score
Baseline Models 83.25 0.82 0.81 0.81
Optimized Models 89.05 0.89 0.88 0.88
Overall Improvement 5.80 0.07 0.07 0.07

The results suggest that the optimized versions of the four machine learning models achieved better predictions than the baseline
models. The mean accuracy of the optimized models was 89.05% (5.80% increase), compared to the mean accuracy of the
baseline models of 83.25%. In both the optimized models, the Random Forest model achieved a predictive accuracy of 92.40%
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and the Support Vector Machine model achieved a predictive accuracy of 90.10%. Optimizing the hyperparameters of the models
demonstrated an increase in prediction capability of the models.

To determine the combined effect of feature selection and model optimization on the overall predictive performance of machine
learning models.

Table 7. Predictive Performance of Models Under Different Analytical Configurations

Machine Learning Model Baseline Feature Selection Model Optimization Feature Selection + Optimization
Logistic Regression 82.40% 88.10% 87.90% 92.30%
Decision Tree 79.60% 84.90% 85.80% 90.40%
Random Forest 86.30% 91.60% 92.40% 95.20%
Support Vector Machine 84.70% 90.30% 90.10% 94.10%
Mean Accuracy 83.25% 88.73% 89.05% 93.00%

Table 7 shows that feature selection and model optimization improved predictive performance for all models. Following
optimization, Logistic Regression scored 92.30% compared to a baseline of 82.40%. For Decision Tree, a score of 90.40% was
observed after optimization which was previously 79.60%. Random Forest showed the overall best optimization score of 95.20%
compared to a baseline score of 86.30%. SVM also saw an increase from 84.70% to 94.10%. The mean accuracy improved from
83.25% with the baseline configuration to 93.00% when both feature and model optimization were implemented. This shows an
improvement in overall predictive performance due to the combined optimization technique.

Table 8. Comparative Performance of the Combined Approach

Machine Learning Model Precision Recall F1-Score Accuracy (%)
Logistic Regression 0.92 0.91 0.91 92.30
Decision Tree 0.90 0.89 0.89 90.40
Random Forest 0.95 0.95 0.95 95.20
Support Vector Machine 0.94 0.93 0.93 94.10
Mean 0.93 0.92 0.92 93.00

Table 8 shows that the results of the combined feature selection and optimization method were superior for all models when
compared to the results of individual methods. Random Forest achieved the best results with a precision of 95%, recall of 95%,
F1-score of 0.95 and accuracy of 95.20%. The SVM model yielded accuracy of 94.10% while Logistic Regression and Decision Tree
had accuracies of 92.30% and 90.40%, respectively. The combined method achieved average precision, recall, Fi-score, and
accuracy of 0.93, 0.92, 0.92, and 93.00%, respectively, allowing for the best classification overall and identifying Random Forest
as the best model.

Table 9. Accuracy Improvement Across Analytical Approaches

Analytical Approach Mean Accuracy (%) Improvement Over Baseline (%)
Baseline Models 83.25 —

Feature Selection 88.73 5.48

Model Optimization 89.05 5.80

Feature Selection + Model Optimization 93.00 9.75
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The results show that the use of feature selection and model optimization leads to the strongest predictive performance. With
feature selection and model optimization, the mean accuracy was improved from 83.25% to 93.00% with a gain of 9.75
percentage points. After feature selection, the optimized Random Forest algorithm was able to achieve an accuracy of 95.20%,
making it the best among all classifiers. It had a precision, recall, and Fi-score of 0.95 making it the best among all classes in
terms of predictive performance.

400
350
300
250
200
150
100

50

0
Mean Accuracy (%) Improvement Over Baseline (%)

Baseline Models Feature Selection Model Optimization Feature Selection + Model Optimization

Fig. 6: Accuracy Improvement Across Analytical Approaches
Discussion

This study investigated the influence of feature selection and optimization on predicting models of machine learning. The primary
focus was on the potential improvement that could be gained from joint application of the two techniques compared to either
technique independently. Overall, predictive models improved throughout the different stages of the analysis. When baseline
models were constructed, the average accuracy was 83.25%. This accuracy was improved to 88.73% after feature selection, to
89.05% after model optimization, and reached 93.00% when feature selection and model optimization were applied jointly.
Thus, predictive accuracy was not determined by the selection of a certain machine learning algorithm. Predictive accuracy was
determined by the nature of the input features and the configuration of the learning algorithms. This supports recent studies that
found feature selection and optimization reduce irrelevant and redundant information and improve the configuration of
predictive models, respectively (Ogunpola et al., 2024).

Regarding the first main objective of the study, feature selection was found to enhance predictive performance of all the models of
machine learning. The average accuracy of models constructed with the original feature set was 83.25%. After performing
SelectKBest, the average accuracy increased to 87.33%. Lastly, the average accuracy increased to 88.73% after RFE. The
improvement was observed for Logistic Regression, Decision Trees, Random Forest, and Support Vector Machines. This supports
the removal of less informative predictors and the increase of the algorithms' focus on predictors that have more importance in
classification. The most improvement was observed with Random Forests, which increased from 86.30% to 91.60% after RFE
(Bagherzadeh et al., 2021).

The first graph shows that adding more predictors will rarely improve the accuracy of the model. There are variables that include
overlapping, redundant, noisy or weakly informative data. Recent publications have placed feature selection as an important
urgent issue. These publications are concerned about reducing dimensions and eliminating irrelevant or redundant variables
while sustaining or improving predictive performance (Tirumanadham et al., 2024).
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Striking is the better performance of the RFE method compared to SelectKBest. RFE obtained a mean accuracy of 88.73%, while
SelectKBest obtained 87.33% mean accuracy, showing that the wrapper-based selection approach was more appropriate for
supporting the construction of the evaluated models. This may be attributed to the different ways the two methods select
informative predictors. SelectKBest appraises the importance of the features in an individual and statistical sense, while RFE
evaluates the performance of the model as a subset and successively removes less important variables. Therefore, RFE may assess
model performance with respect to the selected learning algorithm rather than evaluate the model as a sequence of individual
predictors. Research has found that the traits of the dataset, the selection methodology, and the predictive model are strongly
related to the performance of feature selection (Sharma & Mishra, 2022).

The results showed that accuracy wasn't the only predictive indicator to benefit from feature selection. In fact, the RFE method
improved the precisions, recalls, and Fi-scores of the test models in comparison to their baseline versions. These results show
that a boost in accuracy does not necessarily indicate balanced predictive performance (Elmannai et al., 2023). Here, the precision
represents the models' correct positive predictions, recall shows their ability to distinguish relevant positive examples, and the F1-
score combines the two. Evidently, feature selection not only improved the correctness of classifications, but also amplified
performance balance. The balanced results suggest that ensemble learning is necessary to improve the predictions. These results
also reflect the findings from the majority of the contemporary literature on classifier performance assessment (Afrash et al.,
2023).

For the second objective, the optimization of the models increased predictive performance. The average accuracy improved from
83.25% for the base models to 89.05% for the improved models, a 5.80% improvement. Every model used in the optimization
process showed improvement: Logistic Regression increased from 82.40% to 87.90%, Decision Tree increased by 79.60% to
85.80%), Random Forest increased from 86.30% to 92.40%, and Support Vector Machine improved from 84.70% to 90.10%.
These results demonstrate that the default configurations for classification algorithms do not produce optimal results for
predictive performance. In contrast, optimization via hyperparameter fine-tuning can improve the performance of classification
algorithms (Eseye et al., 2019).

The benefits of hyperparameter optimization are both theoretical and empirical. Specifically, it is known that configuration
parameters in machine learning affect how models learn signal from noise. If configuration parameters are set inappropriately,
models can underfit, overfit, or fail to sufficiently exploit the algorithm’s capacity to make predictions. In the present analysis,
GridSearchCV and cross-validation were used to find better parameter configurations prior to final evaluation. The improvements
in all four models suggest that systematic optimization was more productive than leaving the parameters to default. Gonzalez-
Castro et al. (2024) showed that hyperparameter optimization led to significant improvements in predictive performance, and
also showed that optimization can change the relative rank of different machine learning algorithms. Research comparing various
hyperparameter-tuning methods advocates against using default configuration methods for evaluation of tuning strategies, and
encourages out-of-sample prediction evaluations (Jha et al., 2025).

Random Forest warrants the most attention because, of all the models, it consistently remained one of the stronger models and
its accuracy improved from 86.30% to 92.40% following optimization. The Support Vector Machine Classifier also improved
significantly, scoring 90.10% accuracy. Logistic Regression and Decision Tree models scored 87.90% and 85.80% accuracy,
respectively. These results suggest that the optimization of certain algorithms can improve performance of one algorithm far
more than others. The extent of the improvement is dependent on the characteristics of the algorithm and the disparity between
the configuration used and the configuration that is optimal for the given dataset. This agrees with recent empirical evidence that
optimizing hyperparameters can improve model performance and even alter the ranking of rival algorithms in certain situations
(Masoudi-Sobhanzadeh et al., 2019).

The third research objective added the most value to this study because it measured the joint outcome of feature selection and
model optimization on prediction accuracy. The result provided a mean accuracy of 93.00% for the joint approach, compared to
83.25% for baseline models, 88.73% for models built after feature selection, and 89.05% for models after optimization. Using
this joint method yielded an improvement of 9.75% over baseline predictions, which was greater than the improvement from
either feature selection or optimization in isolation (Haque & Rahman, 2024). This result demonstrates that the two methods
addressed different forms of predictive inefficiency. Feature selection developed the quality of the predictor, while optimization of
the model developed the learning algorithm’s setting. In combination, the model proved to be more effective in representation of
the inputs and setting of the learning algorithms (Gholizadeh et al., 2024).
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The joint results were best for Random Forest and Support Vector Machines. The former reached 95.20% accuracy with
precision, recall, and F1-score all at 0.95, while the latter hit 94.10% accuracy with precision of 0.94, recall of 0.93, and F1-score
of 0.93. Logistic Regression and Decision Tree results improved as well, to 92.30% and 90.40%, respectively. This result
illustrates that the combination produced a consistent improvement in predictive performance across multiple algorithms. In
addition, the result is in line with contemporary empirical studies in that it shows that the combination of feature selection and
optimization improves predictive performance and efficiency.

Hybrid approaches also show promise. For these approaches, it is important to find one that integrates feature selection and
hyperparameter optimization stages and assesses the potential of each of the two stages for improving the predictive performance
in combination. Recent studies have indicated that some improvement in predictive performance is possible by integrating the
two stages, as compared to the performance that would be expected if no integration of the stages was done and each stage was
performed independently.

The main finding is that feature selection and model optimization do not have to be contrasting components of building predictive
models. Rather, they can be embedded within the same process. Feature selection focuses on the data itself and determines the
most important predictors, while hyperparameter tuning focuses on the learning process by selecting the configuration of the
model. Leaving one and only focusing on the other would mean that a significant improvement in the process could be
overlooked. The results also demonstrate that combining both methods leads to a predictive model that achieves a 93.00%
accuracy, which is a significant improvement from the 83.25% baseline accuracy. The literature also suggests that selecting the
correct feature subset and considering the model configuration and predictive performance are of equal importance.

Additionally, this further substantiates that focusing on just one performance metric, accuracy, is insufficient and that multiple
performance metrics must be used. Additionally, the combined methodology achieved a mean accuracy of 93.00%, mean
precision of 0.93, and mean recall and mean F1i-score of 0.92. The closeness of the metrics suggests that the improvement of the
predictive model was not attributed to one performance metric in particular. This finding is very helpful for the field of machine
learning because a model can be inaccurate yet have poor precision and recall, even with a relatively unbalanced class distribution
or if the costs for misclassification are not equal. Using multiple metrics helps build a stronger case for methodological
enhancements that truly improve predictive quality. One of the key benefits of multiple metrics is that it is much easier to detect
if enhancements have, in fact, led to an actual improvement. This is because of the discovery that metrics of equal status tend to
correlate (Zareeihemat et al., 2025).

Conclusion

The study showed that selecting relevant features and optimizing the model improved the predictive performance of machine
learning models. Compared to feature selection, model optimization alone produced slightly better mean prediction accuracies
(88.73% vs 89.05%), but the combination of the two produced a much higher accuracy of 93.00%. Random Forest also
performed best with mean accuracy of 95.20% and 0.95 precision, recall and Fi-score when applied together with feature
selection and model optimization. The results show that combining optimization of model parameters and selection of features
improve predictive performance and also draw attention to the significance of the choice of the machine learning algorithm. The
results of this study further support the integration of predictive analytics in the working contexts that stresses the combination
of feature selection and model optimization to create optimal and improved machine learning prediction models.

Future Implications

Future research can extend this work by testing the methods on larger and more diverse datasets. This may help determine
whether the improvements remain effective when working with more complex data, as simpler approaches may sometimes
provide better results. Researchers can try out lots of other feature selection and optimization techniques. They can try techniques
like Bayesian optimization and evolutionary algorithms. They can try lots of other machine learning algorithms and ensembles.
Other research efforts can work on improving the other metrics of a machine learning model beyond accuracy, including
improving how fast a model runs, how explainable a model is, making a model able to generalize to other data, and making a
model more robust. They can try to build automated machine learning pipelines to combine feature selection with
hyperparameter optimization and other things like model selection. These would provide a good basis for more accurate and
reliable predictive analytics.
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