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Abstract
The existing surge in municipal waste generation (MWG), characterized by swiftly changing and uncontrollable factors, 
poses a significant challenge to sustainable development. This prompted the need for improved predictive models to guide 
strategic waste management within the circular economy framework. This study aims to develop a predictive model using 
multi-expression programming (MEP) to assess MWG. The model was developed using historical data on socioeconomic 
and environmental factors and validated via comparative analyses with artificial neural network (ANN), random forest (RF), 
and multiple linear regression (MLR) using various evaluation metrics. The parametric and sensitivity analyses of the MEP 
model were also conducted. The MEP, ANN, RF, and MLR models have a coefficient of determination (R2) (for testing 
datasets) of 0.977, 0.974, 0.957, and 0.964, respectively. The MEP model is superior in terms of accuracy and performance 
for the prediction of MWG when compared to the other three models. The sensitivity analysis revealed the relative impor-
tance of each input variable in the established MEP model. The novelty of this research lies in the application of MEP to 
predict MWG and the formulation of a new mathematical model that links socioeconomic and environmental factors with 
MWG. The model can be used by waste management authorities to optimize waste collection, transportation, and disposal 
infrastructure for an effective circular economy and sustainable development. This model also aids in the development of 
effective waste management policies.
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Introduction

Municipalities are increasingly focused on sustainable waste 
management practices to alleviate the burden on landfills 
and promote resource efficiency as global environmental 
concerns escalate (Dobre-Baron et al. 2022). The release 
of toxins from landfills negatively affects the well-being 
of nearby residents and living organisms. Certain waste 
requires more than 500 years to decompose, and the increas-
ing human population, rapid urbanization, and flourishing 
economy contribute to increasing waste generation that out-
paces natural decomposition (He et al. 2022). The transition 
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toward a circular economy has emerged as a pivotal strategy 
to address the challenges associated with municipal waste 
generation (MWG). In the pursuit of sustainable develop-
ment, the circular economy has emerged as a promising 
paradigm that emphasizes resource efficiency, waste reduc-
tion, and the promotion of closed-loop systems (Petković 
et al. 2021).

According to the Organization for Economic Coopera-
tion and Development (OECD), municipal waste refers to 
waste collected by municipal authorities or on their behalf. 
This category encompasses various waste types, including 
household waste, bulky waste, and waste from commercial 
establishments, office buildings, institutions, and small busi-
nesses (OECD 2024). A circular economy is well known 
to have the potential to enhance resource productivity and 
eco-efficiency, restructure environmental management prac-
tices, and promote sustainable development. In a circular 
economy, the emphasis is on sustainable waste management 
practices, which include reducing, reusing, recycling, and 
recovering resources from waste (Kubule et al. 2019).

Accurate estimation of future waste generation quanti-
ties is crucial for planning and implementing effective waste 
management strategies that align with circular economy 
principles. It empowers authorities and organizations to 
devise systems fostering resource efficiency, reducing envi-
ronmental impact, and actively contributing to the overall 
objective of establishing a more sustainable and circular 
approach to the management of waste (Jäämaa and Kaipia 
2022). A surge in MWG poses a significant challenge to 
sustainable development, prompting the need for improved 
predictive models to guide strategic waste management 
within the circular economy framework. Nevertheless, pre-
dicting MWG is often challenging, characterized by swiftly 
changing and uncontrollable factors (Abbasi and El Hanan-
deh 2016). Despite the growing recognition of the circular 
economy’s potential to mitigate waste-related environmental 
impacts, there is a critical gap in the ability to accurately pre-
dict MWG using a mathematical model. This problem state-
ment highlights the need to develop a mathematical model 
using multi-expression programming (MEP) to reveal the 
intricate relationship and importance of socioeconomic and 
environmental factors in MWG patterns within the circular 
economy.

Addressing this gap is imperative for optimizing resource 
use, minimizing environmental degradation, and propelling 
the circular economy toward its objectives of sustainable 
and efficient waste management. The model aids decision-
making and allows policymakers to address waste generation 
at its roots with targeted initiatives (Oliveira et al. 2019). 
Predicting waste generation quantities aids in determin-
ing optimal waste management strategies and supports 
decision-makers in updating legal acts and regulations (Liu 
et al. 2021). The application of machine learning is crucial 

in addressing problems related to waste management due 
to its ability to solve complex, nonlinear, and multifaceted 
problems. It offers advantages over conventional statistical 
models, such as the ability to learn from past data, identify 
patterns, and make accurate predictions (Bijos et al. 2022). 
The application of MEP in MWG prediction is justified by 
its capability to generate interpretable mathematical expres-
sions that directly depict the relationship between input and 
output variables, in contrast to black-box models (ANN, 
SVM, RF, etc.) (Jaf et al. 2024). It is also capable of address-
ing nonlinear correlation, unlike linear regression models. 
MEP efficiently explores near-optimal solutions by generat-
ing several expressions (Iqbal et al. 2021).

This study aims to develop a mathematical model using 
MEP to predict the municipal waste generated using socio-
economic and environmental factors as input variables. The 
objectives of this study include (i) to develop a predictive 
model using MEP and compare its performance with arti-
ficial neural network (ANN), random forest (RF), and mul-
tiple linear regression (MLR) based on different evaluation 
metrics; (ii) to determine the relationship between the input 
variables (socioeconomic and environmental factors) and 
MWG using parametric analysis; and (iii) to determine the 
relative importance and contribution of each input variable 
in the established MEP model using sensitivity analysis. The 
comprehensive analysis of this study contributed to existing 
research by developing a novel mathematical expression for 
MWG predictions and holistically examining the importance 
and complex relationship of the factors that have not been 
addressed before using MEP.

Literature review

In the 1990s, municipal waste in the OECD area increased 
by 19%, closely trending with the growth in private con-
sumption expenditure (33%) and gross domestic product 
(GDP) (31%). In 2006, the total quantity of municipal waste 
generated exceeded an estimated 650 million tonnes (OECD 
2015). However, this upward trend of MWG is attributed 
to rapidly fluctuating and unpredictable factors (Fan et al. 
2021). This has culminated in various researches in control-
ling the dynamic nature of MWG at different granularities or 
time scales such as daily, monthly, and yearly intervals using 
different predictive models.

ANN was applied by Puntarić et al. (2022) to develop a 
predictive model for household and similar waste generation. 
The model was built using socio-demographic character-
istics, economic data, and industrial information gathered 
from Croatia and EU countries. Multivariate linear regres-
sion and additive models were developed by He et al. (2022) 
to establish connections between MSW generation, com-
position, recovery rates, and factors such as demographics, 
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economic development, and climate patterns across various 
cities and regions. Kulisz and Kujawska (2020) took into 
account various social and economic indicators, including 
population size, per capita income, the ratio of employment 
to population, and types of business activities as input vari-
ables for the ANN model they developed to predict MWG in 
Poland. The study by Ribic et al. (2019) involved the appli-
cation of socioeconomic indicators, including total tourist 
numbers, total households, and salaries, as independent vari-
ables in the development of a prediction model for waste 
management in Croatia using ANN. In the study of Paul-
auskaite-Taraseviciene et al. (2022), a k-nearest neighbors 
(KNN) model was created to forecast municipal solid waste 
in Lithuania, using socioeconomic and geographical factors 
like population density, GDP per capita, private property, 
foreign investment per capita, and tourism as input variables.

Li and Ma (2019) used an Elman neural network (ENN) 
with input variables including population, passenger vol-
ume, GDP, total investment in fixed assets, urban residents’ 
consumption level, and the electricity consumption of the 
entire society to predict MWG. Also, factors such as GDP, 
urban population growth, and energy consumption in China 
were employed by Chhay et al. (2018) to predict MWG. 
They applied linear regression, gray model, and ANN in 
developing the MWG prediction models. ANN was also 
employed by Antanasijević et al. (2013) in their study to 
forecast the MWG for Bulgaria and Serbia. They used GDP 
per capita, domestic material consumption (DMC), and 
resource productivity as the input parameters.

Rosecký et al. (2021) considered socioeconomic and 
demographic variables, including age, education level, 
expenditures, and population density, as factors influencing 

MWG. In Fan et al.’s (2021) study, input variables such 
as the amount of rainfall, maximum temperature, average 
temperature, population, household size, educated indi-
viduals, GDP, and income were used for predicting MWG. 
The summary of factors influencing MWG from previous 
studies is provided in Table 1.

Contemporary waste management models mentioned 
in the literature include ANN (Oliveira et al. 2019), KNN 
(Paulauskaite-Taraseviciene et al. 2022), backpropagation 
ANN (BP-ANN) (Antanasijević et al. 2013), random for-
est (RF) (Rosecký et al. 2021), support vector regression 
(SVR) (Liu et al. 2021), generalized regression neural net-
work (GRNN) (Antanasijević et al. 2013), ENN (Li and 
Ma 2019), and MLR (Rosecký et al. 2021).

MEP has been used in different fields such as supplier 
selection (Fallahpour et al. 2017) and sustainable utili-
zation of foundry waste (Iqbal et al. 2021). MEP is an 
evolutionary method that evolves multiple solutions in 
each chromosome, and the best solution is chosen. This 
is known as intrinsic parallelism and is a unique feature 
of MEP (Jaf et al. 2024). This feature does not make MEP 
more complex than genetic programming or gene expres-
sion programming. This method can identify underlying 
patterns from historical data, allowing for accurate predic-
tions of future waste (Abdalla and Salih 2022). Nonethe-
less, there is a scarcity of studies utilizing MEP to fore-
cast the MWG based on socioeconomic and environmental 
factors. To bridge this research gap, this study suggests 
employing MEP to develop a mathematical model cap-
turing the complex relationship between input and output 
variables. Furthermore, it is imperative to evaluate the per-
formance and accuracy of the proposed model.

Table 1   Summary of factors influencing MWG

POP, population; GDP, gross domestic product; RP, resource productivity; DMC, domestic material consumption; T, temperature; EC, energy 
consumption; EL, educational level; R, rainfall; TBA, types of business activities; I, income; To, tourist; UE, unemployment rate; UR, urbaniza-
tion rate

Authors POP GDP RP DMC T EC EL R Age I TBA To UE UR

Rosecký et al. (2021) ✓ ✓ ✓
Fan et al. (2021) ✓ ✓ ✓ ✓ ✓
He et al. (2022) ✓ ✓ ✓ ✓ ✓
Kulisz and Kujawska (2020) ✓ ✓ ✓
Ribic et al. (2019) ✓ ✓ ✓ ✓ ✓
Paulauskaite-Taraseviciene et al. (2022) ✓ ✓ ✓ ✓
Li and Ma (2019) ✓ ✓ ✓ ✓ ✓ ✓
Chhay et al. (2018) ✓ ✓ ✓ ✓
Antanasijević et al. (2013) ✓ ✓ ✓
Liu et al. (2021) ✓ ✓ ✓ ✓ ✓ ✓
Keser et al. (2012) ✓ ✓ ✓ ✓ ✓ ✓ ✓
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Methodology

Case study: Japan

Japan is an East Asian nation with 1719 municipalities and 
a population of about 127 million. It covers a total land area 
of 377,974 km2 and experiences a climate spectrum ranging 
from humid continental in Hokkaido to humid subtropical 
in parts of Honshu and Okinawa Prefectures. The nation 
boasts a well-established and diverse economy (Inoue 2022). 
Japan serves as a case study in this research owing to its rich 
availability of reliable and detailed data, crucial for building 
precise predictive models. Japan implements diverse waste 
management methods, such as recycling, composting, and 
waste-to-energy incineration, facilitating an exploration 
of their effects on waste generation rates (Yano and Sakai 
2016). The insights gained from this case study have the 
potential to enhance the development of more efficient waste 
management strategies worldwide.

Data collection

For a thorough understanding and prediction of MWG 
within the framework of the circular economy, it is crucial 
to collect data and information on factors that impact MWG. 
The literature provides relevant factors, such as population, 
GDP, DMC, urbanization rate (UR), and average air temper-
ature, as input variables for the development of a predictive 
model for MWG. These factors are considered in this study 
because they are the most commonly studied and highly 
influential factors in MWG, as supported by the analysis of 
previous research (as shown in Table 1). The definitions of 
these factors are provided in Table 2.

The accessibility and availability of data for other poten-
tial factors constrained their inclusion. This study focused 
on using socioeconomic factors (such as population, GDP, 
DMC, and UR) and environmental factors (average air tem-
perature) as the input variables. The data for the input vari-
ables, except DMC, were collected from the World Bank’s 
data bank, while the annual municipal waste generated 

(output variable) and DMC were collected from the OECD’s 
data bank. Table 3 presents the annual collection of these 
data from 1985 to 2019. Data after 2019 were not avail-
able yet at the World Bank’s data bank and OECD’s data 
bank. This is not a problem in this study because it aimed 
to develop an associative prediction model where a set of 
input variables is used to predict an output variable regard-
less of time factors. It is not about time series prediction that 
requires the usage of data from the latest years.

The mean, range, median, standard deviation (SD), coef-
ficient of variation (COV), kurtosis, and skewness are pre-
sented as the statistical analyses of the variables in Table 4. 
The collected data of population, DMC, temperature, and 
UR between 1985 and 2019 are illustrated in Fig. 1a. The 
graphical representations of the collected data for GDP and 
MWG are presented in Fig. 1b. These data were divided into 
training and testing datasets at 80% and 20% respectively to 
prevent overfitting of the model (Hoy et al. 2022). This helps 
to ensure that the model generalizes well to unseen data, as it 
is tested on data not used during training. The performance 
of both the training and testing datasets was examined to 
ensure better generalization (Hoy et al. 2022).

Machine learning algorithms

Multi‑expression programming (MEP)

Linear chromosomes are employed by MEP to code com-
puter programs (CPs). Several CPs can be coded into single 
chromosomes (Oltean and Dumitrescu 2002). The optimum 
CPs are selected to represent the chromosome by assess-
ing the fitness values of these solutions. The population 
of CPs is randomly generated at the commencement of an 
MEP algorithm (Wang and Yin 2020). A binary tourna-
ment process is then used to choose two parents, who are 
then subjected to recombination with a consistent crossover 
probability. This recombination yields two offspring. The 
offspring undergo mutation, and the best offspring in the 
current population replace the worst offspring. These steps 
are iteratively repeated to develop the best CPs until the 
termination criterion is fulfilled (Fallahpour et al. 2021). 

Table 2   Definitions of the input variables used in this study

Factors Definition

Population The total number of residents in a specific area, regardless of their legal status or citizenship (WorldBank 2024)
GDP The sum of gross value added by all resident producers in the economy plus any product taxes and minus any subsi-

dies not included in the value of the products (WorldBank 2024)
DMC The amount of materials (in terms of weight) used in an economy, i.e., resources extracted or harvested in the coun-

try, plus materials and goods imported, excluding materials and products exported (OECD 2024)
Average air temperature The temperature of the air near the surface of the earth at 2 m above the ground or ocean surface (WorldBank 2024)
UR Refers to the percentage of people living in urban areas (WorldBank 2024)
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Figure 2 depicts the steps involved in MEP. The MEP genes 
are depicted as sequences of expressions, and the number of 
these genes is determined by the chromosome length, which 
remains constant throughout the computation. For an elabo-
rate explanation of the MEP algorithm, readers can refer to 
the research of Oltean and Dumitrescu (2002).

In this study, the MEP model was developed using 
an open-source modeling software called MEPX with a 
2023.4.3.0-beta version. The parameters used to develop 
the MEP model in this study are indicated in Table 5. 
Function sets such as addition ( +), subtraction ( − ), mul-
tiplication ( × ), division ( ÷ ), power (^), square root ( 

√
 ), 

and natural logarithm (Ln) were used and selected via a 
trial-and-error approach. The random numbers between 
the range of − 10 and + 10 were also used through a trial-
and-error approach. This range was chosen to promote 
diversity and prevent numerical instability in some of the 
mathematical expressions that might result in overflows 
or underflows during computation. The best CPs were 
evaluated using mean squared error (MSE) as the fitness 
function. MSE is commonly used as a fitness function in 
MEP because it emphasizes larger errors, making it suit-
able for most regression tasks (Montgomery and Runger 
2018). The parameters used to develop the MEP model, as 

Table 3   Japan’s annual data 
collected for MWG and 
its factors (obtained from 
WorldBank (2024) and OECD 
(2024))

Year Population (million) GDP 
(billion in 
USD)

DMC 
(tonnes/
capita)

Temperature (°C) UR MWG (thou-
sand tonnes/
year)

1985 120.837 1427.020 11.466 15.18 0.767 42,093.99
1986 121.482 2120.084 11.764 14.67 0.768 43,395.95
1987 122.069 2580.748 11.907 15.60 0.770 45,374.61
1988 122.578 3125.724 12.654 14.80 0.771 47,495.99
1989 123.069 3109.455 12.925 15.78 0.772 49,349.10
1990 123.478 3185.905 14.042 16.49 0.773 50,256.63
1991 123.964 3648.066 14.144 15.70 0.775 51,132.00
1992 124.425 3980.703 13.733 15.49 0.776 50,902.94
1993 124.829 4536.940 13.466 14.93 0.777 51,267.90
1994 125.178 4998.798 13.750 16.38 0.779 51,800.00
1995 125.472 5545.564 13.683 15.55 0.780 52,224.00
1996 125.757 4923.392 13.908 15.13 0.781 52,908.00
1997 126.057 4492.449 13.811 15.86 0.783 53,098.00
1998 126.400 4098.363 13.006 16.23 0.784 53,605.00
1999 126.631 4635.982 12.931 16.23 0.785 53,699.00
2000 126.843 4968.359 13.274 15.93 0.786 54,833.00
2001 127.149 4374.712 12.798 15.65 0.800 54,681.00
2002 127.445 4182.846 12.440 15.96 0.816 54,199.00
2003 127.718 4519.562 12.351 15.52 0.832 54,271.00
2004 127.761 4893.116 12.440 16.66 0.846 53,376.00
2005 127.773 4831.467 12.377 15.60 0.860 52,720.00
2006 127.854 4601.663 12.470 15.72 0.871 52,024.00
2007 128.001 4579.751 12.465 16.31 0.881 50,816.00
2008 128.063 5106.679 11.932 15.99 0.891 48,106.00
2009 128.047 5289.493 10.599 16.03 0.900 46,252.00
2010 128.070 5759.072 10.925 16.25 0.908 45,359.00
2011 127.833 6233.147 10.798 15.85 0.911 45,430.00
2012 127.629 6272.363 11.581 15.57 0.911 45,234.00
2013 127.445 5212.328 11.881 16.13 0.912 44,874.00
2014 127.276 4896.994 11.560 15.92 0.913 44,317.00
2015 127.141 4444.931 11.259 16.33 0.914 43,981.00
2016 127.076 5003.678 11.141 16.44 0.915 43,170.00
2017 126.972 4930.837 11.083 15.88 0.915 42,894.00
2018 126.811 5040.881 10.943 16.48 0.916 42,727.00
2019 126.633 5117.994 11.008 16.68 0.917 42,737.00
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indicated in Table 5, were fine-tuned through a combina-
tion of literature guidance and a trial-and-error approach. 
Specifically, the base values for the number of subpopu-
lations, subpopulation size, code length, crossover prob-
ability, mutation probability, tournament size, number of 
generations, and number of runs were initially sourced 
from the literature. These base values together with a 
respective lower value and higher value were tested using a 
trial-and-error approach for each of the parameters. While 
the value of one parameter was tested, the values of the 
other parameters were held constant at their base levels. 
This resulted in 24 trial-and-error runs. The final para-
metric values are shown in Table 5, and they corroborate 
well with the settings suggested by Asghar et al. (2024) 
to expedite the convergence process in MEP and to obtain 
better CPs. These parametric values resulted in high per-
formance in terms of accuracy and generalization during 
preliminary trials.

Artificial neural network (ANN)

ANNs are computational algorithms that mimic and process 
information in a manner analogous to the functioning of 
the nervous system. They possess the capability to model 
one or more outputs by uncovering intricate relationships 
between input and output variables (Öztürk and Başar 2022). 
Among the prevalent types of feedforward neural networks 
is the multilayer perceptron (MLP), characterized by three 
sequential layers of nodes: an input layer comprising input 
nodes, one or more hidden layers housing computational 
nodes, and an output layer (Shao et al. 2019).

In this study, the development of the ANN model was 
achieved by using MATLAB (R2023b version). A feedfor-
ward back propagation neural network system with a hid-
den layer and an output layer was used for this study due 
to the regression nature of the research problem (Nguyen 
et al. 2020). Levenberg–Marquardt function (“trainlm”), a 

Table 4   The statistical analyses 
of the variables

Variables Population (million) GDP 
(billion in 
USD)

DMC 
(tonnes/
capita)

Temperature (°C) UR MWG (thou-
sand tonnes/
year)

Minimum 120.837 1427.020 10.599 14.67 0.767 42,093.99
Maximum 128.070 6272.363 14.144 16.68 0.917 54,833.00
Range 7.233 4845.343 3.545 2.01 0.150 12,739.01
Mean 126.051 4476.259 12.358 15.85 0.836 48,874.40
Median 126.843 4635.982 12.440 15.88 0.816 50,256.63
SD 2.075 1059.116 1.061 0.51 0.062 43,10.11
COV 0.016 0.230 0.083 0.03 0.072 0.09
Kurtosis 0.227 1.340  − 1.169  − 0.08  − 1.823  − 1.57
Skewness  − 1.091  − 0.985 0.074  − 0.50 0.221  − 0.17

Fig. 1   Graphical representation 
of the collected data between 
1985 and 2019: a population, 
DMC, temperature, and UR; b 
GDP and MWG (obtained from 
WorldBank (2024) and OECD 
(2024))
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common and dependable learning technique for ANNs, was 
used to learn the training dataset and expedite convergence. 
As highlighted by Caudill (1988), a network containing i 
inputs necessitates a maximum of 2i + 1 hidden neurons to 
adequately map any continuous problem. A hidden layer 
with a number of hidden neurons ranging from 1 to 2i + 1 
and an output layer make up the possible ANN models. 
Since this study used five input variables (i = 5) , ANN mod-
els with 1 to 11 hidden neurons were taken into account.

The transfer functions selected for the hidden and output 
layers were a hyperbolic tangent function (“tansig”) and a 
linear function (“purelin”), respectively. The choice of these 
transfer functions was for effective training and convergence 
of ANN models for regression tasks (Shao et al. 2019). The 

ANN models were trained with 200 epochs (Nguyen et al. 
2020). The performances of the ANN models with 1 to 11 
hidden neurons were examined using the coefficient of deter-
mination (R2) and relative root mean square error (RRMSE) 
as presented in Table 6 and ranked accordingly (Rao et al. 
2018). The RRMSE values of the ANN models were ranked 
in ascending order from the lowest to the highest, while the 
R2 values of the ANN models were ranked in descending 
order from the highest to the lowest. Table 6 shows that the 
ANN model with two hidden neurons and a rank value of 4 
performs better than the other networks. The optimal network 
is thus determined to be the ANN model with two hidden 
neurons.

Random forest (RF)

Random forest is a versatile and robust ensemble learning 
technique widely used in machine learning and data mining. 
It belongs to the family of decision tree-based algorithms 
and is known for its ability to handle complex datasets and 
produce highly accurate predictions (Ma et al. 2023). Dur-
ing its construction, the model introduces randomness via 
two mechanisms. Initially, each tree is created using a ran-
domly chosen subset of the dataset, a technique referred to 
as bagging. Furthermore, at each node of the tree, a random 
subset of features (input variables) is considered for split-
ting, further enhancing the diversity among individual trees 
(Langsetmo et al. 2023). This strategy bolsters the model’s 
robustness and accuracy by using the bagging meta-algo-
rithm, which enhances stability and mitigates the risk of 
overfitting (Rosecký et al. 2021). In this study, the “TreeBag-
ger” function in MATLAB (R2023b version) was used to 
train or learn the training dataset of the model. The bagging 
method was selected to improve the performance and robust-
ness of the model.

Multiple linear regression (MLR)

MLR is a fundamental statistical method used for forecast-
ing an output variable based on its linear relationship with 
more than one input variable. It extends the concept of sim-
ple linear regression to accommodate situations where more 
than one input variable influences the output of the model 
(Öztürk and Başar 2022). The relationship between the mul-
tiple input variables and the output variable is presented in 
Eq. (1).

where y is the output variable; x
0
 , x

1
 , and xn−1 are the input 

variables; and �
0
 , �

1
 , �

2
 , and �n are the constants. However, 

it assumes a linear relationship between variables, and 
the presence of multicollinearity or outliers can affect the 

(1)y = �
0
+ �

1
x
0
+ �

2
x
1
+⋯ + �nxn−1

Fig. 2   Steps involved in MEP

Table 5   Parameters used to develop the MEP model

Parameters Values

Function sets + , − , × , ÷ , ^,
√
,Ln

Terminal sets x
0
, x

1
, x

2
, x

3
, x

4
, rand

Fitness function MSE
Number of subpopulations 100
Subpopulation size 2000
Code length 50
Crossover probability 0.9
Mutation probability 0.01
Tournament size 2
Number of generations 2000
Number of runs 10
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model’s performance. The programming language used in 
this research to write codes for developing the MLR model 
was MATLAB (R2023b version). The training datasets for 
the MLR model were trained or learned using the “fitlm” 
function. The trained model was used to make predictions 
on the testing datasets using the “predict” function.

Performance of models

The performance of the models developed in this study was 
assessed to determine their degree of accuracy and effec-
tiveness (Chu et al. 2021). The models were assessed using 
different evaluation metrics, such as root mean square error 
(RMSE), relative root mean square error (RRMSE), mean 
absolute error (MAE), mean absolute percentage error 
(MAPE), and coefficient of determination (R2). The math-
ematical expressions for RMSE, RRMSE, MAE, MAPE, and 
R2 are presented in Eqs. (2), (3), (4), (5), and (6), respectively. 
The lower the values of RMSE, RRMSE, MAE, and MAPE, 
the better the accuracy and effectiveness of a model. The R2 
value ranges from 0 to 1: a model possesses superior accuracy 
as its R2 value approaches unity (Liu et al. 2022).
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where yi and ỹi are the actual and predicted values of MWG, 
respectively. y and N are the average of the actual values and 
number of datasets, respectively.

A non-parametric test called the Mann–Whitney U test 
was also conducted on the actual and predicted values of 
MWG for the testing datasets at a 95% confidence level. It 
is necessary to examine if there are significant differences 
between the actual and predicted values of the 4 models. 
This test was employed in this study since it does not need 
the data to have a normal distribution (MacFarland and 
Yates 2016).

Results and discussion

Developed MEP model

The xo , x1 , x2 , x3 , x4 , and MWGMEP are represented as pop-
ulation, GDP, DMC, temperature, UR, and MWG for the 
MEP model, respectively. The outcome of the formulated 
MEP model for the prediction of MWG encompassing the 
five input variables considered in this study is presented in 
the form of a sequence of expressions (Table 7). A chro-
mosome’s initial expression must be a terminal set. The 
expressions are arranged hierarchically (prg[1] to prg[48]), 
demonstrating how simpler expressions are combined to 

(5)MAPE =
100

N

N∑

i=1

||||
|

yi − ỹi
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Table 6   Performance and 
ranking of the ANN models 
with 1 to 11 hidden neurons

Number of 
hidden neurons

Model performance Ranking of the model

Training dataset Testing dataset Training dataset Testing dataset Overall 
ranking

R2 RRMSE R2 RRMSE R2 RRMSE R2 RRMSE

1 0.7701 0.0453 0.6469 0.0608 11 11 11 11 44
2 0.9849 0.0108 0.9735 0.0174 1 1 1 1 4
3 0.8664 0.0321 0.9376 0.0286 10 10 6 6 32
4 0.9509 0.0197 0.9060 0.0298 6 6 8 8 28
5 0.9485 0.0235 0.8987 0.0299 7 7 9 9 32
6 0.9048 0.0299 0.9586 0.0297 9 9 4 7 29
7 0.9608 0.0170 0.9705 0.0193 5 5 2 2 14
8 0.9760 0.0134 0.9321 0.0253 3 3 7 5 18
9 0.9725 0.0164 0.9579 0.0212 4 4 5 3 16
10 0.9839 0.0122 0.9592 0.0234 2 2 3 4 11
11 0.9396 0.0253 0.7866 0.0576 8 8 10 10 36
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generate more complex ones. Table 7 shows how the solu-
tion has evolved across the algorithm’s generations. These 
expressions are decoded into mathematical equations as pre-
sented in Eqs. (7–12). The developed MEP model reveals the 

interrelationship between the input variables (socioeconomic 
and environmental factors) and MWG. This model serves 
as a tool for effective planning in transitioning to an envi-
ronmentally sustainable and economically efficient circular 
economy.
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Validation of MEP model

The MEP model was validated via comparative analysis 
with ANN, RF, and MLR. ANN and RF were considered 
for this comparative analysis due to their ability to solve 
nonlinear and complex problems (Abdalla and Salih 2022). 
However, MLR is applied for linear problems, but it was 
considered for comparative analysis due to its simplicity 

and ability to formulate mathematical models (Sahoo and 
Jha 2013). All of these models are used for regression 
tasks. The models were trained and tested using the same 
datasets to ensure consistency in the performance of the 
models, data input, and repeatability. The mean perfor-
mance and error percentage were determined to account 
for variability. The performances of these models were 
analyzed and compared using R2, RMSE, RRMSE, MAE, 

Table 7   MEP model in the form 
of expressions prg[0] = x[0]; prg[17] = prg[11] + prg[11]; prg[34] = prg[32] / prg[26];

prg[1] = x[1]; prg[18] = prg[15] * prg[3]; prg[35] = prg[31] / prg[22];
prg[2] = x[2]; prg[19] = x[3]; prg[36] = prg[30] / prg[17];
prg[3] = x[4]; prg[20] = prg[18]—prg[11]; prg[37] = prg[28] / prg[36];
prg[4] = prg[2] / prg[3]; prg[21] = prg[12] * prg[20]; prg[38] = prg[34] + prg[35];
prg[5] = prg[0] * prg[0]; prg[22] = -2.613; prg[39] = prg[16] + prg[28];
prg[6] = Ln(prg[3]); prg[23] = prg[19] * prg[7]; prg[40] = prg[26]—prg[30];
prg[7] = 7.74591; prg[24] = prg[0] + prg[14]; prg[41] = prg[5]—prg[34];
prg[8] = prg[4] + prg[4]; prg[25] = prg[0] * prg[7]; prg[42] = prg[38] + prg[40];
prg[9] = prg[1] / prg[7]; prg[26] = prg[16] + prg[23]; prg[43] = prg[39]—prg[41];
prg[10] = log(prg[5]); prg[27] = prg[24] * prg[19]; prg[44] = prg[43] / prg[40];
prg[11] = sqrt(prg[9]); prg[28] = prg[27]—prg[18]; prg[45] = prg[42] + prg[44];
prg[12] = pow(prg[0], prg[3]); prg[29] = prg[24] + prg[25]; prg[46] = prg[6] + prg[33];
prg[13] = prg[2] * prg[2]; prg[30] = prg[8] * prg[24]; prg[47] = prg[37] + prg[45];
prg[14] = prg[10]—prg[13]; prg[31] = prg[29] + prg[21]; prg[48] = prg[46] + prg[47];
prg[15] = prg[6] * prg[5]; prg[32] = prg[14] * prg[7]; outputs [0] = prg[48];
prg[16] = prg[15] / prg[2]; prg[33] = prg[15] / prg[9];
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and MAPE. The R2 values of the training datasets for the 
MEP, ANN, RF, and MLR models (Fig. 3a) are 0.991, 
0.985, 0.960, and 0.976, respectively, while the R2 val-
ues of the testing datasets for the MEP, ANN, RF, and 

MLR models (Fig. 3b) are 0.977, 0.974, 0.957, and 0.964, 
respectively. The MEP, ANN, RF, and MLR models have 
0.5–1.5%, 0.5–2.0%, 1.5–3.0%, and 1.0–2.0% error per-
centages respectively, for the training and testing datasets.

Fig. 3   The R2 plot of the MEP, ANN, RF, and MLR models for the a training datasets and b testing datasets

Fig. 4   Performance of the models using a RMSE and MAE and b RRMSE and MAPE

Table 8   Performance of 
the models using different 
evaluation metrics

*The unit of RMSE and MAE is thousand tonnes/year

Evaluation metrics Training dataset Testing dataset

MEP ANN RF MLR MEP ANN RF MLR

RMSE* 420.194 524.968 1081.410 639.715 764.887 855.569 1637.835 1089.161
RRMSE 0.009 0.011 0.022 0.013 0.016 0.017 0.033 0.022
MAE* 253.208 408.682 833.668 552.050 649.560 793.235 1455.496 874.520
MAPE (%) 0.512 0.839 1.756 1.136 1.363 1.621 2.915 1.772
R2 0.991 0.985 0.960 0.976 0.977 0.974 0.957 0.964
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The RMSE, RRMSE, MAE, and MAPE values for the 
training and testing datasets for the models are shown in 
Fig. 4 and Table 8. The MLR model was developed and 
presented in the form of a linear mathematical expression 
as shown in Eq. (13).

The comparison of the models (MEP, ANN, RF, and 
MLR) in terms of R2 values shows that MEP has the high-
est R2 values for the training and testing datasets. This sug-
gests that the MEP model has a higher goodness of fit and 
predictive power than the other models. The comparison in 
terms of RMSE, RRMSE, MAE, and MAPE values for the 
training and testing datasets among the models revealed that 
the MEP model has the lowest values. This indicates that 
the MEP model has superior accuracy, effectiveness, and 
performance than ANN, RF, and MLR.

The MEP model outperforms ANN and RF in forecasting 
the annual MWG due to its inherent advantages. The MEP 
model is formulated in the form of mathematical expressions 
that can be interpreted to reveal the correlation between 
input (socioeconomic and environmental factors) and out-
put variables (MWG) (Fallahpour et al. 2017). On the other 
hand, ANN and RF are characterized as black-box models 

(13)

MWG
MLR

= −212630.2844 + 2499.3538x
0
− 0.92652x

1

+ 1306.336x
2
− 571.9131x

3
− 67698.1224x

4

since they cannot reveal the interrelationships between vari-
ables (Debnath and Mourshed 2018). This, in turn, limits 
the ability of policymakers and other waste management 
stakeholders to effectively engage in a circular economy. 
Despite the ability of MLR to develop a mathematical model 
akin to MEP, the MEP model outperforms MLR in terms of 
accuracy and effectiveness due to the inability of the MLR 
model to solve nonlinear and complex problems (Chu et al. 
2021). However, the limitation of MEP as a metaheuristic 
method is that it may not guarantee obtaining the precise 
global optimum but aims to discover a near-optimal solution. 
Also, the performance of MEP is strongly reliant on vari-
ous parameters, including population size, mutation rates, 
crossover rates, and the maximum number of generations. 
Finding the optimal combination of these parameters is often 
difficult and necessitates systematic experimentation.

A Mann–Whitney U test was carried out in MATLAB 
(R2023b version) using the “ranksum” function. Table 9 dis-
plays the p-value results of Mann–Whitney U tests for the 
four models, confirming the acceptance of the null hypoth-
esis regarding the comparison of actual and predicted MWG 
values. The computed p-values are higher than the prede-
fined significance level of 0.05. Thus, it can be concluded 
that there is no statistically significant difference between the 
actual and predicted values for the four models.

Comparison with previous studies

Several researchers have applied different predictive models to 
predict MWG due to the dynamic availability of artificial intel-
ligence (AI) algorithms to solve complex problems. These AI 
algorithms are applied to improve the performance and accu-
racy of predictive models. Thus, it is necessary to examine 
how effective the MEP model is when compared with pre-
vious studies. The comparison of MWG predictions across 
studies faces impediments due to differences in evaluation 
metrics, granularity of data (daily, monthly, and annually), 

Table 9   p-values of Mann–
Whitney U tests at a 95% 
confidence level

Null hypothesis (H0): There 
is no significant difference 
between the actual and pre-
dicted values

Model p-value H0

MEP 0.9015 Accept
ANN 0.8048 Accept
RF 0.8048 Accept
MLR 0.9015 Accept

Table 10   Comparison with 
prior studies in terms of applied 
approach and evaluation metrics 
on the testing dataset

Authors Approach used Quantity of data Evaluation metrics

R2 RRMSE MAPE (%)

Antanasijević et al. (2013) BP-ANN 28 0.647
Antanasijević et al. (2013) GRNN 28 0.843
Ribic et al. (2019) ANN 36 0.915
Rosecký et al. (2021) RF 34 0.370 53.920
Liu et al. (2021) SVR 42 45.300
Liu et al. (2021) Logistic regression 42 27.400
Oliveira et al. (2019) ANN 42 0.980
Oliveira et al. (2019) Nonlinear regression 42 0.730
Paulauskaite-Taraseviciene 

et al. (2022)
Hybrid KNN Not specified 11.050

This study MEP 34 0.977 0.016 1.363



	 Environmental Science and Pollution Research

case studies, and parameter configurations of models. None-
theless, this study aligns with others by using annual data 
collection, enhancing comparability among the literature.

Table 10 presents the evaluation metrics for prior and 
present studies that used different approaches. Antanasijević 
et  al. (2013) applied BP-ANN and GRNN to predict the 
quantity of municipal solid waste, with R2 outcomes of 0.647 
and 0.843, respectively. However, this study provides a more 
accurate and effective MEP model with an R2 of 0.977. 
Similarly, the MEP model is better in terms of accuracy and 
performance when compared with the study of Ribic et al. 
(2019), which used ANN to predict MWG with an R2 of 
0.915. The low R2 value from Rosecký et al.’s (2021) work 
compared to this study might result from missing datasets at 
different municipal levels due to outlying data or inadequate 
data availability at the required spatial–temporal resolutions. 
These constraints can inhibit the ability of the model to truly 
capture the underlying computation of MWG. Also, the SVR 
and logistic regression applied by Liu et al. (2021) to predict 
the volume of municipal waste exhibited lesser accuracy 
with MAPE values of 45.3% and 27.4%, respectively, when 
compared with the current study.

Moreover, Oliveira et al. (2019) applied ANN and non-
linear regression to predict MWG, with the outcomes of R2 
being 0.98 and 0.73, respectively. In comparison with the 
present study, the MEP model has approximately the same 
R2 value as the ANN model, but the black-box nature of the 
ANN model makes it difficult to determine and interpret the 
relationship between the input variables (socioeconomic and 
environmental factors) and MWG. The MEP model is more 
accurate and effective than the nonlinear regression model 
based on their respective R2 values. The degree of accuracy 
and performance of the MEP model is higher than the hybrid 
KNN model developed by Paulauskaite-Taraseviciene et al. 
(2022) based on their respective MAPE values. Thus, the 
superior performance of the MEP model presented in this 
study demonstrates its robustness to other different predic-
tive approaches for MWG.

Parametric analysis of MEP model

The parametric analysis involved the performance and 
behavior of the MEP model when one of the input vari-
ables (socioeconomic and environmental factors) was varied 
and the others were held constant at their respective mean 
values. The input variables were varied within the range of 
their maximum and minimum values. The change in that 
input variable (while the others were held constant at their 
mean values) was plotted against the resulting MWG values 
(using Eq. 7). The process was applied to each of the input 
variables individually (Althoey et al. 2023).

The influence of each input variable on MWG is presented 
in Fig. 5. The MWG is bound to increase as the population 

in municipalities increases, as illustrated in Fig. 5a. Thus, 
higher quantities of waste are generated due to an increase 
in resource consumption resulting from a larger population 
(Goel et al. 2017). The MWG increases as the GDP goes up, 
as illustrated in Fig. 5b. A higher GDP indicates enhanced 
economic activity, which leads to increased production and 
consumption rates (Goel et al. 2017). This enhanced eco-
nomic activity may result in a higher generation of waste 
from the processes of manufacturing and consumption. 
DMC quantifies the entire amount of resources or materi-
als consumed directly in an economy (Antanasijević et al. 
2013). When the degree of DMC increases, the amount of 
municipal waste produced increases, as illustrated in Fig. 5c. 
As a result, more waste is produced as resources or materials 
are harvested, utilized, and discarded.

Higher temperatures tend to increase outdoor activi-
ties, resulting in a higher generation of waste, especially in 
recreational centers. On the contrary, colder temperatures 
reduce outdoor activities, which subsequently lower waste 
generation, as indicated in Fig. 5d. The MWG decreases in 
Fig. 5e as the UR increases. The trend is surprising, prob-
ably because as the UR increases, there are better cultural 
practices and modernization of improved waste management 
systems in Japan, thus reducing the MWG.

Sensitivity analysis of MEP model

A sensitivity analysis was performed based on the testing 
dataset to gain a better understanding of the impact of each 
socioeconomic and environmental factor (input variable) on 
the predicted MWG. It was used to determine the relative 
importance and contribution of each input variable in the 
established MEP model using Eqs. (14) and (15) (Chu et al. 
2021).

where,

where fMAX

(
Xi

)
 and fMIN

(
Xi

)
 are the maximum and mini-

mum values of the predicted MWG values for input variable 
i, respectively, and n is the number of input variables. Ni was 
computed for each input variable separately while the other 
input variables were held constant at their respective mean 
values. Ii is the relative importance of input variable i. The 
result of the relative contribution of the input variables is 
provided in Fig. 6. The most and least important factors in 
the prediction of MWG via the developed MEP model are 
UR and temperature, respectively. The order of their impor-
tance from the most important to the least important factors 
in the prediction of MWG is UR, population, DMC, GDP, 
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and temperature. Ultimately, recognizing UR and its conse-
quences for waste generation is essential for policymakers, 
waste management authorities, and other stakeholders to 

develop strategies for sustainable waste management and 
environmental protection in municipalities for an effective 
circular economy to take place.

Fig. 5   The parametric analysis of the MEP model based on each input variable of a population, b GDP, c DMC, d temperature, and e UR
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Implications of research

Theoretically, the implications of this research contribute 
to the advancement of modeling approaches with improved 
predictive accuracy in the area of waste management. 
This study also offers theoretical insights into using the 
MEP model to build efficient circular economy policies by 
identifying critical variables and their impact on MWG to 
reduce waste generation and promote resource efficiency. 
For instance, UR is identified as the most important factor 
influencing MWG in this study. Policies like sustainable 
urban planning, waste reduction strategies, and recycling 
initiatives in urban areas can effectively manage UR’s 
impact. Population is another important factor that 
necessitates policies such as family planning and community-
based activities (such as waste reduction campaigns, waste 
separation, recycling programs) to reduce MWG. Regardless 
of the impact of DMC and GDP on MWG, policies such as 
incentivizing industries to adopt eco-friendly technologies 
and regulating resource extraction and consumption can help 
to reduce resource consumption and promote sustainable 
production practices. Climate-related initiatives, such as 
renewable energy adoption and sustainable agriculture, can 
help to alleviate environmental impacts, despite temperature 
having a relatively low influence on MWG in this study. The 
practical implications of this research include the application 
of the MEP model by waste management authorities to 
optimize waste collection, transportation, and disposal 
infrastructure. Waste management approaches can be more 
efficient and cost-effective by allocating resources for waste 
management activities such as waste collection routes, 
sorting facilities, recycling centers, and processing facilities 
based on predicted waste generation quantities.

Conclusions

In this study, an MEP model was developed to predict MWG 
using annual historical data on population, GDP, DMC, 
average air temperature, and UR as the input variables. The 
model was validated via comparative analyses with ANN, 
RF, and MLR models using evaluation metrics to determine 
the degree of accuracy and performance of the models. The 
Mann–Whitney U tests were applied to determine whether 
there are significant differences between the actual and pre-
dicted MWG values. Parametric and sensitivity analyses 
were conducted on the MEP model. The following are the 
key conclusions:

1.	 A new mathematical model for MWG prediction was 
established using MEP to show the complex interre-
lationships among the considered socioeconomic and 
environmental factors. This is a novel mathematical 
model generated through the maiden application of 
MEP.

2.	 The MEP model has the lowest values for the evaluation 
metrics (RMSE, RRMSE, MAE, and MAPE), which 
indicates its superior accuracy and performance over 
the other three prediction models.

3.	 The MEP, ANN, RF, and MLR models have R2 values 
(for testing datasets) of 0.977, 0.974, 0.957, and 0.964 
respectively. The comparison showed that MEP has the 
highest R2 values. This suggests that the MEP model has 
a higher goodness of fit and predictive power than the 
other models.

4.	 The results obtained from the Mann–Whitney U tests 
revealed that there is no statistically significant differ-
ence between the actual and predicted values at a 95% 
confidence level.

Fig. 6   Relative contribution of 
the input variables
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5.	 The parametric analysis showed that the MWG increases 
as the population, GDP, DMC, and temperature increase.

6.	 The sensitivity analysis revealed the order of relative 
importance and contribution of each input variable to 
the prediction of MWG via the formulated MEP model 
as UR, population, DMC, GDP, and temperature.

This study has limitations because MEP might not guar-
antee the precise global optimum solution based on the dif-
ficulties in finding the optimal values of the parameters. In 
addition, this study did not account for uncertainty and vari-
ability in the prediction of MWG. In subsequent research, 
optimization methods like particle swarm optimization and 
genetic algorithm can be employed to effectively find the 
optimal parametric values for the MEP model, in order to 
enhance the model’s performance and convergence rate. 
Future research can also use probabilistic modeling tech-
niques, such as Monte Carlo simulation, to handle uncer-
tainty and variability in the prediction of MWG.
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