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Abstract

The rapid growth of plastic waste has become a serious global environmental challenge, while existing waste
management analysis methods often struggle to handle large and heterogeneous environmental datasets. This study
aims to improve the classification of global plastic waste management performance by integrating K-Means
clustering and Naive Bayes with Optuna-based hyperparameter optimization. Using a dataset of global plastic waste
indicators from multiple countries during 2020-2024, K-Means is first applied to generate waste management level
clusters, which are then classified using Naive Bayes. The hybrid model is further optimized by tuning the
var_smoothing parameter using Optuna. Experimental results show that the hybrid approach improves classification
performance compared to the baseline Naive Bayes model, while the optimized model increases accuracy from 89%
to 95% along with improvements in precision, recall, F1-score, and ROC-AUC. These results indicate that combining
clustering-based labeling with automated hyperparameter optimization can enhance the reliability of machine
learning models for large-scale environmental data analysis. Therefore, the proposed approach can support more
accurate evaluation of global plastic waste management and assist data-driven environmental policy development.
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1. INTRODUCTION

Plastic waste management has become an increasingly critical global environmental issue due to
the rising consumption of plastics each year. Plastic production has reached over 350 million tons per
year, while recycling rates remain far from adequate, resulting in the accumulation of waste on land and
in water bodies that threatens ecosystems [1]. The trend in plastic usage from 1950 to 2021 has shown
a significant and continuous increase [2]. Plastic waste management requires effective recycling
processes and appropriate marketing strategies to increase the value and competitiveness of recycled
plastic products [3]. Moreover, meta-analysis studies indicate that plastic waste such as bags, bottles,
and food packaging are the most dominant types in the environment [4]. The increase in plastic waste
imports to Indonesia in 2018 has further exacerbated the domestic waste management situation [5].

As multidimensional environmental data continues to expand, data mining analysis is crucial for
identifying patterns and supporting data-driven policy decisions. This approach has been applied across
various fields, including healthcare, finance, education, disaster mitigation, and environmental
management [6], [7], [8], [9], [10].

The K-Means algorithm is widely applied in environmental analysis due to its ability to cluster
data based on characteristic similarity. Research on plastic pollution has demonstrated that K-Means
can partition regions into clusters with varying levels of pollution risk [11]. This method has also been
successfully employed in disaster vulnerability mapping, risk analysis, and the optimization of public
services, such as waste management routing [12], [13], [14]. The effectiveness of the K-Means algorithm
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can be improved by combining it with cluster validation methods, such as the Elbow, Silhouette, Davies—
Bouldin, and Calinski—-Harabasz methods, to determine the most appropriate number of clusters [15].

As a classification method, Naive Bayes is a probabilistic approach widely used due to its
simplicity, speed, and effectiveness with continuous data. Gaussian Naive Bayes has been successfully
applied in waste image classification, while studies on global plastic waste have found that imbalanced
data distributions can reduce model performance [16], [17]. This algorithm has also been applied in air
quality modeling, retail sales, and environmental pollution studies [18], [19], [20].

The hybrid combination of K-Means and Naive Bayes offers dual advantages, namely the
formation of homogeneous clusters for model stability alongside probabilistic-based classification.
Studies on flood-prone areas, social assistance ranking, and disaster risk segmentation have
demonstrated that the hybrid approach can improve accuracy and mitigate the instability of raw data
[21], [22], [23].

Nevertheless, most previous studies have continued to rely on default parameters, resulting in
suboptimal model performance. The Optuna framework has been proven to enhance model performance
through more efficient hyperparameter search. In a study on stroke patient mortality risk prediction,
XGBoost accuracy increased from 73% to 86% after tuning, in line with the findings of this study, which
identify XGBoost as the best-performing model, achieving an accuracy of 86% in mortality prediction
and 82% in length-of-stay prediction, accompanied by a significant improvement in AUC values [24],
[25]. In an indigenous disease prediction system, LightGBM accuracy improved to >92% [26]. Optuna
has also enhanced the performance of Random Forest in predicting contraceptive use in Ethiopia and in
an OCB biomarker model, achieving a ROC-AUC of 0.902 [27], [28]. The consistency of these
improvements demonstrates that hyperparameter optimization is essential for large and heterogeneous
datasets.

Despite the growing use of machine learning for environmental analysis, limited studies have
explored the integration of clustering-based labeling, probabilistic classification, and automated
hyperparameter optimization within a unified framework for global plastic waste management analysis.
Therefore, this study proposes a hybrid K-Means—Naive Bayes model optimized using Optuna to
improve classification performance on heterogeneous environmental datasets. The main contribution of
this research is the development of an integrated analytical pipeline that enhances classification
reliability while providing interpretable insights into global waste management patterns.

2. METHODS

This study aims to develop a more accurate and stable classification model for global plastic waste
management levels through the integration of clustering techniques, classification methods, and
hyperparameter optimization. The model is designed using the Knowledge Discovery in Databases
(KDD) approach, which includes data cleaning, feature transformation, cluster formation, model
training, hyperparameter optimization, and final evaluation stages [29]. The dataset used is obtained
from Kaggle and comprises waste management indicators from ten countries over the period 2020—
2024.

2.1. Data Collection

The dataset used in this study is obtained from an open-access source, namely the Global
Environmental Impact dataset. This dataset consists of 3,000 data records from 10 countries over the
period 2020-2024 [30].

The data include the following variables: Plastic Waste Tons, Plastic Recycled Tons, Burned
Waste Tons, Waste Collected Tons, Illegal Dumping Cases, Government Interventions, Plastic Bans
Enforced, Awareness Campaigns, Monitoring Stations, Country, Region, and Date. The dataset was
verified to ensure completeness and consistency prior to further processing.
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2.2. Data Preprocessing

The research dataset comprises 3,000 plastic waste management records from ten countries over
the period 2020-2024. The dataset used in this study includes numerical, categorical, and temporal
features.

Table 1. Description of Dataset Features

Feature Category Features

Plastic Waste Tons, Plastic Recycled Tons, Burned Waste Tons, Waste
Numerical Collected Tons, Illegal Dumping Cases, Government Interventions, Plastic
Bans Enforced, Awareness Campaigns, Monitoring Stations

Categorical Country, Region
Temporal Day, Month, Year

Table 1 presents the feature categories used in this study. The preprocessing stage includes
checking for missing values, normalizing numerical features using StandardScaler, and applying One-
Hot Encoding to Country and Region. Date features are decomposed into day, month, and year
components to enhance temporal representation. To provide an overview of the raw data structure, an
example of the research dataset comprising nine numerical variables is presented in Table 2.

Table 2. Sample of Raw Numeric Dataset
V1 V2 V3 V4 V5 Vo6 V7 V8 V9

2393.68  535.52 842.34 4 1 235.16 1 10 35
1494.46 1274.11 881.7 5 3 429234 0 12 28
1382.28  572.55 577.54 1 1 391.7 0 0 29
1382.3 258.1  750.74 3 4 1699.11 1 12 47
4649.71 54.06 286.07 5 2 87799 0 7 46
2866.71  643.08 138193 3 9 2237.0 1 1 2
1131.08 416.08 1874.5 0 9 994.03 1 4 18
2469.81 1039.32 907.06 2 2 186622 1 7 1
1998.96  310.96 884.9 2 4 241898 O 4 2
21591 788.1 111648 3 3 600.15 0 11 45

Table 2 shows a sample of the raw numerical dataset used in this study. Each row represents a
record of plastic waste management indicators, while the columns (V1-V9) correspond to numerical
variables related to waste generation, recycling, policy implementation, and monitoring activities. This
sample is provided to illustrate the structure and distribution of the data prior to preprocessing. The
complete dataset undergoes normalization and transformation before being used in the clustering and
classification stages.

2.3. Research Framework

The present research aims to design and optimize a classification model using a hybrid K-Means
and Naive Bayes approach. The research workflow is to assess the model’s effectiveness prior to and
following the optimization stage, allowing improvements in algorithm performance to be analyzed
objectively.
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Figure 1. Research Framework of the Proposed Method for Global Plastic Waste Classification

The research framework presented in Figure 1 illustrates the progression of the study’s phases.
The study starts with gathering the dataset and performing exploratory data analysis, followed by
preprocessing steps such as normalization and feature transformation. Afterwards, the best number of
clusters is identified via the Elbow Method before executing the K-Means clustering algorithm to assign
cluster labels. These labels are then used as the target class for building the Naive Bayes classification
model. After the baseline model is obtained, hyperparameter optimization is performed using Optuna to
improve model performance. Finally, the optimized model is evaluated using several classification
metrics and the results are interpreted to analyze the effectiveness of the proposed approach.

2.3.1. Data Collection

The research is based on global plastic waste management data from ten countries over the period
2020-2024. This data includes quantitative indicators representing the status of plastic waste
management and serves as the basis for pattern formation and evaluation of classification model
performance.

2.3.2. Data Preprocessing

The preprocessing stage is carried out to improve data quality prior to analysis. This process
includes handling missing values, normalizing numerical data, and transforming categorical attributes.
This stage is essential to ensure that classification algorithms can operate optimally, as emphasized in
the foundational concepts of data mining—based classification [31], [32], [33].

2.3.3. Clustering with K-Means

The K-Means algorithm is used to cluster countries based on the similarity of their plastic waste
management characteristics. The number of clusters is determined using the Elbow Method, which
identifies the optimal point based on changes in the Sum of Squared Error (SSE). This method has been
proven effective in various studies on environmental data clustering and waste management [34], [35],
[36].

The distance between data points and cluster centroids is calculated using the Euclidean distance
as follows:
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d(xi¢) = \/ZE=1(xik — Cjx) (1)
Where:

x; = represents the i-th data point,
¢j = denotes the centroid of cluster j, and
n =is the number of attributes.
The Elbow Method determines the optimal number of clusters by minimizing the SSE:

SSE = ¥¥_; Tiec;lxi — ¢ (2)

where :
k : represents the number of clusters.

2.3.4. Classification Using Naive Bayes

Once the clusters are formed, the Naive Bayes algorithm is employed to build the classification
model. This method is chosen for its probabilistic nature and its efficiency in handling high-dimensional
data, despite the assumption of feature independence [37]. The model serves as an initial reference
before optimization is performed.

The Naive Bayes classifier uses the following formula :

P(clx) = ELI© ©)

Where:

P(C | X) = represents the probability of class Cgiven predictor X.
Since the dataset contains continuous variables, Gaussian Naive Bayes is applied:

oo
——exp

2moj,

i 2
P(xi1G) = -G

2
20%

4)
Where:

U =Mean

o = Standard deviation

2.3.5. Hyperparameter Optimization Using Optuna

To enhance the performance of the classification model, hyperparameter optimization is
conducted using Optuna. The optimization process aims to automatically identify the best parameter
configuration through a series of trials, enabling the model to achieve optimal performance [38]. This
stage leverages a flexible and reproducible Python-based modeling approach and is executed within an
interactive notebook environment to facilitate evaluation of experimental results [39].

The optimization process aims to identify the optimal parameter configuration by maximizing the
objective function:

6" = argmax f(6) (7)

Where:
6  =represents the model parameters
f(8) = denotes the evaluation metric such as accuracy or ROC-AUC.
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2.3.6. Model Evaluation

The model’s performance is evaluated using classification metrics such as accuracy, precision,
recall, F1-score, and the confusion matrix. Evaluation is conducted on models both before and after
optimization to assess the impact of hyperparameter tuning on performance improvement.

Accuracy :

TP+TN

Accuracy = ————— (6)
TP+TN+FP+FN

Where :

TP = True Positive
TN = True Negative
FP = False Positive
FN = False Negative

2.3.7. Model Comparison and Analysis

The final stage, the study compares the performance of the baseline Naive Bayes model with the
Optuna-optimized model. The analysis focuses on improvements in accuracy and prediction stability,
thereby assessing the effectiveness of the optimization process in the context of global plastic waste
management classification.

BASELINE PATH

(]
Baseline Naive Bayes Baseline Model
approach — Baseline Evaluation

CLUSTERING PATH

n Data
o %

Use Cluster
Label as Target
Class

K Means
Clustering

Clustering
approach —

QPTIMIZATION

&)
Naive Bayes Optimized s
Hyperparameter Hybrid Naive Opt‘lzr\r’);ejgﬁh:: del
Optimization Bayes Model

Figure 2. Comparison Framework of Naive Bayes, Hybrid K-Means—Naive Bayes, and Optimized
Model

HYBRID MODEL DEVELOPMENT |

Hybrid Naive
Bayes Model

Hybrid Model
Evaluation

Figure 2 illustrates the comparison framework used in this study. The process begins with data
preprocessing to prepare the dataset for modeling. A baseline classification model using Naive Bayes
is first trained and evaluated. In parallel, K-Means clustering is performed to generate cluster labels
representing waste management levels. These labels are then used as target classes to build a Hybrid
K-Means—Naive Bayes model. After evaluating the hybrid model, hyperparameter optimization using
Optuna is conducted to obtain the optimized model. The final stage evaluates the optimized model to
analyze performance improvements compared to previous approaches.

3. RESULTS

This section presents and discusses the experimental results of classifying global plastic waste
management levels using Naive Bayes, Hybrid K-Means—Naive Bayes, and Hybrid K-Means—Naive
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Bayes with Optuna optimization. The model’s performance is assessed through metrics including
accuracy, precision, recall, Fl-score, confusion matrix, and ROC-AUC curves to assess its
discrimination ability and stability. Furthermore, the performance of models before and after
hyperparameter optimization is compared to identify the improvements achieved through the hybrid
approach and optimization process.

3.1. Data Preprocessing Results

The preprocessing stage is conducted to ensure the quality and readiness of the data prior to
modeling. This process includes checking and handling missing values, standardizing numerical
features, and transforming categorical attributes using one-hot encoding. Additionally, temporal
attributes are decomposed into day, month, and year components to enrich the temporal representation
of the data.

Following preprocessing, the dataset is split into training and testing sets. This procedure aims to
ensure that the data used for model training and testing phases are balanced and representative. The
preprocessing results indicate that the data have been standardized and are ready for use with the K-
Means and Naive Bayes algorithms.

3.2. Clustering Results Using K-Means

The K-Means algorithm was applied to cluster the data based on similarities in plastic waste
management characteristics. The number of clusters was determined using the Elbow Method, which
identifies the optimal cluster count. Elbow Method visualization was employed to detect the “elbow”
point, representing the condition where increasing the number of clusters no longer results in a

significant reduction in inertia.
Elbow
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Figure 3. Elbow Method Curve for K-Means

Figure 3 illustrates the Elbow Method used to determine the optimal number of clusters in the
dataset. The curve shows the relationship between the number of clusters and the Sum of Squared Errors
(SSE). The visible elbow point appears at k = 3, indicating that three clusters (High, Medium, and Low)
provide the best balance between model simplicity and clustering quality.
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Cluster 0
Cluster 1
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Figure 4. K-Means Cluster Distribution Visualized via PCA
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Figure 4 presents the visualization of cluster distribution after applying K-Means using
Principal Component Analysis (PCA). The visualization reduces high-dimensional data into two
dimensions, allowing clearer observation of how the data points are grouped into clusters.

1200 A

1000 -

| B

5} o~

Jumlah Data
@ ©
[=] [=3
8 8

&
3
=)

™
=3
5

-
Cluster

Figure 5. Number of Data Points per Cluster
Figure 5 shows the number of observations contained in each cluster generated by the K-Means
algorithm. This visualization helps illustrate the distribution of data across clusters and indicates whether

the clustering results are balanced.

Table 3. Sample of Plastic Waste Management Dataset with K-Means Cluster Labels

No Country Region Plastic Plastic Burned C
Waste Tons Recycled Tons WasteTons
1 USA Mountain 2393.68 535.52 842.34 0
2 India Rural 1494.46 1274.11 881.70 1
3 China Urban 1382.28 572.55 577.54 1
4  Russia Urban 1382.30 258.10 750.74 0
5 Philippines Forest 4649.71 54.06 286.07 1
6  Philippines Suburban 2866.71 643.08 1381.93 0
7 India Mountain 1131.08 416.08 1874.50 0
8  Brazil Suburban 2469.81 1039.32 907.06 0
9 USA Forest 1998.96 310.96 884.90 1
10 Philippines Rural 21591 788.10 1116.48 1

Table 3 presents a sample of the dataset after the clustering process. The table includes several
waste management indicators along with the cluster labels produced by the K-Means algorithm. These
cluster labels are later used as the target classes in the classification stage.

3.3. Naive Bayes Classification Results

The Naive Bayes model was employed as the baseline model in this study to evaluate the initial
classification performance of global plastic waste management levels. The evaluation was conducted
prior to the application of clustering and hyperparameter optimization methods. Model performance was
analyzed using the confusion matrix, ROC curve, and classification metrics including accuracy,
precision, recall, and Fl-score. These evaluation results serve as a reference for comparing
improvements in the hybrid K-Means—Naive Bayes model and the Optuna-optimized model.

Figure 6 shows the confusion matrix of the Naive Bayes baseline model. The matrix illustrates
the distribution of correct and incorrect predictions across the three classes, providing insight into how
well the model performs in distinguishing each category.
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Figure 6. Confusion Matrix of Naive Bayes Classification

Figure 7 displays the ROC curve of the Naive Bayes model. The Naive Bayes model achieved an
accuracy of 83%, with precision and recall values of approximately 0.84 and 0.83, respectively.
However, a more detailed evaluation using class-wise ROC-AUC revealed very low values, namely
0.09 for the Low class, 0.48 for the Medium class, and 0.31 for the High class. This indicates that
although the model appears reasonably accurate overall, its ability to discriminate between individual
classes remains poor. A likely cause is class imbalance, which leads the model to predominantly predict
the majority class correctly without effectively learning patterns associated with the minority classes.

ROC Curve per Class - Naive Bayes (Calibrated)

L0 = Class Low [AUC = 0.09)
Class Medim (AUC = 0.48)

—_— AL =
08 Class Migh (AUC = 0.31)

True Positive Rate
o
=

oo 0z 0.4 a6 o8 Lo
False Positive Rate

Figure 7. ROC Curve of Naive Bayes Model

Figure 8 summarizes the main performance metrics of the Naive Bayes model, including
precision, recall, and F1-score. These metrics provide a quantitative evaluation of the baseline model
before applying clustering and optimization techniques.

Model Performance per Class (Naive Bayes)

= Precision
—fecall
= Fl-score

Figure 8. Performance Metrics of Naive Bayes Model

High

=
5

3.4. Hybrid K-Means—Naive Bayes Classification Results

To enhance classification performance, the hybrid K-Means—Naive Bayes approach was applied
by utilizing the K-Means clustering results as class labels in the classification stage. This strategy aims
to form more homogeneous data groups prior to classification. Evaluation results indicate that the hybrid

1826


https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.2.5651

Jurnal Teknik Informatika (JUTIF) Vol. 7, No. 2, April, Page. 1818-1833
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2026.7.2.5651

model outperforms the baseline Naive Bayes model, as evidenced by a reduction in classification errors
in the confusion matrix, particularly for the medium class. These findings suggest that integrating
clustering results assists Naive Bayes in learning data patterns more systematically, thereby improving
classification performance.

Confusion Matrix Hybrid Baseline

True label

100

T T T
] 1 2
predicted label

Figure 9. Confusion Matrix of Hybrid K-Means—Naive Bayes Model
Figure 9 presents the confusion matrix of the Hybrid K-Means—Naive Bayes model. Compared
with the baseline model, the hybrid approach shows improved classification results with fewer

misclassifications across the classes.
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Figure 10. ROC Curve of Hybrid K-Means—Naive Bayes Model

Figure 10 illustrates the ROC curve of the Hybrid K-Means—Naive Bayes model. The application
of K-Means clustering prior to Naive Bayes significantly improved model performance. Accuracy
increased to 89%, with precision and recall reaching 0.90 and 0.89, respectively, and class-wise ROC-
AUC values approaching perfection (0.99—1.00). These results indicate that cluster formation helps the
model separate the data more effectively, thereby substantially enhancing classification performance for
each class. The proposed approach achieves superior overall accuracy and exhibits stronger class
discrimination performance than the standalone Naive Bayes model.

Performance Comparison of Hybrid K-Means-Naive Bayes Models
10

mmm Baseline Hybrid k-Means-NB
e Optimized Hybrid K-Means-NB (Optuna)

02 N

0.0-

Accuracy Macro F1-score

Figure 11. Performance Metrics of Hybrid K-Means—Naive Bayes Model
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Figure 11 presents the performance metrics obtained from the Hybrid K-Means—Naive Bayes
model. The results demonstrate improvements in accuracy and F1-score compared with the optimized
model.

3.5. Hyperparameter Optimization Results Using Optuna

The next stage involved hyperparameter optimization of the Naive Bayes model using Optuna.
The optimization process focused on tuning the var smoothing parameter through an automated trial-
based search with a Stratified K-Fold cross-validation scheme.

The optimization results demonstrate improved model accuracy and stability compared to the
hybrid model without optimization. The optimization history graph shows that accuracy values
consistently increased with the number of trials, while the parameter importance analysis indicates that
var_smoothing has a significant impact on model performance.

Figure 12 shows the confusion matrix of the optimized hybrid model after applying Optuna. The
results indicate fewer classification errors and more consistent predictions across the classes.

Confusion Matrix - Hybrid K-Means-Naive Bayes + Optuna

True Label

58

T T T
] 1 2
predicted Label

Figure 12. Confusion Matrix of Optimized Hybrid Model

Figure 13 presents the ROC curve of the optimized hybrid model. Optuna-based hyperparameter
tuning enhanced performance, with accuracy reaching 95%, the F1-score achieved 0.95, and the class-
wise ROC-AUC values attained 1.00, indicating optimal class discrimination capability. Through the
combination of clustering and parameter tuning, the model is able to predict all classes with very high
accuracy, with well-calibrated prediction probabilities and no observable trade-offs among classes.
These results demonstrate that hyperparameter optimization can further refine model performance both
overall and at the class level.
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Figure 13. ROC Curve of Optimized Hybrid Model

Figure 14 illustrates the performance results of the optimized hybrid model for each class. The
precision, recall, and F1-score values across the Low, Medium, and High categories indicate consistently
strong classification performance. Although the High class records a slightly lower recall, the overall
results demonstrate stable and well-balanced model effectiveness.
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Figure 14. Performance Metrics of Optimized Hybrid Model

3.6. Model Comparisson

This section presents a performance comparison among three classification approaches: Naive
Bayes as the baseline model, Hybrid K-Means—Naive Bayes, and the hyperparameter-optimized model
using Optuna. The comparison is conducted to evaluate the impact of cluster formation and the
optimization process on improving the classification performance of global plastic waste management
levels. The evaluation focuses on metrics including accuracy, precision, recall, and F1-score.

Table 4. Performance Comparison of Classification Models

Model Accuracy Precision Recall F1-Score
Naive Bayes 0.83 0.84 0.83 0.83
Hybrid K-Means—Naive Bayes 0.89 0.90 0.89 0.85
- N +
Hybrid K-Means—Naive Bayes 0.95 0.96 0.95 0.95

Optuna

Table 4 compares the comparative results of the three classification models examined in this
research. The results show a gradual improvement from the baseline Naive Bayes model to the hybrid
model and finally to the Optuna-optimized model, indicating that clustering and hyperparameter
optimization contribute positively to classification performance.

4. DISCUSSION

The experimental results demonstrate that the proposed hybrid framework integrating K-Means
clustering, Naive Bayes classification, and Optuna-based hyperparameter optimization yields noticeable
improvements in the analysis of global plastic waste management data. As shown in Table 4, the
optimized hybrid model achieves higher classification accuracy compared to the baseline Naive Bayes
classifier. These findings indicate that combining clustering-based data organization with automated
parameter tuning can strengthen the predictive performance of probabilistic classification models when
applied to environmental datasets.

The consistent enhancement observed across evaluation metrics suggests that the proposed
framework not only increases overall prediction accuracy but also improves the stability of classification
outcomes across varying data patterns. From a methodological standpoint, the application of K-Means
clustering assists in grouping data instances that share similar characteristics prior to the classification
stage. This step enables the classifier to learn patterns from more homogeneous data groups. As a result,
the Naive Bayes algorithm can estimate class probabilities more reliably because the feature distribution
becomes more structured.

Furthermore, the incorporation of Optuna for hyperparameter optimization significantly
contributes to improving the performance of the classification model. Rather than depending on
manually selected parameter settings, the optimization procedure systematically explores the parameter
space to determine configurations that produce the best model performance. Through this automated
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search process, the model gains better generalization ability when analyzing environmental indicators
such as recycling rates, waste generation levels, and waste treatment patterns.

Table 5. Performance Comparison with Related Classification Studies

Reference Method Accuracy
2025 [16] Naive Bayes for Waste Classification 79.50%
2025 [40] Naive Bayes for Air Quality Classification 90.00%
2022 [41] Naive Bayes + K-Means Clustering 80.80%
2025 [42] DenseNet121 Waste Classification 91.00%

Proposed Method Hybrid K-Means + Naive Bayes + Optuna 95.00%

To further strengthen the evaluation of the proposed method, Table 5 presents a comparative
analysis with several prior studies in the fields of environmental data classification and related machine
learning applications. Previous research applying Naive Bayes for waste classification reported an
accuracy of 79.50%, while studies on air quality classification achieved approximately 90%. A recent
study integrating Gaussian Naive Bayes with K-Means clustering for air quality and pollution
assessment reported an accuracy of 93%, demonstrating that the combination of supervised and
unsupervised learning approaches can enhance classification performance. In addition, deep learning-
based waste classification methods such as DenseNetl21 achieved an accuracy of around 91%.
Compared with these studies, the proposed hybrid K-Means—Naive Bayes framework optimized using
Optuna achieved the highest accuracy of 95%. This comparison indicates that integrating clustering-
based data structuring with automated hyperparameter optimization provides measurable performance
improvements across different environmental and analytical domains

Compared with these studies, the proposed hybrid K-Means—Naive Bayes model optimized with
Optuna demonstrates competitive performance. The higher accuracy obtained in this study suggests that
combining clustering with probabilistic classification and automated optimization can produce a more
effective analytical framework for environmental datasets. However, differences in dataset
characteristics, preprocessing strategies, feature composition, and evaluation procedures should be
considered when interpreting the comparison results. Therefore, the comparison presented in this study
should be viewed as contextual evidence rather than a strict experimental benchmark.

The performance of the proposed hybrid model should also be interpreted in relation to the
characteristics of the dataset and the experimental design used in this study. The dataset used in this
research consists of global plastic waste indicators collected from multiple countries and environmental
monitoring sources. The preprocessing stage includes feature transformation, categorical encoding, and
exploratory data analysis to ensure data quality and consistency. Nevertheless, conducting further
research with larger environmental datasets, more regions, and extended time periods would help assess
how robust and scalable the proposed approach is.

Moreover, although the integration of clustering and hyperparameter optimization improves
predictive performance, it also introduces additional computational processes during the model
development stage. The clustering stage must be performed before classification, and the optimization
process requires multiple training iterations. However, these additional processes occur only during
model training and do not significantly affect the efficiency of the final prediction stage. Once the
optimal parameters are identified, the deployed model remains relatively lightweight and
computationally efficient, making it suitable for practical environmental data analysis scenarios.

5. CONCLUSION

This study evaluated a hybrid K-Means—Naive Bayes classification framework optimized using
Optuna for classifying global plastic waste management levels. The baseline Naive Bayes model showed
moderate performance and limited class discrimination due to heterogeneous data. The integration of
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K-Means clustering improved classification by forming more homogeneous class labels, resulting in
higher accuracy and better ROC-AUC performance.

Optuna-based hyperparameter optimization further enhanced model stability and increased
accuracy from 89% to 95%. These results demonstrate that combining clustering-based labeling with
automated optimization can significantly improve probabilistic classification on complex environmental
datasets. From an informatics perspective, this study provides a data-driven analytical approach that can
support environmental monitoring and decision-making related to global plastic waste management.
Future research may explore other algorithms and feature selection methods to further improve model
performance.
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