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Abstract— This research examines the factors influencing
waste generation in urban areas, with a focus on East Java, which
has experienced increased waste due to population growth and
urbanization. Using the Spearman correlation method, it was
found that unemployment (p = 0.87) and population (p = 0.865) are
significantly related to waste generation. However, HDI (p = -
0.152) and population density (p = -0.169) are uncorrelated with
waste generation. Furthermore, waste generation predictions will
be built using the Particle Swarm Optimization-Artificial Neural
Network (PSO-ANN) model. The modeling results showed that the
PSO-ANN architecture with one hidden layer achieved RMSE of
0.125 and MAE of 0.109, while the model with two hidden layers
achieved RMSE of 0.123 and MAE of 0.105. These findings
indicate that the two-hidden-layer PSO-ANN model is more
effective in predicting waste generation than the single-layer
model. This study recommends exploring alternative methods and
additional variables to provide a more comprehensive
examination and analysis of waste disposal management in the
future.

Keywords— Waste generation, Spearman correlation, PSO-
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l. INTRODUCTION

Waste, often defined as the material remaining from human
activities without further use [1-3], poses significant
environmental and management challenges, particularly in
urban areas. The quantity of waste generated varies
significantly across regions [4] due to differences in
consumption  patterns  influenced by  demographic,
socioeconomic, and environmental factors [5, 6]. The main
determinants of waste generation include population dynamics
(size, growth, density, and mobility), socioeconomic factors
(standard of living, economic development, and technological
progress), and environmental conditions (geography, climate,
and seasonal variations) [7-9]. These interrelated factors
collectively shape the composition and approach to waste
management globally.

As one of the provinces with a large population and dense
urbanization, East Java is among the provinces that generate the
most waste in Indonesia. During 2020, approximately 3.8
million tons of waste were produced in East Java. As much as
44.11% is household waste [10]. The growing volume of waste
certainly makes waste management a crucial issue that must be
taken seriously. This high volume of waste generated poses a

severe threat to waste management, especially in large cities
such as Surabaya, Sidoarjo, and Malang. This problem is
increasingly complex because several key factors influence it,
first, demographic factors such as population growth and high
levels of urbanization. Second, the composition of urban waste
is more diverse and complex than that of rural waste [11]. Third,
changes in consumption patterns in urban areas that differ from
those in rural areas [12]. Practical, focused waste management
policies need to be crafted to meet the community's needs [13].

Various studies have shown varying results regarding the
factors influencing waste generation. In Sumatra Island,
population density and waste generation show a positive
correlation [14], but this is not found in several developing
countries [15]. Education, employment, and knowledge factors
also have a significant influence, as seen in Gorontalo Regency
[16]. Meanwhile, research in Vietham shows no correlation
between income and waste generation [17], although other
studies have shown the opposite [18,19]. These differences in
research results indicate that the factors influencing waste
generation vary widely across regions and communities.

Although previous studies have identified key drivers of
waste generation, findings remain inconsistent across contexts.
This disparity highlights the gap in universal predictive models
and the need for localized, adaptive approaches. This study
addresses this gap by systematically analyzing the
socioeconomic and demographic factors affecting waste
generation in East Java and developing an optimized predictive
model using Particle Swarm Optimization-Artificial Neural
Network (PSO-ANN) to improve the accuracy of urban waste
management. In this context, the PSO-ANN approach offers a
promising solution for more accurately modeling and predicting
waste generation. This method combines the advantages of
particle optimization in finding the best solution with the ability
of artificial neural networks to handle complex data patterns.

1. LITERATURE REVIEW

A. Particle Swarm Optimization

Particle Swarm Optimization (PSO) is an optimization
technique that mimics social behavior, allowing the model to
efficiently explore the solution space by adapting and sharing
information between particles [20, 21]. On the other hand,
Artificial Neural Networks can learn from data and identify
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hidden patterns, making them highly effective in processing
non-linear data, which is often found in waste generation
analysis [22]. By combining PSO and ANN, this model will not
only increase the precision of waste generation prediction but
also provide a better understanding of the interactions among
factors that influence waste generation, such as demographics,
economics, and community behavior [23].

B. Related Research

Previous  studies have identified demographic,
socioeconomic, environmental, and behavioral factors as
determinants of waste generation. However, most of these are
descriptive and contextual, yielding inconsistent results across
regions, making it difficult to produce reliable, adaptive
predictive models. Commonly used analytical methods, such as
linear regression or simple correlation, are unable to capture the
non-linear relationships and complex interactions between
standard variables related to waste generation. The use of
Artificial Intelligence (Al), such as ANN (Analytical Network
Analysis), yields insignificant results compared to other
optimization techniques, such as PSO (Social Network
Analysis), for improving predictive performance, particularly
in Indonesia.

The application of PSO-ANN has been proven effective in
the context of waste management, as shown by [24], which
indicates that PSO-ANN can help formulate targeted
management policies by considering the complex factors that
influence waste generation. Further research suggests that PSO-
ANN can be utilized to predict waste generation with high
accuracy, which is crucial in waste management planning [25].
Case studies in various countries [26] show that this model can
improve the efficiency of waste management in urban areas.
PSO produces better predictions compared to conventional
methods [27], while [28] and [29] emphasized the importance
of multidimensional data integration to improve prediction
accuracy. Therefore, PSO-ANN is expected to bring positive
changes to waste management by providing a more powerful
tool for predicting and responding to challenges in this field
[30].

The combination of these approaches strengthens the
argument that PSO-ANN is a valuable tool for addressing the
increasingly complex challenges of waste management. The
first step in determining policies for waste management and the
environment in the targeted area is analyzing the dominant
factors driving waste generation [31]. These dominant factors
serve as a basis for forecasting future waste generation,
financial planning, and the design of waste management
facilities. Effective waste management enhances the
community's standard of living and contributes to sustainable
development.

This study addresses this gap by systematically analyzing
the locally relevant dominant factors in East Java and
developing a PSO-ANN-based predictive model. This model is
better at adapting to data complexity and spatial variation.
ANN's ability to recognize non-linear patterns, combined with
PSO's effectiveness in exploring optimal solutions, yields more
accurate outputs than conventional approaches and enables
practical implementation in data-driven waste management
policies.

I1. METHODOLOGY

This study aims to develop a waste generation prediction
model using an ANN optimized with PSO as illustrated in Fig.
1. The main objective is to identify the determinants of waste
generation through statistical analysis and build a predictive
model with ANN-PSO optimization to improve accuracy. The
results are expected to form the basis for recommendations for
data-based waste management policies.
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Fig. 1. Research Methodology.

The research begins with the identification of the dominant
variables that influence waste generation, based on literature
reviews and preliminary analysis. Furthermore, data on these
variables are collected from relevant sources. The acquired data
then undergoes preprocessing, including outlier handling,
normalization, and feature selection, to ensure data quality.
Next, the data is split into training and test sets at a specific ratio
for model training and validation. The next stage involves
determining the ANN architecture, including selecting the
number of layers and neurons, and then optimizing using the
PSO algorithm to obtain optimal parameters, such as the
learning rate, batch size, and the optimal number of neurons.
The next step is to evaluate the built model's performance using
test data using RMSE, MAPE, and MAE. The evaluation results
are further analyzed to assess the model's reliability in
predicting waste generation. This research is anticipated to
generate a precise and robust prediction model and to provide
policy recommendations based on analysis findings.

A. Data Collection and Preprocessing

This research used secondary data from Badan Pusat
Statistik (BPS) and the Sistem Informasi Pengelolaan Sampah
Nasional (SIPSN). This study uses data gathered from 2018 to
2023. The following data were collected in this study.

1) Amount of waste generation: average waste generation
daily (tons per year).

2) Unemployment: number unemployed of population over
15 years old.

3) Population (thousand people).
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4) Income: average monthly net income of informal
workers based on the highest education level (Rp).

5) Low-income households: number of low-income
families by regency/city in East Java (Thousand
People).

6) Population density (per km?).

7) Human Development Index (HDI).

One of the significant challenges in using real-world
datasets is handling outliers and missing values. Outliers are
data points that are distant from the others, and missing values
indicate missing data for an unknown reason. Both outliers and
missing values can significantly influence analysis and
modeling of the data if not appropriately handled. The data
collected then proceeds to the preprocessing stage. At this stage,
the data is examined for outliers and noise, then normalized,
and checked for incomplete data (missing values). Data
cleaning and handling of incomplete data is carried out to
increase the veracity of the prediction results in the next stage.
Incomplete data can reduce the accuracy of the prediction
model [32].

Several methods can be used to identify outliers in the data.
In this study, boxplots will be used to identify observations
outside the interquartile range (1.5 times the interquartile range
or 3 times the interquartile range if extreme outliers are
found)—and to predict missing values using a regression or
correlation model based on other variables. However, the risk
of overfitting may arise if the model is too complex or there are
many missing values. Another approach is to create multiple
"plausible” complete data sets by inputting missing values
numerous times based on the estimated distribution. This
method is considered more robust to missing-value
mechanisms.

B. Spearman Correlation Analysis

The preprocessed data were then analyzed using the
Spearman correlation technique. Spearman's Correlation is
used to determine the interrelation between two variables when
the data scales of both variables are at least ordinal [33]. This
correlation analysis is included in the nonparametric analysis
because the data are not normally distributed. Like the Pearson
Correlation, the relationship between two variables must go
through a series of testing stages. The testing stages carried out
are the same as those in Pearson's Correlation: determining the
hypothesis, determining the alpha level, calculating the test
statistic, determining the critical region, making decisions, and
drawing conclusions. If Pearson Correlation must meet the
requirements of data distribution, namely normal distribution,
Spearman Correlation does not require it [34]. In this Spearman
correlation, the critical area used is to compare the test statistics
with the p table (for Spearman correlation).

Spearman correlation coefficients are calculated to
determine the correlation between each variable and waste
generation. The correlation coefficient p provides an overview
of the strength and direction of the relationship among these
variables. Furthermore, the results will be interpreted to identify
which factors are significantly associated with waste
generation.

C. Building the PSO-ANN Model

After identifying the dominant variables that significantly
influence waste generation, the next step is to predict waste
generation using the PSO-ANN model. The process begins by
configuring a neural network, which includes defining the
architecture, such as the quantity of hidden layers, the number
of neurons, and the activation functions to be implemented.
Before the model can be trained, the available data must be split
into training and test sets. Using a ratio of 80% for data training
and 20% for data testing. Training data will be used to "teach”
the model. In contrast, testing data will assess the model's
performance on unfamiliar data, ensuring it generalizes
effectively. In addition, the PSO algorithm is used to optimize
the ANN's parameters and determine the most effective ones.
Following this, the model is trained on the prepared training
data and then validated on test data to evaluate its performance.

D. Model Evaluation

This section discusses the predictive model's performance
assessment. This assessment is crucial to understanding the
model's estimated waste output. Testing is performed using
validation data (20%) that was not used during model learning.
This method guarantees an unbiased evaluation of the model's
ability to extrapolate its understanding to novel, unfamiliar
data.

To quantitatively measure the accuracy and dependability
of the model, three crucial performance indicators are utilized:

1) Root Mean Square Error (RMSE): This metric is used
to evaluate the accuracy of predictive models. It
measures the difference between the model's predicted
values and the actual values. RMSE gives greater weight
to large deviations, so a lower RMSE value indicates
better model estimation accuracy.

2) Mean Absolute Error (MAE): MAE measures the
median of the absolute values of the deviations between
the model's forecast results and the actual observations.
This metric is less susceptible to outliers than RMSE. A
smaller MAE value indicates greater prediction
precision.

3) Mean Absolute Percentage Error (MAPE): MAPE
presents the median error in a percentage format. This
indicator is handy for assessing the model's relative
accuracy compared to the actual value. A lower MAPE
indicates better model performance in estimating
percentages.

A careful analysis of these three indicators enables a
comprehensive evaluation of the PSO-ANN model's
performance. If an error occurs, the study will assess the extent
to which it affects the model's reliability and predictive
accuracy of waste generation.

V. RESULTS AND DISCUSSION

This section will cover the findings of the analysis
conducted to identify the relationships among variables that
affect waste generation using Spearman's correlation, as well as
the implementation of the PSO-ANN algorithm to improve
prediction accuracy. This analysis was carried out in two main
stages: a statistical examination of data distribution and
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correlation patterns, followed by a machine learning-based
modeling stage using PSO-ANN. The goal is not only to
understand the underlying data relationships but also to test the
effectiveness of predictive algorithms in real-world socio-
environmental contexts. Before conducting a correlation
analysis, a crucial initial step is to understand the distributional
characteristics of each research variable. Every variable has
been standardized using Min-Max scaling to equalize the data
to a scale of 0 to 1. Distribution visualization is done using a
boxplot (Fig. 2).

From the boxplot analysis in Fig. 2, several important
observations can be drawn:

1) Distribution Asymmetry (Skewness): Most variables
show asymmetric distributions. Variables such as
'Waste  Generation,” 'Population  Density,” and
'‘Unemployment' tend to have distributions skewed to
the right (positive skew), indicating a concentration of
data at lower values and a 'tail’ towards higher values. In
contrast, 'HDI' and 'Income’ distributions tend to be
more symmetric with some deviations. This condition
indicates that the assumption of univariate normality is
not fully met for at least one variable.

2) Presence of Outliers: The boxplot identifies the
presence of outliers in several variables. Specifically,
'Waste Generation,' 'HDI," 'Population,' 'Income,' and
‘Unemployment' each show several data points that fall
far outside the interquartile limits (IQR), indicating
extreme values. These outliers can significantly affect
the estimation of statistical parameters, including
correlation coefficients. These outliers may also
influence the accuracy of machine learning models used
in the next stage, as extreme values can distort the
learning process and increase prediction errors,
particularly in RMSE and MAE metrics. Therefore,
their presence should be taken into account when
interpreting model performance results.

Boxplot Semua Variabel (Setelah Normalisasi Min-Max)
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Fig. 2. Boxplot of normalized variable distribution.
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Fig. 3. Correlation value of each independent variable to the dependent
variable.

The non-normal distribution of the data and the presence of
outliers, as identified in the boxplot, have significant
implications for selecting correlation analysis methods. Given
these conditions, where many variables exhibit skewness and
the presence of outliers, this analysis will use Spearman's
Correlation (p) as the primary method to measure the
relationship between variables. The selection of Spearman'’s
Correlation is based on its nonparametric nature, which does
not require normality assumptions and is less sensitive to
outliers because it uses ranks rather than raw values. This
approach is thought to offer a more robust and accurate
representation of the magnitude and orientation of the
monotonic relationship among variables in this dataset.

The results of the Spearman correlation analysis of
numerous socioeconomic variables and waste production in
Fig. 3 show that unemployment and population variables
exhibit strong positive linear relationships with waste
generation, with correlation coefficients of 0.870 and 0.865,
respectively. That result suggests that increases in both
variables significantly contribute to increased waste volume. In
addition, the low-income household variable shows a moderate
positive correlation (p = 0.652), indicating that an increase in
the number of poor households is associated with higher waste
volumes. However, the impact is smaller than that of
unemployment and population. The lowest correlation is
observed with the income variable, which has a value of 0.123.
HDI and population density have a higher correlation than
income, with respective values of 0.152 and 0.169. However,
the difference between HDI and population density, in terms of
the income variable and the other three variables with high
correlations, lies in their negative correlation with waste
generation. Specifically, the higher the HDI and population
density in an area, the lower the waste production in that area.
However, both have similarities, but they do not correlate with
waste generation. These results highlight the importance of
focusing on unemployment and population as the primary
socioeconomic factors contributing to waste generation.
Policymakers may benefit from targeting interventions or
programs that address these variables in urban planning and
sustainability strategies. Thus, the variables selected for further
analysis are unemployment, population, and low-income
households.
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TABLE I. VARIATIONS IN MODEL PERFORMANCE BASED ON DIFFERENT
HYPERPARAMETERS FOR ONE HIDDEN LAYER

n-th
Particle RMSE
1 Number of Neuron: 78 0.125
Learning rate: 0.041
Batch size: 32
2 Number of Neuron: 38 0.135
Learning rate: 0.093
Batch size: 32
3 Number of Neuron: 64 0.127
Learning rate: 0.611
Batch size: 32
4 Number of Neuron: 58 0.128
Learning rate: 0.038
Batch size: 64
5 Number of Neuron: 85 0.134
Learning rate: 0.052
Batch size: 64
6 Number of Neuron: 44 0.130
Learning rate: 0.046
Batch size: 64

MAPE | MAE
34.5% | 0.109

Hyperparameter

37.6% | 0.115

32.5% | 0.107

31.8% | 0.110

37.7% | 0.112

33.5% | 0.113

Next, an analysis was performed to assess the impact of
independent variables on waste generation using the PSO-ANN
method. Previously, correlation analysis showed that only three
variables—unemployment, population, and low-income
households—were highly or moderately correlated with waste
generation. Therefore, these variables were selected as inputs
for the PSO-ANN model to improve prediction accuracy and
gain a deeper understanding of the relationships among these
variables and waste generation. The outcomes of the PSO-ANN
modeling with one hidden layer, as presented in TABLE I,
demonstrate differences in model performance across various
hyperparameters, specifically the number of neurons, learning
rate, and batch size. Six particles will be used in this analysis.

Based on the results of the experiments, each particle with
a different hyperparameter combination produces a different
level of accuracy. The 1st particle with 78 neurons, a learning
rate of 0.041, and a batch size of 32 shows quite good
performance with an RMSE of 0.125, a MAPE of 34.5%, and
an MAE of 0.109. The 3rd particle with 64 neurons and a higher
learning rate (0.611) achieves an RMSE of 0.127 and the lowest
MAPE of 32.5%, indicating that a larger learning rate can help
improve model accuracy. Meanwhile, the 2nd particle with 38
neurons and a learning rate of 0.093 produces a slightly higher
error (RMSE 0.135, MAPE 37.6%). On the other hand, the 4th
and 6th particles, with a batch size of 64, show relatively stable
results, with MAPEs of 31.8% and 33.5%, respectively. The 5th
particle with 85 neurons has the highest MAPE of 37.7%,
indicating that a larger number of neurons does not always
guarantee better performance. The combination of the 3rd and
4th particles yields optimal results. At the same time, the effect
of batch size on accuracy is not very significant compared to
variations in learning rate and number of neurons. The 3rd
particle is the most optimal overall because it has the lowest
MAE, the second-best MAPE, and a low RMSE. This balanced
combination of values shows that the third particle performs
best at predicting data, even though its learning rate (0.611) is
very high, which risks causing training instability
(overshooting).

TABLE Il VARIATIONS IN MODEL PERFORMANCE BASED ON
DIFFERENT HYPERPARAMETERS FOR TWO HIDDEN LAYERS
n-th
Particle Hyperparameter RMSE | MAPE MAE
1 Number of Neuron: 97 0.123 35.2% 0.105

Learning rate: 0.029
Batch size: 32
2 Number of Neuron: 47 0.124
Learning rate: 0.005
Batch size: 32
3 Number of Neuron: 38 0.132
Learning rate: 0.033
Batch size: 32
4 Number of Neuron: 44 0.130
Learning rate: 0.046
Batch size: 64
5 Number of Neuron: 54 0.128
Learning rate: 0.020
Batch size: 64
6 Number of Neuron: 87 0.129
Learning rate: 0.073
Batch size: 64

34.2% 0.108

31.4% 0.109

33.5% 0.113

34.2% 0.109

32.4% 0.108

The results of the PSO-ANN model with two hidden layers,
presented in TABLE II, show variations in model performance
across different hyperparameter settings. Based on the
experiments, the six particles showed quite diverse
performance in terms of prediction accuracy. The 1st particle
with 97 neurons, a learning rate of 0.029, and a batch size of 32
delivered the best results, with the lowest RMSE of 0.123 and
the lowest MAE of 0.105, although its MAPE was relatively
high at 35.2%. Meanwhile, the 3rd particle had the lowest
MAPE value of 31.4% but was accompanied by a higher RMSE
of 0.132. The 4th and 5th particles, with a batch size of 64,
demonstrated stable performance, with an RMSE of
approximately 0.130 and a MAPE of 33-34%.

Meanwhile, the 6th particle, with the second-largest
combination of neurons (87) and the highest learning rate
(0.073), produced an RMSE of 0.129 and an MAPE of 32.4%,
indicating that increasing the learning rate and the number of
neurons do not constantly significantly improve accuracy. That
statement suggests that the optimal parameter combination does
not necessarily arise from a single fixed configuration. Instead,
it requires a balance between absolute accuracy (RMSE and
MAE) and relative percentage error (MAPE). Overall, these
results indicate that the number of neurons and learning rate
affect model performance, but not necessarily in a linear
manner, with the best MAPE achieved by particles with the
fewest neurons. Although error metrics are within the
acceptable range, further evaluation, such as residual analysis,
is recommended to examine potential systematic bias in the
model. Uneven distribution of residuals might indicate
underfitting, overfitting, or missing explanatory variables.

Based on the findings above, the most suitable particle is the
1st particle, as it has the lowest RMSE (0.123), indicating the
least overall model prediction error. In addition, the 1st particle
also has the lowest MAE (0.105), which means the smallest
absolute average mistake among all experiments. Although the
MAPE of the 1st particle is 35.2%, which is not the lowest (the
3rd particle has a MAPE of 31.4%), this value is still within a
reasonable range and not too far from the best MAPE. For the
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3rd particle, which has the smallest MAPE, the RMSE value is
higher (0.132), and the MAE is also not as good as the 1st
particle. In the context of predictive model optimization, the
first particle provides the best balance between absolute and
relative errors, making it the optimal configuration among the
six experiments.

When comparing the two architectures, the two-hidden-
layer configuration (1st particle) slightly outperforms the best
one-hidden-layer model (3rd particle) in terms of RMSE and
MAE. However, the one-hidden-layer model yields a lower
MAPE, which may indicate improved relative predictive
capability. Those results suggest that while deeper networks can
enhance prediction performance, the benefit might be marginal,
depending on the metric used.

To further assess the robustness of the models, residual
analysis was performed. Residuals, defined as the difference
between actual and forecast values, help identify trends in
prediction errors. An ideal residual distribution should be
random, with no observable patterns or trends. In this study, the
residuals of the best-performing two-hidden-layer model (1st
particle) were plotted and examined. The residuals appeared
evenly distributed around zero, with no indication of
heteroscedasticity or systematic bias. This finding supports the
model's generalization capability and suggests it did not suffer
from significant underfitting or overfitting.

From a practical perspective, these findings have important
implications for urban environmental policy. Forecasting waste
production using  socioeconomic  factors, such as
unemployment and population, provides policymakers with a
data-driven foundation for designing targeted interventions. For
instance, regions with high unemployment rates may need
additional waste management infrastructure. Despite the
promising results, the current study has limitations. The dataset
is relatively small and does not capture spatial-temporal
dynamics, which could be crucial for enhancing prediction
accuracy. Future work should incorporate additional contextual
data, such as seasonal patterns and policy variables, and
experiment with hybrid modeling approaches to further
improve generalization.

Although the PSO-ANN framework demonstrates
competitive performance, the error levels indicate room for
improvement through more complex model architecture,
regularization, or feature engineering. Future studies may also
explore ensemble models or hybrid approaches to further
reduce prediction error.

V. CONCLUSION

This research emphasizes the impact of unemployment,
population, and poverty on waste generation, with strong
positive correlations observed through Spearman's analysis.
Using these variables as inputs, the PSO-ANN model was
applied and evaluated with different configurations. The model
with two hidden layers yielded the best performance (RMSE
0.123, MAE 0.105). Those results suggest that while deeper
networks can enhance prediction performance, the benefit
might be marginal, depending on the metric used. However,
overall error rates suggest limited accuracy, particularly in
unemployment and population data, due to the presence of

outliers. These outliers likely disrupted the learning process,
underscoring the need for more effective data preprocessing
techniques.

The findings of this study contribute significantly to the
formulation of more effective urban environmental policies.
The model's ability to predict waste generation based on key
socioeconomic variables, such as the unemployment rate,
population density, and income, enables local governments to
allocate resources more efficiently. For example, areas with
high unemployment rates tend to generate more household
waste due to limited access to paid waste management services
or low environmental awareness. Therefore, the government
can design policies that prioritize the construction of new waste
management facilities in areas with high unemployment rates,
which are often characterized by high population density and
low compliance with waste reduction practices. This can
include increasing the number of temporary landfills (TPS) or
launching recycling training programs that involve local
communities to join waste bank while reducing waste
generation. Furthermore, educational strategies and economic
incentives for densely populated households to compost
independently, or plastic reduction campaigns in areas with
predicted high inorganic waste generation, thus supporting
more targeted and sustainable facility planning, budget
allocation, and education programs.

While the prediction results demonstrate promising
performance, this study does have notable limitations. The
dataset is relatively small and inadequately captures the spatial-
temporal dynamics that often drive fluctuations in waste
generation, such as seasonal differences and the impact of
specific local government policies. This underscores the
importance of further research that integrates additional
contextual data, including seasonal patterns, regional waste
management policy data, and environmental variables such as
rainfall and temperature. Furthermore, experimenting with
hybrid modeling approaches, such as combining machine
learning with spatial econometric methods or time-series
analysis, could further enhance the generalizability of
predictive models. These efforts are expected not only to
improve the technical accuracy of the models but also to
strengthen the relevance of data-driven policies for sustainable
urban environmental management.

Future work should focus on improving data quality,
applying robust preprocessing (e.g., outlier handling), and
exploring advanced models such as ensemble methods or
deeper architectures. Incorporating additional variables (e.g.,
policy factors, urbanization) and enhancing model validation
strategies are also recommended to improve generalizability
and predictive power.
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