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Abstract—This study systematically evaluates the effect of hyperparameter optimization on the performance of predictive models by
comparing three main techniques: Grid Search, Random Search, and Bayesian Optimization. Four commonly used machine learning
algorithms: Logistic Regression (LR), Support Vector Machine (SVM), K-Nearest Neighbors (KNN), and Gradient Boosting were tested
on benchmark datasets from the UC Machine Learning Repository. The results of the study show that hyperparameter optimization
significantly improves prediction accuracy compared to baseline models, with the optimal method varying across algorithms.
Specifically, Random Search achieved the highest accuracy of 0.883333 for Logistic Regression and 0.833333 for Gradient Boosting,
while Bayesian Optimization demonstrated superior performance on SVM with an accuracy of 0.883333. Grid Search proved most
effective for KNN, achieving an accuracy of 0.866667. A comprehensive analysis using additional metrics such as precision and recall
reinforces these findings, showing that accuracy improvements do not come at the expense of other performance metrics. Bayesian
Optimization stands out for computational efficiency, especially for complex models, though Grid Search remains relevant for limited
hyperparameter spaces. The main contribution of this research is to provide practical guidance for machine learning practitioners on
selecting optimization techniques that align with algorithm characteristics. This study also analyses the trade-off between search
thoroughness and computational resources required, and provides recommendations for balancing accuracy and efficiency in model
development. Although the research results are promising, several limitations need to be acknowledged, including reliance on a single
dataset and the need for further validation across multiple domains. Future research could explore hybrid optimization approaches
that combine the strengths of various methods, develop adaptive strategies for ensemble models, or conduct more comprehensive
evaluations across diverse datasets. By linking theoretical findings to practical applications, this research provides a valuable
framework for efficiently optimizing machine learning models.
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Azis et al using the Logistic Regression method [13], Osei-
I. INTRODUCTION Nkwantabisa and Ntumy using the KNN method [14].

One way to improve machine learning performance is by
doing hyperparameter tuning [15]-[24]. Such as research
conducted by Ahamad et al [25], Franceschi et al [26], and
Baseer [6]. Although many studies have been conducted, most
rely on default hyperparameter configurations or use only a
single tuning technique, such as Grid Search or Random
Search. In addition, some studies do not consider
computational efficiency when selecting tuning methods.
Therefore, there remains a research gap in developing an
optimal hyperparameter tuning method to improve the

Heart disease is one of the leading causes of death
worldwide, with a mortality rate of around 17.9 million
people per year, according to the World Health Organization
(WHO) [1]-[3]. Early detection and accurate diagnosis are
essential to reduce mortality [4]-[7]. In recent years, machine
learning has become an effective tool in aiding the diagnosis
of heart disease by automatically analyzing patient data [2],
[8]-[11]. Previous studies have proposed classifying heart
disease using ML [7], [12]. Such as the research conducted by
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accuracy and efficiency of the heart disease classification
model.

This study presents novelty by combining and comparing
three hyperparameter tuning methods rarely used
simultaneously in previous research: Grid Search, Random
Search, and Bayesian Optimization. By evaluating these three
techniques on three major ML algorithms (Logistic
Regression, SVM, KNN, and Gradient Boosting), this study
provides a more comprehensive insight into the best tuning
methods for heart disease classification. Another advantage of
this study is that it considers not only the model's accuracy but
also its computational efficiency when selecting the tuning
method. Thus, the results of this study can serve as a reference
for practitioners and academics in selecting the optimal

combination of models and tuning techniques for ML-based
heart disease diagnosis.

II. MATERIALS AND METHODS

A. Overview of Machine Learning Approaches in Heart
Disease Classification

The development of machine learning in heart disease
classification has shown rapid progress in recent years.
Various machine learning algorithms have been applied with
a focus on improving accuracy and optimizing
hyperparameters. The following comparative analysis
examines current approaches to provide context for
systematic hyperparameter optimization studies.

TABLEI
CLASSIFICATION BASED ON MACHINE LEARNING APPROACH
Author & Year  Primary Algorithm Accuracy Dataset Key Strengths Methodology
Barus et al. Enhanced C4.5 73.25% - Outperforms kNN Pruning techniques for
(2024) [27] Decision Tree and Naive Bayes; efficiency; uses blood
generates 7 pressure, cholesterol,
classification rules glucose attributes
Boer et al. Logistic Regression 92.61% - Best performance Comparative analysis with
(2023) [10] among 7 algorithms KNN, Random Forest,
tested Gaussian Naive Bayes,
XGBoost, SVM, Decision
Tree
Mohsen et al. Random Forest Not specified Medical Best in accuracy, Implementation of 14
(2024) [28] records from sensitivity, different algorithms using
Ibb Medical specificity, and F- Weka; web system
Clinic, Yemen measure development with ASPX
Alfonse (2019) Ensemble (MLP + 99.4% UClI repository  Highest accuracy Comprehensive
[29] K-NN + C4.5) (4 databases) with voting preprocessing; 10-fold
mechanism cross-validation; ensemble
technique
Habelalmateen et IPSO-SVM 99.95% Cleveland Highest accuracy; Feature optimization with
al. (2023) [30] dataset addresses unbalanced  IPSO; feature extraction
samples and missing  using ResNet 50
values
Balamurugan et  Adaptive Harris 98.36% (feature - Combines clustering  Stochastic gradient
al. (2021) [31] Hawk Optimization selection) 97.3% and deep learning; boosting with recursive
+ Enhanced Deep (classification) neural network feature elimination
Genetic Algorithm weight optimization
The comparative analysis shows that recent studies have hyperparameter optimization strategies, this research

achieved accuracy ranging from 73.25% to 99.95% using
various machine learning approaches. Advanced hybrid
methods such as IPSO-SVM and ensemble techniques have
demonstrated exceptional performance, with the highest
reported accuracy reaching 99.95%. However, most studies
have not explicitly compared the effectiveness of various
hyperparameter optimization techniques, such as Grid Search,
Random Search, and Bayesian Optimization. This gap in the
literature prompted this study to conduct a systematic
comparison between Grid Search, Random Search, and
Bayesian Optimization in optimizing heart disease
classification performance. With a specific focus on
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addresses the critical need for a standardized evaluation of
optimization techniques that could improve the performance
of existing machine learning algorithms for heart disease
classification.

B. Dataset

The dataset used in this study is a heart disease dataset from
the UCI Machine Learning Repository [32]. This dataset
consists of 303 samples with 14 attributes, including age,
gender, blood pressure, cholesterol levels, and others. The
target variable is the diagnosis of heart disease (0 = no disease,
1 = no disease).



TABLE II
HEART DISEASE DATASET FEATURES [32]

V;I;;ll;le Role Type Demographics Description Units l\ézlslsl::;g
Age Featured  Integer Age Age years It
Sex Featured  Categorical Sex Sex It
Cp Featured  Categorical Chest pain type It
trestbps Featured  Integer Resting blood pressure (on admission to the mm Hg It

hospital)
chol Featured  Integer Serum cholesterol mg/dl It
FBS Featured  Categorical Fasting blood sugar > 120 mg/dl It
restecg Featured  Categorical It
Thalach Featured  Integer Maximum heart rate achieved It
Exang Featured  Categorical Exercise-induced angina It
oldpeak Featured  Integer ST depression induced by exercise relative to rest It
Slope Featured  Categorical number of major vessels (0-3) colored by It
fluoroscopy
Ca Featured  Integer Yes
thal Featured  Categorical Yes
Num Target Integer Diagnosis of heart disease It

C. Preprocessing Data

The data undergoes a preprocessing stage before being
applied to an ML model. The first stage is the handling of
missing values. Missing values in a dataset are handled using
amean or median-based imputation method, depending on the
data distribution of each feature [33]-[35]. The second stage
is data normalization. All numerical features are normalized
using the Min-Max Scaling method to have a value range
between 0 and 1, thus helping the ML model in faster and
more stable convergence [36], [37]. The third stage is the
distribution of datasets. The dataset is split into 80% training
and 20% test data, stratified to ensure balanced class
distribution during model evaluation.

D. Machine Learning Models

This study uses four ML algorithms for heart disease
classification: Logistic Regression (LR), Support Vector
Machine (SVM), K-Nearest Neighbors (KNN), and Gradient
Boosting. The first model is Logistic Regression (LR), which
is used because of its simplicity and ability to handle binary
classification [38]-[40]. The second model is the Support
Vector Machine (SVM). SVM is a margin-based Algorithm
that searches for the optimal hyperplane to separate two
classes with margin maximization [41]-[45]. The third model
is K-Nearest Neighbors (KNN). K-Nearest Neighbors (KNN)
is a non-parametric model that classifies samples based on the
majority of classes from k-nearest neighbors [46]-[49]. The
fourth model is Gradient Boosting. Gradient Boosting is a
decision tree-based ensemble algorithm that builds models
incrementally to reduce previous prediction errors and
improve classification accuracy [50]-[53]. Training will be
carried out to produce models without hyperparameter
optimization from the four existing models. This model will
later serve as a basis for comparison with models optimized
for hyperparameters.

E. Hyperparameter Optimization

To improve the performance of the model, hyperparameter
tuning is carried out using three methods, namely

1) Grid Search: A brute-force method that tries all
combinations of hyperparameters that have been defined in
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the search grid. While it guarantees optimal search, this
method requires high computational time [54], [55].

2) Random Search: This method performs random
sampling in the hyperparameter search space, which allows
for more efficient searches than Grid Search, even if it may
not find the optimal combination [26], [56], [57].

3) Bayesian Optimization: Uses a probabilistic model
based on the Gaussian Process to predict the best combination
of hyperparameters based on previous evaluations, making it
more efficient than the other two methods [58], [59].

The hyperparameter lookup table for each method is shown
below:

TABLEIII
HYPERPARAMETER SEARCH OF LOGISTIC REGRESSION METHODS
Hyperparameters Search Space Type
Regularization (C) [0.001, 1000] Continuous
Solver ['newton-cg', 'Ibfgs', Discrete
'liblinear']
TABLEIV
HYPERPARAMETER SEARCH METHOD SUPPORT VECTOR MACHINE
Hyperparameters Search Space Type
Kernel ['linear’, 'rbf’, Discrete
'poly’, 'sigmoid']
Regularization (C) [0.1, 10] Continuous
Gamma ['scale’, 'auto'] Discrete
TABLE V
K-NEAREST NEIGHBORS METHOD HYPERPARAMETER SEARCH
Hyperparameters Search Space Type
Number of Neighbors (k) [1,50] Continuous
Distance Metric ['Euclidean’, Discrete
'"Manhattan',
'Minkowski',
'uniform']
TABLE VI
GRADIENT BOOSTING METHOD HYPERPARAMETER SEARCH
Hyperparameters Search Space Type
Number of Estimators [50, 200] Continuous
Learning Rate [0.01, 0.3] Continuous
Max Depth [3, 10] Continuous

Hyperparameter searches are performed thoroughly on the
predefined parameters for each algorithm. The results of the
hyperparameter search for the Logistic Regression method



(Table 6), SVM (Table 7), KNN (Table 8), and Gradient
Boosting (Table 9).

TABLE VII
RESULTS OF THE SEARCH FOR HYPERPARAMETERS OF LOGISTIC REGRESSION
METHODS
Hyperparameters Grid Random Search Bayesian Optimization
Search
Regularization (C) 0.01 0.017787658410143285 0.02048675394458509
Solver Ibfgs Ibfgs Ibfgs
TABLE VIII
HYPERPARAMETER SEARCH RESULTS OF SUPPORT VECTOR MACHINE
METHOD
Hyperparameters Grid Random Search Bayesian
Search ptimizati
Kernel RBF RBF RBF
Regularization (C) 0.1 0.30584494295802445  0.1362241649868
Gamma scale Auto scale
TABLE IX

HYPERPARAMETER SEARCH RESULTS OF K-NEAREST NEIGHBORS METHOD

Hyperparameters Grid Search dom Search Bayesian Optimi;
Number of Neighbors (k) 9 7 15
Distance Metric uniform uniform uniform

TABLE X

GRADIENT BOOSTING METHOD HYPERPARAMETER SEARCH RESULTS

Hyperparameters Grid Search Random Search Bayesian Optimization
Number of 100 174 300
Estimators
Learning Rate 0.1 0.0412037280884873  0.027822281883312608
Max Depth 5 5 4

F. Model Evaluation

This study evaluated the model using the metrics of
accuracy, precision, recall, F1-score, and Confusion Matrix
[60]-[68]. In addition, cross-validation with a 5-fold is carried
out to ensure the model's reliability [69]-[77]. Cross-
validation helps reduce the risk of overfitting and provides a
more accurate estimate of model performance on data it has
never seen before.

TP+TN

Accuracy = (1)
Precision = —— @
TP+FP
Recall = —=~ ©)
TP+FN
F1 = 2 x Lrecision xRecall )

Precision+Recall

Information:

TP: True Positive (correct prediction for positive classes).
TN: True Negative (correct prediction for negative classes).
FP: False Positive.

FN: False Negative.

III. RESULTS AND DISCUSSION

The experiment was conducted by applying four ML
algorithms (Logistic Regression, Support Vector Machine, K-
Nearest Neighbors, and Gradient Boosting) to the heart
disease dataset using various hyperparameter tuning methods
(Grid Search, Random Search, and Bayesian Optimization).

TABLE XI
RESULTS OF BASIC MODEL EVALUATION
Type Accuracy  Precision Recall F1-score
Logistic Regression  0.833333 0.846154  0.785714  0.814815
SVM 0.85 0.88 0.785714  0.830189
KNN 0.85 0.88 0.785714  0.830189
Gradient Boosting 0.766667  0.769231  0.714286  0.740741
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Fig. 2 Basic Confusion Matrix model (without hyperparameter tuning)

The evaluation results for the basic/non-hyperparameter
tuning model are shown in Table 10. The basic Logistic
Regression model performs well, achieving 83.33% accuracy
and an Fl-score of 81.48%. The accuracy of this model is
84.62%, indicating its ability to accurately identify positive
data. However, the recall of 78.57% indicates that some
positive data points are not well detected by this model.
Logistic Regression is a solid choice in this case, although it
lags slightly behind SVM and KNN.

SVM delivers the best performance of all models with an
accuracy of 85% and an Fl1-score of 83.02%. The precision
and recall of this model are both high, namely 88% and
78.57%, respectively. This shows that SVM is not only able
to identify positive data well, but also maintains a balance
between precision and recall. With these results, the SVM can
be considered the most reliable model for this case. KNN
performs as well as SVM in terms of accuracy (85%) and
precision (88%), and yields an identical F1-score of 83.02%.
Nonetheless, these similarities indicate that KNN is a viable
alternative to SVM, especially when model interpretability or
training speed are key considerations.

Gradient Boosting performs less than other models, with an
accuracy of 76.67% and an F1-score of 74.07%. The accuracy
of 76.92% and recall of 71.43% indicated that this model was
better at identifying positive data than Logistic Regression,
but it had weaknesses in detecting overall positive data
(recall). Gradient Boosting can be improved through
hyperparameter optimization to improve model performance.




Based on the evaluation of the base model, SVM and KNN
are the best-performing models, followed by Logistic
Regression and Gradient Boosting. SVM excels in terms of
precision and F1-score, making it a top choice for this analysis.
However, Gradient Boosting is still worth considering for
further analysis, especially if it comes with parameter
optimization or feature addition.

After tuning the hyperparameters using Grid Search, the
model's performance improved significantly across several
evaluation metrics. The results of the evaluation after the
tuning process are shown in the following Table 11:

TABLE XII
RESULTS OF MODEL EVALUATION WITH HYPERPARAMETER TUNING GRID
SEARCH
Type Accuracy Precision  Recall F1-score
Logistic 0.866667  0.916667 0.785714 0.846154
Regression
SVM 0.866667  0.916667 0.785714 0.846154
KNN 0.866667  0.884615 0.821429 0.851852
Gradient 0.783333 0.8 0.714286 0.754717
Boosting

Model Comparison
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Fig. 3 Results of Model Evaluation with Grid Search
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After tuning using Grid Search, Logistic Regression
experienced a significant performance improvement, with
accuracy increasing to 86.67% and F1-score remaining stable
at 84.62%. The model's accuracy also increased to 91.67%,
indicating a better ability to correctly identify positive data.
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The recall remained at 78.57%, indicating that the model still
struggles to detect the overall positive data.

Just like Logistic Regression, SVM shows identical
performance with an accuracy of 86.67% and an F1-score of
84.62%. High precision (91.67%) and recall (78.57%)
indicate that hyperparameter tuning improved accuracy while
maintaining a balance across evaluation metrics. SVM
remains one of the recommended models based on these
results.

KNN has shown a significant improvement, with an
accuracy of 86.67% and an F1-score of 85.19%. The recall of
this model is the highest among all models at 82.14%,
demonstrating KNN's ability to detect positive data more
consistently. Precision is slightly lower than Logistic
Regression and SVM (88.46%), but still good enough for
practical applications.

Gradient Boosting showed a moderate improvement after
tuning, achieving 78.33% accuracy and 75.47% F1-score.
Precision increased to 80%, but recall remained at 71.43%.
This shows that Gradient Boosting still has limitations in
detecting positive data overall. Compared to other models,
Gradient Boosting remains the worst performer.

After hyperparameter tuning using Grid Search, the three
best models (Logistic Regression, SVM, and KNN) achieved
the same accuracy of 86.67%. However, KNN has an
advantage in recall value (82.14%) and F1-score (85.19%),
making it the most balanced model to use in this case.
Meanwhile, Logistic Regression and SVM remain strong
choices thanks to higher precision (91.67%). Gradient
Boosting, although improved, still lags behind the other three
models.

After tuning the hyperparameters using the Random Search
method, the model's performance also showed a varied
improvement. Table 12 presents the model evaluation results
for the main metrics: accuracy, precision, recall, and F1-score.

TABLE XIII
RESULTS OF MODEL EVALUATION WITH HYPERPARAMETER TUNING
RANDOM SEARCH
Type Accuracy Precision  Recall F1-score
Logistic 0.883333  0.92 0.821429  0.867925
Regression
SVM 0.866667  0.916667  0.785714 0.846154
KNN 0.833333  0.846154  0.785714 0.814815
Gradient 0.833333  0.846154  0.785714  0.814815
Boosting
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Fig. 5 Results of Model Evaluation with Random Search
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Fig. 6 Confusion Matrix Model with Random Search

Logistic Regression shows the best results among all
models after tuning using Random Search. This model has an
accuracy of 88.33% and the highest Fl-score of 86.79%.
Accuracy reached 92%, indicating the model's ability to
minimize errors in positive predictions. The recall also
increased to 82.14%, indicating that the model has a good
balance between correctly detecting positives and reducing
false negatives.

SVM maintained excellent performance, achieving 86.67%
accuracy and an Fl-score of 84.62%. The precision of this
model reaches 91.67%, only slightly lower than that of
Logistic Regression. However, the recall remained at 78.57%,
indicating that SVM is slightly behind Logistic Regression in
detecting all positive data. KNN showed stable performance
with an accuracy of 83.33% and an Fl-score of 81.48%.
Precision and recall are 84.62% and 78.57%, respectively,
indicating that this model provides good results, although not
as optimal as Logistic Regression or SVM.

Gradient Boosting has similar results to KNN, with 83.33%
accuracy, 84.62% precision, 78.57% recall, and 81.48% F1-
score. While Gradient Boosting maintains balanced
evaluation metrics, it doesn't show a significant advantage
over other models.

Overall, after hyperparameter tuning with Random Search,
Logistic Regression achieves the best results, with the highest
accuracy and F1-score. The very high precision (92%) makes
this model highly reliable for accurate predictions. Meanwhile,
SVM remains a strong alternative with competitive evaluation
metrics. On the other hand, KNN and Gradient Boosting show
stable performance but are not as optimal as Logistic
Regression and SVM.

After tuning the hyperparameters using the Bayesian
Optimization method, the results of the model evaluation are
shown in Table 13. The evaluation was carried out using four
main metrics: accuracy, precision, recall, and F1-score.

TABLE XIV
RESULTS OF MODEL EVALUATION WITH BAYESIAN OPTIMIZATION TUNING
HYPERPARAMETER
Type Accuracy  Precision Recall F1-score
Logistic Regression  0.866667  0.884615  0.821429  0.851852
SVM 0.883333  0.92 0.821429  0.867925
KNN 0.85 0.88 0.785714  0.830189
Gradient Boosting 0.816667  0.84 0.75 0.792453
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Fig. 8 Confusion Matrix Model with Bayesian Optimization

After hyperparameter tuning using Bayesian Optimization,
the Logistic Regression model maintained consistent
performance, achieving an accuracy of 86.67%. The precision
model reached 88.46%, indicating a fairly good ability to
minimize false-positive predictions. The recall of 82.14%
shows the model's ability to detect positive data. An F1-score
of 85.19% indicates a fairly good balance between precision
and recall.

SVM achieved the best performance, with an accuracy of
88.33% and an Fl-score of 86.79%. The precision of this
model reaches 92%, the highest among all models. A recall of
82.14% also shows a good balance, making SVM a superior
model in this scenario. KNN recorded an accuracy of 85%
with an accuracy of 88%. A recall of 78.57% shows that this
model is slightly lower in detecting positive data than Logistic
Regression and SVM. An F1-score of 83.02% ranks the model
third in overall performance.

Gradient Boosting has the lowest performance among all
models, with an accuracy of 81.67%. Precision and recall
were 84% and 75%, respectively, resulting in an F1-score of
79.25%. Although this model has lower performance, the
relatively high precision indicates that it is more reliable in
positive predictions than in recalls.

From the results of Bayesian Optimization tuning, SVM
proved to be the best model for this case, with a superior
combination of evaluation metrics. Logistic Regression and
KNN are also competitive alternatives, while Gradient Boosting
is suboptimal in this scenario. The results of the comparison of
the accuracy of each model are shown in Table 10.
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TABLE XV
RESULTS OF ACCURACY COMPARISON BETWEEN MODELS
Type Basic Grid Random Bayesian
Search Search Optimization

LR 0.833333  0.866667  0.883333 0.866667
SVM 0.85 0.866667  0.866667 0.883333
KNN 0.85 0.866667 0.833333  0.85
Gradient

Boosting  0.766667  0.783333  0.833333  0.816667

The Logistic Regression (LR) algorithm achieves the best
results when using the Random Search hyperparameter
optimization method, with an accuracy of 88.3333%. This
shows that Random Search can explore hyperparameter
spaces more effectively for simple models such as Logistic
Regression than Grid Search and Bayesian Optimization. In
the SVM model, Bayesian Optimization achieved the highest
accuracy of 88.3333%. The probabilistic approach used in
Bayesian Optimization proved effective for determining
optimal hyperparameter combinations for margin-based
models such as SVMs.

The Grid Search method provides the best performance on
the KNN model with an accuracy of 86.6667%, slightly
higher than Random Search and Bayesian Optimization. This
suggests that systematic searches, such as Grid Search, may
be more suitable for distance-based models, such as KNN,
which have few key hyperparameters. Random Search
achieves the highest accuracy of 83.3333% in the Gradient
Boosting model. This suggests that random search allows for
wider exploration of the hyperparameter space for ensemble
models, compared to the more limited Grid Search or
Bayesian Optimization, which prioritize efficiency.

The results of this study show that the hyperparameter
tuning method significantly influences model performance.
Bayesian Optimization and Random Search consistently show
competitive results on various models, with efficiency
advantages over Grid Search. However, the selection of
tuning methods should be adjusted to the model's
characteristics and computational needs, as shown by the
results of the KNN model with Grid Search.

IV. CONCLUSION

This study reveals key findings that the effectiveness of
hyperparameter optimization techniques is highly dependent
on the architecture of machine learning models. Comparative
analysis shows that there is no universal optimal approach for
all algorithms. Method selection must consider model
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characteristics and data complexity. Specifically, Random
Search has proven effective for parametric models (Logistic
Regression) and boosting-based models (Gradient Boosting),
Bayesian Optimization excels for kernel-based models
(SVM), while Grid Search is suitable for example-based
models (KNN).

The main theoretical contribution of this research is the
development of a conceptual framework that links the
architectural characteristics of a model to the effectiveness of
hyperparameter optimization methods. This framework
provides a theoretical basis for understanding why certain
optimization approaches are more suitable for specific model
categories, a topic that has not been systematically explored
in the literature. These findings enrich hyperparameter
optimization theory by showing that optimization
effectiveness depends not only on the parameter space's
complexity but also on the model's inherent learning
mechanisms.

These findings provide practical guidance for researchers
and practitioners in selecting optimization strategies.
Bayesian Optimization offers efficiency advantages for
complex models, while Grid Search remains relevant for
limited parameter spaces. Further research could develop
hybrid approaches that leverage the strengths of each method
or evaluate their effectiveness in more complex and diverse
prediction scenarios.

This research has significant implications for advancing
machine learning, providing a scientific basis for more
accurate decision-making in hyperparameter optimization,
ultimately improving model performance and computational
efficiency across various machine learning applications.
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