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Abstract
Chronic Kidney Disease (CKD) is a global health concern that necessitates accurate and timely
detection to improve patient outcomes and reduce healthcare costs. This study focuses on enhancing
CKD classification using machine learning techniques, leveraging 400 instances with 25 clinical
features to predict binary outcomes of CKD or non-CKD. The main objective is to improve
detection accuracy by applying feature selection and model optimization. Standard machine learning
models, including Multilayer Perceptron (MLP), Random Forest (RF), Support Vector Classifier
(SVC), and K-Nearest Neighbors (KNN), were employed, with optimization achieved through binary
optimization algorithms such as Greylag Goose Optimization (GGO), Particle Swarm Optimization
(PSO), Bat Algorithm (BA), and Whale Optimization Algorithm (WAO), along with hyperparameter
tuning using genetic algorithms and other metaheuristics. Results indicate significant improvements
in classification performance after feature selection and optimization, with the GGO-optimized MLP
model achieving an accuracy of 97.06%. The contributions of this paper include (i) benchmarking
baseline models for CKD detection, (ii) a comprehensive analysis of feature selection strategies, (iii)
optimization of machine learning models for CKD classification, and (iv) visualization of model
performance to aid future research in healthcare machine learning applications.
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1 Introduction

Chronic Kidney Disease (CKD) has emerged as a major public health concern, with increasing prevalence rates
across the globe. CKD is characterized by a gradual decline in kidney function over time, often without any
noticeable symptoms until it reaches an advanced stage. Early detection and intervention can significantly
reduce the risk of complications such as kidney failure, cardiovascular disease, and the need for costly
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treatments like dialysis and kidney transplantation. According to recent estimates, CKD affects approximately
10% of the global population, making it a leading cause of morbidity and mortality [1], [2]. As a result,
improving early diagnosis methods for CKD is essential for reducing the burden on healthcare systems and
improving the quality of life for affected individuals [3].

The significance of early CKD detection extends beyond individual patient outcomes to broader public
health and economic implications [4]. Early intervention in CKD can delay or even prevent the progression
to end-stage renal disease (ESRD), which is often accompanied by high medical costs due to frequent
hospitalizations and long-term treatments [5], [6]. Moreover, by identifying CKD at an early stage, healthcare
systems can focus on preventive measures such as lifestyle changes, blood pressure control, and regular
monitoring, which are crucial for halting or slowing the disease progression [7], [8]. This proactive approach
can also reduce the need for costly kidney transplants and dialysis treatments, which are often the only options
for individuals with late-stage kidney disease [9].

Despite the growing need for effective CKD detection methods, several challenges remain in the development
of reliable diagnostic tools. One of the primary obstacles is the inherent imbalance in healthcare datasets,
where the number of non-CKD cases typically outweighs the number of CKD-positive instances [10], [11].
This imbalance can lead to the problem of model bias, where machine learning algorithms are more likely to
predict the majority class (non-CKD) rather than the minority class (CKD) [12]. Additionally, medical datasets
often contain missing values, noise, and outliers, which can further complicate model training and decrease
the accuracy of predictions [11]. Handling missing values and ensuring the robustness of models against such
noise are crucial steps in the development of reliable CKD detection systems. Furthermore, the complexity
of medical data, which includes a wide range of interrelated features such as blood pressure, age, red blood
cell count, and serum creatinine levels, requires advanced machine learning techniques capable of identifying
important patterns amidst a large number of variables [13], [14].

Machine learning (ML) has increasingly been recognized as a powerful tool in the healthcare sector,
particularly for predictive tasks such as disease classification and diagnosis [15]. Over the past decade, various
machine learning models, including artificial neural networks (ANNs), support vector machines (SVMs),
random forests (RF), and k-nearest neighbors (KNN), have been successfully applied to CKD classification
and other medical problems [16], [17], [18]. These models are capable of learning from complex and
high-dimensional datasets, enabling the identification of subtle patterns that might be missed by traditional
statistical methods. However, the success of machine learning models in healthcare is often tempered by the
challenges posed by small and imbalanced datasets [19]. In particular, CKD datasets tend to be smaller than
those found in other domains, which can lead to overfitting—where the model performs well on the training
data but fails to generalize to unseen data [16], [17].

Moreover, the need for feature selection becomes critical in the context of CKD classification. Given the large
number of variables that may influence kidney health, it is essential to identify the most relevant features that
contribute to CKD detection. Traditional feature selection techniques, such as filter methods and wrapper
methods, have been used extensively in medical datasets [20]. However, these approaches often fail to
address the complexity of high-dimensional data and may overlook important interactions between features.
Recent advancements in optimization algorithms, such as Greylag Goose Optimization (GGO), Particle Swarm
Optimization (PSO), and Genetic Algorithms (GA), offer promising solutions for effective feature selection
by searching for the optimal subset of features that maximize classification performance [21], [22]. These
techniques have shown great potential in reducing dimensionality, improving model accuracy, and handling
the inherent noise in healthcare datasets [23].

Another important aspect of improving CKD detection models is the optimization of hyperparameters.
Machine learning algorithms typically have a set of hyperparameters that need to be tuned to maximize
their performance [24], [25]. Standard methods for hyperparameter tuning, such as grid search and random
search, can be computationally expensive and may not always lead to the optimal solution [26]. Metaheuristic
optimization algorithms, such as GGO, PSO, and GA, have been successfully applied to hyperparameter
tuning, as they explore large, complex search spaces more effectively than traditional methods [21], [22].
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These algorithms adaptively adjust hyperparameters during training to avoid local minima and improve
the generalization of the model, making them particularly useful in settings where the dataset is small or
imbalanced [27], [28].

In light of these challenges and the potential benefits of optimization techniques, this paper seeks to bridge
the gap in existing research by proposing a novel approach to CKD detection. Specifically, we benchmark
four widely used machine learning models—Multilayer Perceptron (MLP), Random Forest (RF), Support
Vector Classifier (SVC), and K-Nearest Neighbors (KNN)—on the Chronic Kidney Disease dataset, evaluating
their performance in terms of accuracy, sensitivity, specificity, positive predictive value (PPV), and negative
predictive value (NPV). Furthermore, we explore the use of binary optimization techniques for feature
selection, using algorithms such as GGO, PSO, Bat Algorithm (BA), and Whale Optimization Algorithm
(WAO) to improve the performance and robustness of these models. Lastly, we propose a hybrid optimization
strategy that integrates feature selection with hyperparameter tuning to further enhance the performance of
CKD classification models.

2 Literature Review

Chronic Kidney Disease (CKD) is a global health concern that has been recognized for its increasing
prevalence and severe consequences on public health. Early diagnosis and classification of CKD are crucial for
effective treatment and improving patient outcomes. In recent years, machine learning (ML) algorithms have
been extensively explored to aid in the detection and classification of CKD, leveraging various methodologies
to optimize performance. This literature review presents an overview of recent advancements in CKD
classification using machine learning models, focusing on feature selection strategies, classifier performance,
and optimization techniques.

2.1 Machine Learning Models for CKD Classification

Several studies have employed a variety of machine learning classifiers to detect CKD, with different
approaches to handling the challenges of imbalanced datasets, high-dimensional features, and missing data.
Islam et al. [29] explore the use of 12 machine learning classifiers for CKD prediction, demonstrating that
predictive modeling combined with feature selection significantly enhances classification accuracy. Their
study specifically highlights the XgBoost classifier, which achieved the highest performance with an accuracy
of 98.3%, precision of 0.98, recall of 0.98, and F1-score of 0.98. This reflects the growing interest in boosting
methods for improving predictive accuracy in healthcare applications.

Similarly, Alshakrani et al. [30] evaluated seven ML algorithms to identify the most effective classifier for
CKD detection. Their findings indicated that the Random Forest (RF) and Gaussian Naive Bayes (GNB)
classifiers demonstrated superior performance, with an accuracy of 100%. This suggests that ensemble
methods, particularly RF, continue to be a reliable choice for medical data classification, offering robustness
and improved generalization over simpler models.

2.2 Feature Selection Techniques for CKD Classification

Feature selection is an essential step in improving the performance of machine learning models, particularly
when dealing with high-dimensional datasets. Several studies have explored the use of optimization
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algorithms for selecting the most relevant features in CKD classification. Lambert and Perumal [31] proposed
the Oppositional Firefly Optimization (OFFO) algorithm for optimal feature selection in CKD diagnosis.
Their results showed that incorporating oppositional-based learning into the Firefly algorithm enhanced the
convergence rate and classification performance, yielding better results in terms of sensitivity, specificity, and
accuracy compared to traditional methods.

These results align with the findings of Aswathy et al. [32], who used the Flower Pollination Algorithm (FPA)
to optimize a Deep Neural Network (DNN) model for CKD classification. Their model achieved an impressive
accuracy of 98.75%, demonstrating the potential of bio-inspired optimization algorithms for improving CKD
detection models.

2.3 Deep Learning Approaches for CKD Classification

Deep learning techniques have gained significant attention for their ability to automatically extract relevant
features from data, reducing the reliance on manual feature engineering. Khamparia et al. [33] introduced
a deep learning framework using a Stacked Autoencoder (SAE) model for CKD classification, achieving a
classification accuracy of 100%. The model utilized multimedia data, and the stacked autoencoder helped
extract the most informative features for prediction, outperforming conventional machine learning classifiers.
This highlights the potential of deep learning architectures, such as autoencoders, in capturing complex
patterns within medical data for improved classification performance.

In a similar vein, Venkatrao and Kareemulla [34] proposed a hybrid deep learning network model, HDLNet,
for CKD classification. The model incorporated a Deep Separable Convolution Neural Network (DSCNN) and
Capsule Networks (CapsNet) for better feature extraction and classification accuracy. By utilizing the Aquila
Optimization (AO) and Sooty Tern Optimization (STOA) algorithms, the model improved the classification
performance and reduced computational complexity, demonstrating the efficacy of hybrid deep learning
models in CKD detection.

2.4 Multimodal and IoT-Based Approaches

Recent advancements also explore the integration of Internet of Things (IoT) and cloud computing in CKD
detection. Aswathy et al. [32] employed IoT-based systems for patient data collection and classification.
They integrated the Flower Pollination Algorithm with a Deep Neural Network (DNN) to optimize feature
selection and classification. The proposed model achieved excellent performance metrics, including sensitivity
of 98.80% and specificity of 98.66%. The combination of IoT and cloud technologies in healthcare provides a
promising direction for real-time CKD monitoring and diagnosis.

2.5 Challenges and Future Directions

Despite the progress in using machine learning for CKD classification, challenges remain in dealing with
imbalanced datasets, missing values, and computational complexity. Several studies, such as those by Islam
et al. [29] and Alshakrani et al. [30], have highlighted the importance of optimizing classifiers and selecting
relevant features to address these issues. However, further research is required to develop more efficient
algorithms that can handle large, imbalanced, and incomplete medical datasets. Moreover, the integration of
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multimodal data, such as medical imaging and patient history, with machine learning models offers promising
avenues for improving the accuracy and robustness of CKD detection systems.

Machine learning and deep learning models have shown substantial promise in improving the classification and
early detection of CKD. Feature selection and optimization techniques, particularly those based on bio-inspired
algorithms, have played a significant role in enhancing the performance of these models. Future research
should focus on incorporating multimodal data sources and developing more efficient, scalable models to
handle the complexities of real-world healthcare data.

3 Dataset and Preprocessing

The dataset utilized in this study is the Chronic Kidney Disease (CKD) dataset, which consists of 400 instances
and 25 features . These features include a range of clinical variables such as blood pressure, age, red blood cell
count, white blood cell count, blood glucose levels, and other key indicators that are relevant to the prediction
of CKD. The target variable is binary, representing whether the patient has Chronic Kidney Disease (CKD)
or not (non-CKD). This binary classification problem is central to the study, where the goal is to distinguish
between CKD and non-CKD cases based on the provided clinical data.

3.1 Data Preprocessing

The raw dataset presented several challenges related to data quality, which required careful preprocessing
before any modeling could be performed. The primary preprocessing steps included handling missing values,
converting numerical features to the correct data type, and scaling the features for the subsequent analysis.

3.1.1 Handling Missing Values

One of the first challenges encountered in the dataset was the presence of missing values (NaN) in several
attributes. Given the small size of the dataset, it was critical to maintain as much data integrity as possible,
but also to ensure that no imputation would introduce bias. Therefore, all rows containing any missing values
were removed from the dataset, which helped maintain consistency and avoid the complications that arise from
missing data imputation [10], [11]. This approach of removing rows with NaN values is often preferred in
healthcare datasets, where even a small amount of missing data could significantly affect model performance.

3.1.2 Conversion of Numeric Features

The next preprocessing step involved ensuring that all numerical features were correctly formatted. In many
instances, the numerical attributes, such as red blood cell count (rbc), blood glucose levels (bgr), and white
blood cell count (wc), were not in the proper float format, which could impede further analysis and modeling.
All these numerical features were converted to the correct data type (floats), ensuring that they were correctly
interpreted by machine learning algorithms that rely on numeric inputs for processing [16], [17].
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3.1.3 Feature Scaling and PCA Experiments

To ensure that all features contributed equally to the model training process, especially for models sensitive to
feature scale (such as Support Vector Classifier or K-Nearest Neighbors), the features were scaled to have zero
mean and unit variance. Scaling is crucial in machine learning as it ensures that each feature contributes
proportionately to the model, preventing certain features from disproportionately dominating the training
process due to their larger scale [18].

Furthermore, Principal Component Analysis (PCA) was applied to perform dimensionality reduction. PCA
is particularly useful when dealing with high-dimensional data, as it reduces the number of features while
retaining the most important variance in the data. PCA was performed twice: once without scaling the features
and once with scaling. This allowed for an exploration of how scaling affects the feature transformation process
and, subsequently, the model’s performance. Additionally, PCA provided a valuable method for visualizing
the relationship between the most influential features, allowing for deeper insights into the structure of the
dataset [22].

3.2 Class Distribution

The class distribution of the dataset is crucial in understanding the potential challenges faced during model
training. As is common in medical datasets, the CKD dataset exhibits class imbalance, with the number
of non-CKD instances outnumbering the CKD cases. Specifically, 62% of the instances are labeled as
CKD-positive, while 38% represent the non-CKD class. This imbalance poses challenges for machine learning
models, as they may be biased towards predicting the majority class (non-CKD) if not properly addressed
through techniques such as resampling or class weighting [16], [17]. The impact of this imbalance will be
discussed further in the results section, particularly with respect to how it influences model performance and
the selection of evaluation metrics such as accuracy, sensitivity, and specificity.

The distribution of Chronic Kidney Disease (CKD) across different age groups provides important insights into
the prevalence of the disease within various age categories. The bar chart below illustrates the percentage of
CKD cases (represented by the orange bars) compared to non-CKD cases (represented by the blue bars) across
different age groups. The figure clearly shows that CKD is most prevalent in individuals aged 41-60 and 61-80,
with the highest incidence of non-CKD observed in the younger age group (0-20). The results indicate a sharp
increase in CKD prevalence with age, with the 41-60 and 61-80 age groups showing the highest proportions of
CKD cases. The data also suggests that early detection and prevention efforts should target middle-aged and
older populations, given their increased risk. The significant differences between the age groups highlight the
importance of considering age as a key factor when screening for CKD.

The hexbin plot below provides a visual representation of the relationship between serum creatinine (SC) levels
and hemoglobin (Hemo) levels among patients. This plot uses hexagonal binning to display the density of data
points and includes a trend line indicating the correlation between these two clinical parameters. From the plot,
it is evident that as serum creatinine levels increase, hemoglobin levels tend to decrease, which is reflected in
the negative correlation of -0.34. This negative relationship may suggest that impaired kidney function (as
indicated by high serum creatinine) is associated with lower hemoglobin levels, potentially due to anemia in
CKD patients. The use of hexbin plotting allows for better visualization of dense regions of data, especially
when dealing with large datasets with overlapping values.

The clustered correlation matrix visualizes the relationships between numerical features in the dataset. The
heatmap displays Pearson correlation coefficients between various features, and hierarchical clustering is used
to group features with similar correlation patterns. The matrix highlights several key correlations, such as the
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Figure 1: CKD by Age Group (%). The orange bars represent CKD cases, while the blue bars represent
non-CKD cases. The figure highlights the prevalence of CKD across various age groups.

strong positive correlation between serum creatinine (sc) and blood urea nitrogen (bun), as well as the inverse
correlation between age and the classification label. The hierarchical clustering reveals that certain features,
like hematocrit (pcv) and red blood cell count (rc), are strongly related, suggesting their combined importance
in CKD classification. The matrix can be instrumental in identifying multicollinearity, which can be addressed
during feature selection to avoid overfitting in predictive models.

This figure presents the mean SHAP (Shapley Additive Explanations) value for each feature in the model.
SHAP values help explain the impact of each feature on the model’s output, where higher values indicate a
greater influence on the predicted outcome. The plot reveals that hemoglobin (hemo) and specific gravity (sg)
are the most influential features in predicting CKD. This aligns with clinical expectations, as these factors are
crucial indicators of kidney function and disease progression. The use of SHAP values provides a transparent
method for feature importance assessment, which can be particularly useful for model interpretability and
decision support in clinical settings.

The SHAP value plot below provides a detailed visualization of the individual impact of features on the model’s
predictions. Each point represents a feature’s contribution to a specific prediction, where the color indicates
the feature’s value and the horizontal position reflects the feature’s impact. The SHAP value plot further
emphasizes the influence of certain features, like hemoglobin and specific gravity, on the CKD classification
model. The plot’s horizontal spread indicates that features with extreme values, either high or low, tend to
have a stronger impact on the model’s output. This visualization is invaluable for understanding how different
values of key features lead to the prediction of CKD or non-CKD and can assist healthcare professionals in
interpreting model decisions.
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Figure 2: Hexbin Plot: Serum Creatinine vs Hemoglobin. The plot demonstrates a negative correlation
between serum creatinine and hemoglobin, with higher serum creatinine levels generally associated with lower
hemoglobin levels.

4 Methodology

4.1 Baseline Machine Learning Models

In this study, several machine learning (ML) models were selected to serve as baselines for the classification of
Chronic Kidney Disease (CKD). The models chosen for this study include the Multilayer Perceptron (MLP),
Random Forest (RF), Support Vector Classifier (SVC), and K-Nearest Neighbors (KNN). These models were
selected due to their versatility, robustness, and extensive use in medical data classification tasks, particularly
for binary classification problems such as CKD detection.

4.1.1 Multilayer Perceptron (MLP)

The MLP is a type of artificial neural network (ANN) consisting of multiple layers of neurons, typically
including an input layer, one or more hidden layers, and an output layer. It is a well-established model in
machine learning due to its ability to model complex non-linear relationships within data. MLP has been
successfully applied to medical datasets, particularly when there is a need to capture intricate patterns within
the input features. Its ability to adapt to different data types, combined with its flexibility in adjusting hidden
layers, makes it suitable for CKD classification.
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Figure 3: Clustered Correlation Matrix of Numerical Features. This matrix visualizes Pearson correlations
between numerical features, with hierarchical clustering indicating related features.

4.1.2 Random Forest (RF)

Random Forest is an ensemble learning method that builds multiple decision trees during training and outputs
the mode of the classes (classification) or mean prediction (regression) of the individual trees. RF is widely
used in medical diagnostics due to its high accuracy, ability to handle missing data, and resistance to overfitting.
In CKD detection, Random Forest is particularly useful for handling the complexities of imbalanced data,
which is often encountered in healthcare datasets. Its robustness in feature selection and its ability to model
complex interactions between features make it an appropriate choice for baseline comparison.

4.1.3 Support Vector Classifier (SVC)

The Support Vector Classifier is based on the concept of finding a hyperplane that best separates the data
into two classes, with the maximum margin between them. SVC is effective in high-dimensional spaces
and particularly useful for datasets with clear boundaries between classes. Its ability to use different kernel
functions makes it versatile in handling non-linearly separable data. SVC has been employed successfully in
medical data classification tasks, such as cancer detection and CKD classification, where it can achieve high
classification performance with proper kernel choice.
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Figure 4: SHAP Mean Impact on Model Output. This plot shows the average impact of each feature on the
model’s output magnitude, highlighting the most influential variables for CKD prediction.

4.1.4 K-Nearest Neighbors (KNN)

K-Nearest Neighbors is a simple, yet effective, algorithm used for both classification and regression tasks. It
works by classifying a data point based on the majority class of its nearest neighbors in the feature space. KNN
does not make explicit assumptions about the data distribution, making it flexible and capable of handling
complex datasets. It has been commonly used in medical diagnostics, where it has demonstrated reliable
performance in predicting diseases such as CKD. Despite its simplicity, KNN can achieve competitive results,
especially when combined with proper distance metrics.
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Figure 5: SHAP Value Plot (Impact on Model Output). This plot illustrates how different values of key features
influence the model’s output, providing insights into feature-level contributions to CKD classification.

These four models were selected because they represent a broad spectrum of machine learning techniques,
from neural networks (MLP) and decision tree-based methods (RF) to distance-based methods (KNN) and
support vector machines (SVC). Each of these models has its own strengths and weaknesses, which make
them suitable for comparison in the context of CKD classification. By evaluating their performance on the
CKD dataset, this study aims to determine which model provides the most reliable and accurate predictions.
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4.2 Feature Selection using Binary Optimization Algorithms

In this study, feature selection was performed using binary optimization algorithms to identify the most relevant
features for Chronic Kidney Disease (CKD) classification. The primary objective of feature selection is to
minimize classification error and enhance the robustness of the models by selecting only the most informative
and relevant features from the dataset. By reducing the dimensionality of the data, the models can focus on the
most important attributes, leading to improved accuracy, reduced overfitting, and faster model training times.

4.2.1 Optimization Algorithms

To optimize the feature selection process, several binary optimization methods were employed: Greylag Goose
Optimization (GGO), Particle Swarm Optimization (PSO), Bat Algorithm (BA), and Whale Optimization
Algorithm (WAO). Each of these algorithms was designed to explore and exploit the feature space effectively,
ensuring that the selected subset of features is optimal for CKD classification. These algorithms are known for
their ability to handle complex, high-dimensional search spaces, making them suitable for feature selection in
medical datasets like CKD.

• Greylag Goose Optimization (GGO): GGO is inspired by the migratory behavior of Greylag geese. It
uses a cooperative and competitive approach where individual geese explore the search space and adjust
their positions based on the positions of other geese. This optimization technique is particularly useful
in selecting features by balancing exploration and exploitation, ultimately leading to an optimal subset
of features.

• Particle Swarm Optimization (PSO): PSO is inspired by the social behavior of birds flocking or fish
schooling. Each particle in the swarm represents a potential solution, and particles adjust their positions
based on their own experience and the experience of their neighbors. PSO is widely used for feature
selection due to its simplicity and effectiveness in high-dimensional spaces.

• Bat Algorithm (BA): The Bat Algorithm is inspired by the echolocation behavior of bats in nature. By
modeling the bats’ ability to search for food in the dark, the algorithm explores the search space by
adjusting its velocity and position. BA is an efficient optimization method that can converge to optimal
solutions by balancing exploration and exploitation during the feature selection process.

• Whale Optimization Algorithm (WAO): The WAO mimics the bubble-net feeding behavior of
humpback whales. This algorithm incorporates an exploration phase (whale search for food) and an
exploitation phase (optimization of the food source location). WAO has been shown to be effective
in finding optimal solutions in complex search spaces and is well-suited for feature selection tasks in
classification problems.

4.2.2 Objective of Feature Selection

The primary objective of using binary optimization algorithms for feature selection in this study was to
minimize the classification error by selecting the most relevant features. Reducing the number of features
not only helps in improving model interpretability but also prevents overfitting, especially in high-dimensional
datasets like the CKD dataset. The goal was to identify a subset of features that maximizes the performance
of the classifiers while reducing the computational complexity and improving generalization.

By using these optimization algorithms, we ensured that the selected features are not only informative but
also exhibit minimal redundancy, which is essential for achieving high accuracy and robustness in CKD
classification. The optimized subset of features enables the machine learning models to focus on the most
significant predictors, thereby improving overall model performance and reducing unnecessary complexity.

163



4.3 Hyperparameter Optimization

In addition to feature selection, hyperparameter optimization plays a crucial role in improving the performance
of machine learning models. In this study, meta-heuristic algorithms, including Greylag Goose Optimization
(GGO), Particle Swarm Optimization (PSO), Bat Algorithm (BA), and Whale Optimization Algorithm (WAO),
were used for hyperparameter tuning. These algorithms were employed to explore the hyperparameter space
and identify the optimal configurations that lead to improved model performance.

4.3.1 Meta-heuristics for Hyperparameter Tuning

Hyperparameter tuning involves finding the best combination of hyperparameters that maximizes the
performance of a machine learning model. These hyperparameters include parameters such as learning
rates, regularization strengths, and number of hidden layers (in the case of neural networks), among others.
Meta-heuristic algorithms are particularly useful for hyperparameter optimization because they are capable of
searching large and complex hyperparameter spaces, where traditional grid search or random search methods
may be less efficient.

• Greylag Goose Optimization (GGO): In addition to its effectiveness in feature selection, GGO was
also used for hyperparameter tuning. The algorithm simulates the migratory behavior of Greylag geese,
balancing exploration and exploitation to find optimal configurations. GGO helps fine-tune the model’s
hyperparameters by guiding the search toward the most promising regions of the hyperparameter space,
improving both accuracy and computational efficiency.

• Particle Swarm Optimization (PSO): PSO is inspired by the social behavior of birds flocking and fish
schooling. In hyperparameter optimization, each particle in the swarm represents a potential solution (set
of hyperparameters). The algorithm updates the particles’ positions by considering their past experiences
and those of their neighbors. PSO has been widely used for tuning machine learning models due to its
ability to converge quickly to optimal or near-optimal solutions.

• Bat Algorithm (BA): BA mimics the echolocation behavior of bats in nature to find food. In
hyperparameter optimization, the algorithm adjusts the velocity and position of each bat in the search
space. BA has the advantage of balancing exploration (searching new areas of the hyperparameter space)
and exploitation (refining good solutions), making it effective for tuning machine learning models.

• Whale Optimization Algorithm (WAO): WAO is inspired by the bubble-net feeding behavior of
humpback whales. The algorithm simulates the search for food by whales, using both exploration and
exploitation strategies to locate the best solutions. In the context of hyperparameter optimization, WAO
efficiently explores the hyperparameter space, guiding the search process to find optimal hyperparameter
configurations.

4.3.2 Goal of Hyperparameter Optimization

The primary goal of hyperparameter optimization is to enhance model performance by identifying the optimal
combination of hyperparameters. Each machine learning model has a set of hyperparameters that significantly
influence its training process and final performance. By using meta-heuristic algorithms such as GGO, PSO,
BA, and WAO, the hyperparameter space can be efficiently explored to find configurations that lead to the best
performance on the CKD dataset.

Hyperparameter optimization helps fine-tune the learning process, resulting in a more accurate and robust
model. It reduces the likelihood of overfitting or underfitting, ensuring that the model generalizes well to
unseen data. The optimized hyperparameters are crucial for achieving high performance, particularly in
healthcare applications like CKD detection, where accurate predictions are essential for timely diagnosis and
treatment.

164



4.4 Evaluation Metrics

In this study, several evaluation metrics were used to assess the performance of the machine learning models.
The selected metrics are particularly suitable for dealing with the class imbalance in the CKD dataset and
evaluating model effectiveness in terms of both classification accuracy and the ability to correctly identify
positive and negative cases. The metrics include Accuracy, Sensitivity (True Positive Rate, TPR), Specificity
(True Negative Rate, TNR), Positive Predictive Value (PPV), Negative Predictive Value (NPV), and F-Score.

4.4.1 Rationale for Metric Selection

The metrics chosen are essential for a balanced evaluation of the model, particularly when the dataset exhibits
class imbalance. In imbalanced datasets like the CKD dataset, where the majority of cases are non-CKD
(negative class), relying solely on accuracy could be misleading. For example, a model that predicts the
majority class for all cases could achieve high accuracy but would fail to detect the minority class (CKD
cases). Therefore, metrics such as Sensitivity, Specificity, PPV, and NPV are essential for understanding the
model’s ability to correctly identify both the positive (CKD) and negative (non-CKD) cases.

Table 1: Evaluation Metrics and Corresponding Formulas. These metrics provide a comprehensive assessment
of model performance, especially for imbalanced datasets.

Metric Formula
Accuracy TP+TN

TP+TN+FP+FN

Sensitivity (TPR) TP
TP+FN

Specificity (TNR) TN
TN+FP

PPV TP
TP+FP

NPV TN
TN+FN

F-Score 2·PPV·Sensitivity
PPV+Sensitivity

4.4.2 Explanation of Each Metric

• Accuracy: Measures the overall correctness of the model. While it provides a general sense of model
performance, it may not be reliable for imbalanced datasets.

• Sensitivity (TPR): Measures the model’s ability to correctly identify positive cases (CKD). It is
particularly important when detecting rare or life-threatening conditions like CKD.

• Specificity (TNR): Measures the model’s ability to correctly identify negative cases (non-CKD). High
specificity is crucial to avoid false positives, which could lead to unnecessary treatment.

• PPV (Positive Predictive Value): Indicates how many of the predicted positive cases are truly positive.
This is important for understanding the reliability of the model’s positive predictions.

• NPV (Negative Predictive Value): Reflects how many of the predicted negative cases are truly negative.
NPV is useful for assessing how well the model handles non-CKD cases.

• F-Score: Combines both Precision (PPV) and Sensitivity into a single metric. It is particularly useful in
imbalanced datasets where both false positives and false negatives are costly.
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5 Results

5.1 Baseline Model Performance

The performance of the baseline machine learning models—Multilayer Perceptron (MLP), Random Forest
(RF), Support Vector Classifier (SVC), and K-Nearest Neighbors (KNN)—was evaluated on the original
dataset before applying feature selection and optimization techniques. The results, as shown in Table 2,
indicate that the MLP classifier outperforms the other models across all metrics, with an accuracy of 86.55%.
This suggests that the MLP model is well-suited for small medical datasets like the CKD dataset, where
intricate relationships between features need to be captured. The sensitivity (True Positive Rate, TPR) for
MLP is also higher than that of the other models, which is critical for detecting CKD cases, where false
negatives can lead to severe consequences.

Table 2: Baseline machine learning (ML) model performance results showing accuracy, sensitivity, specificity,
PPV, NPV, and F-score across different classifiers.

Models Accuracy Sensitivity (TPR) Specificity (TNR) PPV NPV F-Score
MLP 0.8655 0.8537 0.8764 0.8642 0.8667 0.8589
RF 0.8471 0.8344 0.8588 0.8447 0.8492 0.8395
SVC 0.8402 0.8272 0.8523 0.8375 0.8427 0.8323
KNN 0.8319 0.8176 0.8444 0.8228 0.8398 0.8202

The Random Forest (RF) model follows closely with an accuracy of 84.71%, while the Support Vector
Classifier (SVC) and K-Nearest Neighbors (KNN) show slightly lower performance with accuracies of 84.02%
and 83.19%, respectively. These results highlight the importance of selecting the appropriate model for
small and imbalanced datasets, as MLP provides a more accurate and robust solution compared to the other
classifiers.

The Q-Q plots below illustrate the distribution of various performance metrics (Accuracy, Sensitivity,
Specificity, PPV, NPV, and F-Score) across the different models. Each plot compares the empirical cumulative
distribution function (ECDF) of a metric to the theoretical quantiles, providing a visual indication of how
closely the model’s performance aligns with a normal distribution. The linearity of the plot indicates a good fit
between the model’s performance and the theoretical expectations. The Q-Q plots show that the distribution
of model performance metrics closely follows a normal distribution, as evidenced by the straight-line pattern
in all the plots. The linearity of the plots suggests that the models’ performance metrics, including Accuracy,
Sensitivity, Specificity, PPV, NPV, and F-Score, are consistently distributed. This indicates that the models,
particularly MLP and RF, exhibit stable performance across various metrics, which can be further explored for
clinical applications in CKD detection.

The KDE plots below represent the distribution of key model performance metrics (Accuracy, Sensitivity,
Specificity, PPV, NPV, and F-Score) for all models evaluated. The KDE plots provide a smooth estimate of
the probability density function for each metric, highlighting the variability in model performance. The KDE
plots reveal the smooth distribution of performance metrics across all models, suggesting that models such as
MLP and RF exhibit similar performance trends. The peak density around 0.85 for Accuracy, Sensitivity, and
Specificity indicates that the majority of models perform consistently within a high range. The close proximity
of the curves in all the metrics suggests that the classifiers exhibit similar effectiveness in terms of model
evaluation.

This bar plot displays the comparison of key performance metrics (Accuracy, Sensitivity, Specificity, PPV,
NPV, and F-Score) across different machine learning models (MLP, RF, SVC, and KNN). Each metric is
represented by bars corresponding to the performance of the respective model. The bar plot demonstrates that
MLP outperforms the other models across most metrics, with particularly high values in Accuracy, Sensitivity,
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Figure 6: Q-Q Plot for Model Performance Metrics. This set of Q-Q plots shows the distribution of key
performance metrics (Accuracy, Sensitivity, Specificity, PPV, NPV, F-Score) for the models.

and F-Score. Random Forest (RF) also shows competitive performance, especially in terms of Specificity and
PPV. This visualization underscores the strength of ensemble methods like RF and MLP in handling CKD
classification tasks, especially when the dataset exhibits imbalanced characteristics.

The cumulative distribution plots below depict the cumulative distribution of performance metrics (Accuracy,
Sensitivity, Specificity, PPV, NPV, and F-Score) across all the machine learning models. These plots help
visualize the distribution and the relative performance of each metric. The cumulative distribution plots
show that MLP and RF exhibit superior performance with a higher frequency of achieving higher metric
values, particularly for Accuracy, Sensitivity, and F-Score. These results are consistent with the bar plot and
KDE plots, further confirming the robustness of MLP and RF in CKD classification tasks. The cumulative
distributions allow for a clearer understanding of how often a model achieves specific performance thresholds.
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Figure 7: Kernel Density Estimation (KDE) Plot for Model Metrics. These plots represent the distribution of
key performance metrics (Accuracy, Sensitivity, Specificity, PPV, NPV, F-Score) for all evaluated models.

Figure 8: Model Performance Metrics Bar Plot. This bar plot compares the performance metrics (Accuracy,
Sensitivity, Specificity, PPV, NPV, F-Score) across different machine learning models (MLP, RF, SVC, KNN).

The heatmap below shows the pairwise correlation between the different performance metrics (Accuracy,
Sensitivity, Specificity, PPV, NPV, F-Score) for the various machine learning models. Hierarchical clustering
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Figure 9: Cumulative Distribution Plots for Metrics Across Models. These plots show the cumulative
distribution of various performance metrics for all models.

is applied to group similar metrics and models. The heatmap demonstrates strong correlations between metrics
such as Accuracy, Sensitivity, and F-Score, highlighting their interdependence. The clustering shows that
models like MLP and RF exhibit similar performance across multiple metrics, further validating their overall
effectiveness in CKD classification. The use of hierarchical clustering provides insights into which metrics are
most important and how they relate to one another in predicting CKD.

Figure 10: Heatmap with Hierarchical Clustering of Model Metrics. This heatmap visualizes the pairwise
correlations between different performance metrics, with hierarchical clustering applied to reveal relationships
between metrics and models.
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5.2 Feature Selection Results

To enhance the predictive performance of the models, feature selection was applied using several binary
optimization algorithms: Greylag Goose Optimization (GGO), Particle Swarm Optimization (PSO), Bat
Algorithm (BA), and Whale Optimization Algorithm (WAO). The results of the feature selection process are
presented in Table 3. GGO demonstrated the best performance, with the lowest average error (0.2823) and the
highest fitness values. The best fitness achieved by GGO was 0.2489, indicating that GGO effectively reduced
the dimensionality of the dataset while preserving the most relevant features for CKD detection.

Table 3: Feature selection performance using binary optimization algorithms showing average error, selection
size, and fitness values.

bGGO bPSO bBA bWAO
Average error 0.2823 0.4328 0.4419 0.4326
Average Select size 0.2373 0.5299 0.6630 0.6859
Average Fitness 0.3427 0.4583 0.4802 0.4658
Best Fitness 0.2489 0.4395 0.3749 0.4315
Worst Fitness 0.3429 0.5042 0.4719 0.5042
Std. deviation Fitness 0.1730 0.2787 0.2882 0.2808

PSO, BA, and WAO also showed reasonable performance in selecting features, but their average error and
fitness scores were not as favorable as GGO. Specifically, PSO achieved a best fitness of 0.4395, and BA and
WAO had best fitness values of 0.3749 and 0.4315, respectively. These results suggest that GGO is the most
effective binary optimization algorithm for feature selection in this dataset, as it leads to lower error and better
feature reduction.

The correlation matrix displayed below shows the pairwise correlation between various binary optimization
algorithms used for feature selection in Chronic Kidney Disease (CKD) classification. The heatmap provides
insights into the relationships between algorithms such as Greylag Goose Optimization (bGGO), Particle
Swarm Optimization (bPSO), Bat Algorithm (bBA), and Whale Optimization Algorithm (bWAO). The
heatmap indicates a strong positive correlation between bPSO, bBA, and bWAO, with correlations above 0.8,
suggesting that these optimization algorithms perform similarly in selecting the most relevant features for CKD
classification. On the other hand, bGGO shows weaker correlations with the other algorithms, indicating its
distinctiveness in feature selection. The matrix highlights the similarity between certain algorithms and offers
guidance on selecting the appropriate optimization technique for CKD classification based on performance
similarity.

The radar plot below compares the performance of binary optimization algorithms in terms of key feature
selection metrics, such as average fitness, best fitness, average error, and select size. The plot visualizes
the differences between Greylag Goose Optimization (bGGO), Particle Swarm Optimization (bPSO), Bat
Algorithm (bBA), and Whale Optimization Algorithm (bWAO). From the radar plot, it is evident that bGGO
excels in achieving low error rates and high fitness, as demonstrated by its position on the plot. In contrast,
bWAO demonstrates high performance in average fitness and select size. However, bWAO shows a higher
error rate compared to other algorithms, suggesting that while it performs well in feature selection, there may
be trade-offs in terms of accuracy. This plot provides a clear visualization of the strengths and weaknesses of
each algorithm in the context of CKD classification.

The hexbin plot below compares two optimization algorithms—bSCWDTO and bDTO—by examining their
performance in feature selection. Hexagonal binning is used to visualize the density of the data points and
reveal patterns in the performance of these algorithms. The hexbin plot reveals a dense cluster of points,
indicating a high correlation between the performance of bSCWDTO and bDTO. Both algorithms show
similar levels of performance, with density values concentrated towards the upper-right, suggesting that these
algorithms are highly effective in selecting relevant features. The plot provides a useful visualization of how
well these two algorithms perform in comparison to each other in the context of CKD classification.
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Figure 11: Correlation Matrix for Binary Optimization Algorithms. The matrix shows the pairwise correlations
between binary optimization algorithms used for feature selection in CKD classification.

The histograms below display the performance distribution of various binary optimization algorithms,
including bGGO, bPSO, bBA, and bWAO. The plots visualize the frequency of different performance values
across these algorithms, with kernel density estimation curves overlaid to smooth the distribution. The
histograms reveal that bWAO and bPSO show a relatively wide distribution of performance values, indicating
some variability in their performance. On the other hand, bGGO and bBA exhibit more concentrated
distributions, suggesting stable and consistent performance across their runs. These histograms provide
valuable insight into the reliability of each optimization algorithm for feature selection in CKD classification,
with bGGO and bBA emerging as more consistent performers.

The Kernel Density Estimation (KDE) plot below illustrates the density distribution of algorithm performance
across different optimization techniques, including bSCWDTO, bDTO, bSC, and bPSO. The plot provides
a smooth estimate of the probability density function for each algorithm’s performance. The KDE plot
demonstrates that bSCWDTO exhibits the highest density towards the higher performance values, suggesting
it consistently performs well across feature selection tasks. bPSO, on the other hand, has a broader
spread, indicating some variability in its performance. This visualization allows for a quick comparison of
algorithm performance and highlights which algorithms are most likely to achieve higher performance in
CKD classification.

The boxplot with violin plot below presents the distribution of performance values for four binary optimization
algorithms: bGGO, bPSO, bBA, and bWAO. The violin plot combines a boxplot with a KDE plot, providing
both the distribution and density of performance values. The boxplot with violin plot highlights the spread of
performance values for each algorithm. bGGO and bBA exhibit tight performance distributions, with narrow
interquartile ranges, indicating stable performance. In contrast, bPSO and bWAO show wider distributions,
suggesting greater variability in performance. This visualization offers a clear view of each algorithm’s
consistency and overall effectiveness in feature selection for CKD classification.
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Figure 12: Radar Plot for Feature Selection Performance. This plot compares the performance of binary
optimization algorithms based on feature selection metrics such as fitness, error, and select size.

5.3 ML Model Performance After Feature Selection

After applying feature selection, the performance of the machine learning models was re-evaluated. The
results, shown in Table 4, demonstrate a significant improvement in the classification accuracy of all models.
For instance, the MLP model’s accuracy increased from 86.55% to 93.55% after feature selection, representing
a notable performance gain. This improvement is consistent across all metrics, including sensitivity, specificity,
and F-score, where MLP also achieved the highest values.

Table 4: Machine learning (ML) results after applying feature selection, showing improved classification
performance metrics.

Models Accuracy Sensitivity (TPR) Specificity (TNR) PPV NPV F-Score
MLP 0.9355 0.9292 0.9413 0.9350 0.9360 0.9321
RF 0.9258 0.9189 0.9321 0.9248 0.9268 0.9218
SVC 0.9225 0.9153 0.9290 0.9212 0.9236 0.9182
KNN 0.9180 0.9104 0.9246 0.9129 0.9223 0.9116

Similarly, Random Forest (RF), Support Vector Classifier (SVC), and K-Nearest Neighbors (KNN) also
showed considerable improvements in their accuracy after feature selection, with RF’s accuracy increasing
from 84.71% to 92.58%, and SVC’s accuracy rising from 84.02% to 92.25%. The KNN classifier also
benefited from feature selection, with an accuracy increase from 83.19% to 91.80%. These results indicate that
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Figure 13: Hexbin Plot for Algorithm Comparison. This plot compares the performance of two optimization
algorithms, bSCWDTO and bDTO, in terms of feature selection for CKD classification.

feature selection plays a crucial role in improving the model performance, particularly in high-dimensional,
imbalanced datasets like the CKD dataset.

The heatmap below presents a detailed view of model performance metrics, such as Accuracy, Sensitivity
(TPR), Specificity (TNR), PPV, NPV, and F-Score, for each of the models (MLP, RF, SVC, and KNN). The
values for each metric are annotated within the heatmap to allow for easy comparison of model performance
across multiple evaluation criteria. The heatmap clearly shows that MLP and RF outperform the other models
across all metrics, with MLP achieving the highest values in Accuracy, Sensitivity, and F-Score. This is
consistent with the results obtained in the earlier performance comparison. The heatmap also emphasizes
that KNN, while showing reasonable performance, lags behind MLP and RF in terms of model metrics,
particularly in Sensitivity and PPV. This figure helps visualize the overall performance of different models
in CKD classification and guides the selection of the most appropriate model for deployment.

This bar plot compares the performance of four machine learning models—MLP, RF, SVC, and KNN—across
key metrics such as Accuracy, Sensitivity (TPR), Specificity (TNR), PPV, NPV, and F-Score. Each bar
represents the performance of a model for a specific metric, providing a visual comparison. The bar plot
reinforces the findings from previous figures, showing that MLP consistently outperforms the other models
across most metrics, followed by RF. The plot also highlights that KNN has the lowest performance in terms
of both Accuracy and Sensitivity, while SVC shows moderate performance across all metrics. This reinforces
the idea that MLP and RF are the best performing models in this dataset, making them strong candidates for
further optimization and clinical application.

The pairplot below shows the relationships between various performance metrics (Accuracy, Sensitivity,
Specificity, PPV, NPV, and F-Score). Each pair of metrics is plotted against each other with regression lines
to highlight correlations and trends in model performance. The pairplot reveals strong correlations between
Accuracy, Sensitivity, and F-Score, indicating that models that perform well on one of these metrics also
tend to perform well on others. The regression lines illustrate these relationships, with the models exhibiting
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Figure 14: Histogram of Performance Distribution Across Algorithms. This figure compares the distribution
of performance values for various binary optimization algorithms in CKD classification.

consistent trends across different metrics. This figure is useful for understanding how different performance
metrics are related and can inform future optimization strategies for CKD classification.

The cumulative distribution plots below illustrate the distribution of various performance metrics (Accuracy,
Sensitivity, Specificity, PPV, NPV, and F-Score) across the machine learning models. Each plot displays the
cumulative count of models that fall within specific performance ranges. The cumulative distribution plots
provide a more granular view of model performance, indicating the number of models that achieve specific
thresholds for each metric. For example, most models show an accuracy above 0.92, and the distributions for
Sensitivity and Specificity are also tightly clustered. These plots highlight the variability of model performance
and suggest that MLP and RF perform consistently well across most metrics.

The heatmap below provides a visualization of the correlations between different model performance
metrics (Accuracy, Sensitivity, Specificity, PPV, NPV, F-Score) with hierarchical clustering applied to
identify similarities among them. The heatmap clearly demonstrates high correlations between most of the
metrics, such as Sensitivity, Accuracy, and F-Score, indicating that improving one metric generally leads
to improvements in others. The hierarchical clustering groups metrics with similar performance patterns,
providing insight into which metrics tend to behave similarly across models. This visualization is valuable for
identifying relationships between evaluation metrics and guiding further model refinement.

The KDE plot below compares the density distribution of multiple performance metrics (Accuracy, Sensitivity,
Specificity, PPV, NPV, and F-Score) across all models. This plot provides a smooth estimation of the
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Figure 15: KDE Plot for Algorithm Performance. This plot shows the Kernel Density Estimation of
performance across different optimization algorithms used in CKD classification.

Figure 16: Boxplot with Violin Plot for Algorithm Performance. This combined plot visualizes the distribution
of performance values for different optimization algorithms in CKD classification.

probability density for each metric. The KDE plot highlights the distribution of key performance metrics
for each model. Accuracy and Sensitivity show similar distributions for MLP, RF, and SVC, whereas F-Score
shows slightly greater variability. This comparison underscores the consistency of MLP and RF in achieving
higher performance, while SVC and KNN exhibit more variability in their performance, particularly for
F-Score. The smooth curves offer a better understanding of model performance trends.
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Figure 17: Detailed Heatmap of Model Metrics with Annotations. This heatmap shows the performance
metrics (Accuracy, Sensitivity, Specificity, PPV, NPV, F-Score) for each model, with annotated values for easy
comparison.

5.4 Hyperparameter Optimization Results

The final step in optimizing the model’s performance involved hyperparameter tuning using binary
optimization algorithms combined with MLP. The results, presented in Table 5, show that hyperparameter
optimization further enhanced the performance of MLP, with GGO-based MLP achieving the highest accuracy
of 97.06%. This represents a significant improvement over the baseline MLP model and the MLP model
with feature selection, indicating that hyperparameter tuning plays a crucial role in maximizing the model’s
performance.

Table 5: ML performance results after hyperparameter optimization using different binary optimization
algorithms combined with MLP.

Models Accuracy Sensitivity (TPR) Specificity (TNR) PPV NPV F-Score
GGO+MLP 0.9706 0.9674 0.9734 0.9704 0.9707 0.9689
PSO+MLP 0.9657 0.9623 0.9688 0.9653 0.9661 0.9638
BA+MLP 0.9641 0.9605 0.9673 0.9636 0.9646 0.9620
WAO+MLP 0.9618 0.9581 0.9650 0.9593 0.9639 0.9587

Other optimization algorithms, including PSO, BA, and WAO, also improved the performance of MLP, with
accuracies of 96.57%, 96.41%, and 96.18%, respectively. These results demonstrate that the combination
of feature selection and hyperparameter optimization leads to substantial gains in classification accuracy and
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Figure 18: Model Performance Metrics Bar Plot. This bar plot compares the performance of MLP, RF, SVC,
and KNN across various model metrics.

robustness, further reinforcing the importance of optimization techniques in machine learning for healthcare
applications.

The heatmap below visualizes the hierarchical clustering of model performance metrics (Accuracy, Sensitivity,
Specificity, PPV, NPV, and F-Score) across the optimized models. The figure shows the pairwise correlations
between metrics, with hierarchical clustering applied to group similar performance patterns. The heatmap
demonstrates strong positive correlations between the majority of metrics, such as Accuracy, Sensitivity, and
F-Score. This is consistent with the expectation that improving one metric tends to improve others. The
hierarchical clustering reveals that the models MLP and RF have similar performance across all metrics, while
the other models show slight differences. This insight is valuable for identifying models that provide balanced
performance across multiple evaluation criteria.

The Kernel Density Estimation (KDE) plot below compares the distribution of multiple performance metrics
(Accuracy, Sensitivity, Specificity, PPV, NPV, and F-Score) across all the optimized models. The plot provides
a smooth estimate of the probability density for each metric, enabling easy comparison of model performance.
The KDE plot reveals that MLP and RF perform consistently well across the evaluated metrics, with their
distributions peaking at higher values. Sensitivity and Accuracy show similar trends, with MLP achieving the
highest density at the upper range. In contrast, SVC and KNN exhibit wider distributions, indicating more
variability in performance. This comparison emphasizes the stability of MLP and RF in CKD classification.

The cumulative distribution plots below show the distribution of various performance metrics (Accuracy,
Sensitivity, Specificity, PPV, NPV, and F-Score) across the optimized models. These plots display the
cumulative count of models achieving specific metric values. The cumulative distribution plots demonstrate
that the MLP and RF models consistently outperform the other models, with higher counts of models achieving
superior performance thresholds. For instance, MLP models achieve an accuracy above 0.95 in the majority
of cases. These distributions provide an effective way to compare model performance and reveal the overall
robustness of MLP and RF in CKD classification.

The pairwise scatter matrix below visualizes the relationships between different performance metrics
(Accuracy, Sensitivity, Specificity, PPV, NPV, and F-Score) for the optimized models. Each pair of metrics is
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Figure 19: Pairplot of Metrics with Regression Lines. This plot compares different performance metrics across
models and shows the relationships between them with regression lines.

plotted against each other with density plots along the diagonal. The scatter matrix reveals strong correlations
between key metrics such as Accuracy, Sensitivity, and F-Score, with clear linear relationships visible between
these metrics. The density plots confirm that the performance of MLP and RF is consistently high across the
metrics, while SVC and KNN show more variability. This matrix allows for a detailed comparison of how
metrics relate to each other across the models.

The Kernel Density Estimation (KDE) plots below show the density distribution of key performance metrics
(Accuracy, Sensitivity, Specificity, PPV, NPV, and F-Score) for all optimized models. These plots provide
smooth, continuous estimates of the probability density for each metric, allowing for a clear comparison
across models. The KDE plots show that MLP and RF consistently achieve higher values across all
metrics, with clear peaks near the upper end of the performance spectrum. The distributions for Sensitivity,
Specificity, and F-Score are particularly concentrated for MLP and RF, further supporting their dominance in
the CKD classification task. This visualization confirms that these models are highly reliable in terms of both
performance consistency and accuracy.

178



Figure 20: Cumulative Distribution Plots for Metrics Across Models. This figure shows the cumulative
distribution of performance metrics (Accuracy, Sensitivity, Specificity, PPV, NPV, F-Score) across all models.

Figure 21: Heatmap with Hierarchical Clustering of Model Metrics. This heatmap visualizes the correlations
between different performance metrics, with hierarchical clustering applied to identify similar performance
patterns.

The bar plot below compares the performance metrics (Accuracy, Sensitivity, Specificity, PPV, NPV, F-Score)
for models optimized using different algorithms, such as GGO+MLP, PSO+MLP, BA+MLP, and WAO+MLP.
The bar plot shows that GGO+MLP consistently outperforms the other optimization techniques, particularly
in terms of Accuracy, Sensitivity, and F-Score. While PSO+MLP also performs well, GGO+MLP shows the
highest and most consistent performance across all metrics, reinforcing its effectiveness for optimizing CKD
classification models.
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Figure 22: KDE Plot Comparing Multiple Metrics Across Models. This plot compares the density distribution
of various performance metrics (Accuracy, Sensitivity, Specificity, PPV, NPV, F-Score) across all models.

The results of this study highlight the effectiveness of combining feature selection with hyperparameter
optimization for improving the performance of machine learning models in chronic kidney disease detection.
The MLP model, when coupled with GGO for feature selection and hyperparameter tuning, achieved the
highest accuracy of 97.06%, demonstrating the importance of a hybrid optimization approach for small,
imbalanced medical datasets. These findings suggest that optimization techniques, particularly in the context
of CKD detection, can lead to significant improvements in model performance and may serve as a valuable
tool for enhancing early detection and diagnosis in healthcare systems.
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Figure 23: Heatmap with Hierarchical Clustering of Model Metrics. The heatmap visualizes the correlations
between performance metrics with hierarchical clustering applied to identify similar patterns.

Figure 24: KDE Plot Comparing Multiple Metrics Across Models. This plot compares the distribution of
various performance metrics across all optimized models.

6 Discussion

6.1 Why Feature Selection Improved Performance

Feature selection played a pivotal role in enhancing the performance of the machine learning models in this
study. By selecting the most relevant features, the dimensionality of the dataset was reduced, which helped
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Figure 25: Cumulative Distribution of Performance Metrics Across Models. These plots show the cumulative
distribution of performance metrics for each model, highlighting the performance thresholds reached by each
model.

mitigate the issues associated with high-dimensional data, such as overfitting and computational complexity. In
medical datasets like the Chronic Kidney Disease (CKD) dataset, irrelevant or noisy features can significantly
degrade model performance by introducing variance that does not contribute to the predictive task. Feature
selection methods, such as Greylag Goose Optimization (GGO) and other binary optimization algorithms,
allowed us to retain only the most informative features, such as blood glucose levels (bgr), red blood cell count
(rc), and white blood cell count (wc), which are known to have strong correlations with CKD.

The reduction in dimensionality not only simplified the models but also led to improved generalization on
unseen data. By focusing the model’s attention on the most relevant features, the risk of overfitting was
substantially reduced. In the context of CKD detection, overfitting is a particularly critical issue, as it could
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Figure 26: Pairwise Scatter Matrix of Metrics. This matrix visualizes the relationships between different
performance metrics for the optimized models, with density plots along the diagonal.

lead to inaccurate predictions when the model is deployed in real-world settings with new patient data. This is
especially true when working with small, imbalanced datasets, where the model may learn to "memorize" the
data rather than generalize well to new instances. Through feature selection, we were able to ensure that the
model trained on only the most pertinent clinical indicators, thus enhancing its ability to identify CKD cases
reliably.

6.2 Effectiveness of Optimization Algorithms

The results of this study clearly demonstrate the effectiveness of binary optimization algorithms, particularly
GGO, in improving the performance of machine learning models for CKD detection. GGO outperformed
the other metaheuristics, such as Particle Swarm Optimization (PSO), Bat Algorithm (BA), and Whale
Optimization Algorithm (WAO), across multiple metrics, including error reduction and fitness scores. This
success can be attributed to GGO’s ability to explore the feature space efficiently and select the most relevant
features while avoiding local optima.

Metaheuristic algorithms, such as PSO and GA, are commonly used for feature selection and hyperparameter
optimization because they can effectively search large, complex search spaces. However, GGO demonstrated
superior performance in this context, achieving lower average errors and better fitness scores compared to the
other algorithms. This suggests that GGO’s specific design, which mimics the behavior of Greylag geese in
their migratory patterns, provides a more effective approach for navigating the feature space and optimizing
classification models in medical datasets. The ability of GGO to strike a balance between exploration
(searching new areas of the feature space) and exploitation (refining the best solutions) was a key factor in
its success in this study.
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Figure 27: Kernel Density Estimation (KDE) for Model Performance Metrics. These plots compare the density
distribution of various performance metrics across all optimized models.

6.3 Practical Implications

The optimized machine learning models developed in this study have significant practical implications for
CKD detection and monitoring. In healthcare systems, the ability to reliably detect CKD at an early stage
is crucial for improving patient outcomes and reducing long-term healthcare costs. The models, particularly
the MLP model optimized with GGO, demonstrate high accuracy and sensitivity, making them suitable for
deployment in clinical settings. By automating the detection of CKD, healthcare providers can screen large
numbers of patients quickly and accurately, enabling early intervention and personalized treatment plans.

Moreover, these models have the potential to be integrated into mobile applications for real-time CKD
monitoring. Given the widespread use of smartphones and wearable devices, there is a growing opportunity
to leverage these tools for health monitoring in low-resource settings. By incorporating optimized machine
learning models into mobile apps, individuals can monitor their kidney health, track relevant biomarkers, and
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Figure 28: Model Performance Metrics Bar Plot. This bar plot compares the performance metrics (Accuracy,
Sensitivity, Specificity, PPV, NPV, F-Score) for optimized models using different algorithms.

receive alerts for potential risks. Such applications could empower patients to take proactive measures in
managing their health, improving early detection and reducing the need for expensive treatments at advanced
stages of CKD.

6.4 Limitations

Despite the promising results, this study has several limitations that need to be addressed in future research.
First, the dataset used in this study is relatively small, consisting of only 400 instances. While this dataset is
sufficient for demonstrating the utility of feature selection and optimization algorithms, larger datasets would
likely yield more robust and generalizable models. The small dataset also contributes to the class imbalance
problem, with the CKD class making up only 38% of the dataset. This imbalance may have influenced the
model performance, particularly in terms of specificity and positive predictive value (PPV), as the models
might have been biased towards the majority class (non-CKD).

Another limitation is the presence of missing data, which was addressed by removing rows with NaN values.
However, this approach resulted in the loss of valuable data, which could have been better handled through
more sophisticated imputation techniques. Future work should explore alternative strategies for handling
missing values, such as using imputation methods or incorporating domain-specific knowledge to predict
missing entries.

Additionally, the dataset used in this study lacks certain clinical features that could further enhance the
accuracy of the models. For example, patient medical history, comorbid conditions, and genetic factors could
all play a significant role in predicting CKD. The inclusion of these additional features would likely improve
the model’s ability to differentiate between CKD and non-CKD cases, especially in the early stages of the
disease when symptoms are not yet apparent. Future studies should consider expanding the dataset to include
a broader range of clinical variables to improve the models’ predictive power.
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Finally, while the results of this study are promising, further validation is needed before these models can be
deployed in real-world clinical settings. Future work should focus on validating the models on external datasets
from different populations to assess their generalizability and robustness across diverse patient groups.

In summary, this study demonstrates the effectiveness of feature selection and binary optimization techniques
for improving the performance of machine learning models in chronic kidney disease detection. The results
highlight the importance of selecting the most relevant features and tuning model parameters to achieve the
best performance. Despite the limitations of the dataset, the optimized models show significant promise for
real-world applications, including integration into healthcare systems and mobile applications for monitoring
kidney health. Future research should focus on addressing the limitations identified in this study and exploring
the potential of these models in clinical practice.

7 Conclusion & Future Work

7.1 Conclusion

This study demonstrates the effectiveness of combining feature selection and hyperparameter optimization
to improve the classification performance of machine learning models in the context of Chronic Kidney
Disease (CKD) detection. The hybrid approach of Greylag Goose Optimization (GGO) for feature selection
and Multilayer Perceptron (MLP) for classification significantly enhanced model performance, achieving an
accuracy of 97.06%. This result highlights the potential of optimization techniques in healthcare applications,
especially when working with small, imbalanced datasets. By reducing dimensionality and selecting the most
relevant features, the models were able to focus on the key factors influencing CKD, thereby improving both
predictive accuracy and generalizability.

The ability to achieve high accuracy with a small dataset is particularly important in medical diagnostics, where
obtaining large and balanced datasets is often challenging. Our findings suggest that optimization algorithms,
such as GGO, can effectively navigate the feature space, leading to better model performance and more reliable
predictions. This approach is particularly valuable in early-stage disease detection, where timely and accurate
diagnosis is critical for improving patient outcomes and reducing healthcare costs.

7.2 Contributions

This paper makes several important contributions to the field of machine learning for healthcare. First, we
provide an in-depth analysis of feature selection methods using binary optimization algorithms, focusing on
their ability to improve the performance of CKD classification models. By comparing multiple optimization
techniques, such as GGO, PSO, BA, and WAO, we demonstrate the superior performance of GGO in feature
selection tasks. Second, we explore the integration of hyperparameter optimization with feature selection,
highlighting how this combined approach can further enhance model accuracy and robustness. The results
from our study contribute to the growing body of knowledge on applying machine learning techniques to
medical diagnostics, particularly in chronic disease prediction.

Furthermore, we provide practical insights into the potential applications of these techniques in healthcare.
The optimized models could be integrated into real-world healthcare systems to improve the early detection of
CKD, leading to better patient management and more efficient use of medical resources. Our work also paves
the way for future research into optimizing machine learning models for other medical conditions, where early
diagnosis is crucial.
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7.3 Future Work

While the results of this study are promising, there are several avenues for future research to further enhance
the effectiveness of CKD detection models.

• Incorporation of Additional Features: The current dataset primarily includes basic clinical features
such as blood pressure, age, and red blood cell count. Future work should aim to incorporate additional
clinical features, such as medical history, lab test results, and genetic factors, to improve prediction
accuracy. These features may provide deeper insights into the patient’s health and further refine the
model’s ability to distinguish between CKD and non-CKD cases.

• Ensemble Methods: To improve model robustness and performance, ensemble methods could be
explored to combine the strengths of multiple models. Techniques such as bagging, boosting, or stacking
could be applied to combine the predictions of various classifiers, potentially leading to improved
generalization and reduced model variance. This would be particularly beneficial in the context of CKD
detection, where small changes in data could lead to different predictions.

• Mobile Healthcare Applications: The integration of optimized models into mobile applications for
real-time CKD monitoring represents an exciting direction for future work. With the growing prevalence
of smartphones and wearable health devices, these technologies provide an ideal platform for continuous
health monitoring. Future research should focus on developing deployment plans for mobile applications
that use optimized machine learning models to offer personalized CKD risk assessments. Such
applications could provide valuable real-time feedback to patients and healthcare providers, facilitating
timely interventions and improving long-term health outcomes.

• Validation with Larger Datasets: While this study demonstrated the potential of our approach on
a relatively small dataset, future work should aim to validate the models on larger and more diverse
datasets. This would provide a more comprehensive evaluation of the model’s generalizability across
different populations and settings, helping to ensure that the models are robust and applicable in
real-world clinical environments.

In summary, this research highlights the importance of optimizing machine learning models through feature
selection and hyperparameter tuning for effective CKD detection. The promising results achieved in this study
lay the foundation for future advancements in automated medical diagnosis, offering potential solutions for
improving early disease detection and patient care in healthcare systems worldwide.
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