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A B S T R A C T   

Plastic waste and its environmental hazards have been attracting public attention as a global sustainability issue. 
This study builds a neural network model to forecast plastic waste generation of the EU-27 in 2030 and evaluates 
how the interventions could mitigate the adverse impact of plastic waste on the environment. The black-box 
model is interpreted using SHapley Additive exPlanations (SHAP) for managerial insights. The dependence on 
predictors (i.e., energy consumption, circular material use rate, economic complexity index, population, and real 
gross domestic product) and their interactions are discussed. The projected plastic waste generation of the EU-27 
is estimated to reach 17 Mt/y in 2030. With an EU targeted recycling rate (55%) in 2030, the environmental 
impacts would still be higher than in 2018, especially global warming potential and plastic marine pollution. 
This result highlights the importance of plastic waste reduction, especially for the clustering algorithm-based 
grouped countries with a high amount of untreated plastic waste per capita. Compared to the other assessed 
scenarios, Scenario 4 with waste reduction (50% recycling, 47.6% energy recovery, 2.4% landfill) shows the 
lowest impact in acidification, eutrophication, marine aquatic toxicity, plastic marine pollution, and abiotic 
depletion. However, the global warming potential (8.78 Gt CO2eq) is higher than that in 2018, while Scenario 3 
(55% recycling, 42.6% energy recovery, 2.4% landfill) is better in this aspect than Scenario 4. This compre
hensive analysis provides pertinent insights into policy interventions towards environmental hazard mitigation.   

1. Introduction 

Plastic pollution is an emerging global environmental issue (Borrelle 
et al., 2020); the problem is serious enough that there have been recent 
calls for an international policy framework to manage it (Nordic Council 
of Ministers, 2020). Plastic import ban and single-use plastic ban have 
also been advocated in developing countries (Wen et al., 2021) and 
developed countries (Charitou et al., 2021). More than 90% of plastic is 
petroleum-based and non-biodegradable (Zhao et al., 2020). The low 
degree of circularity and leakage to the environment are among the is
sues of concern (Klemeš et al., 2021). Lau et al. (2020) suggested that 
even with immediate and concerted action, it is estimated that 710 Mt of 
plastic waste would enter aquatic and terrestrial ecosystems around the 

year 2040. There are growing concerns about microplastics (i.e., poly
mer particles of diameter under 5 mm) and even nanoplastics (Wong 
et al., 2020) as a threat to the health of humans (Cox et al., 2019), as well 
as to aquatic (de Sá et al., 2018) and terrestrial (de Souza Machado et al., 
2018) ecosystems. The primary and secondary microplastics are both 
problematic. The latter consists of particles from the gradual breakdown 
of plastic products during the use and waste disposal of plastic products 
in the environment through chemical and physical mechanisms. 
Microplastics can be found in different environmental compartments; 
they can be transported through air and water (Wang et al., 2020) and 
accumulate in food chains (Wong et al., 2020) when ingested by or
ganisms. A recent review of the state of scientific literature on micro
plastic pollution can be found in Petersen and Hubbart (2021), and 
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analysis of bibliometric trends is reported by Zhang et al. (2020). Shen 
et al. (2020) highlighted that the contribution of plastic to global 
greenhouse gas emissions (GHG) has been noticeable and growing and 
could reach up to 1.34 Gt/y by the year 2030. 

Plastic pollution, like other major environmental issues such as 
climate change, has the characteristics of a "wicked problem" that resists 
clear resolution. Entrenched socio-economic factors and business prac
tices often hinder efforts to maximise recycling (Carey, 2017). A vicious 
cycle occurs that tends to favour unsustainable practices – company 
decisions on new product choices are constrained by market prefer
ences, while public behaviour is in turn influenced by currently avail
able products (Chiu et al., 2020). More recently, the disruptions caused 
by the COVID-19 pandemic have led to a global escalation of plastic 
pollution (Klemeš et al., 2020a). The complex interdependencies that 
influence plastic use and waste generation lead to "vicious networks", 
resulting in persistent unsustainable behaviour (Tan et al., 2021). Given 
the capability to handle highly complex systems, data-driven machine 
learning approaches can draw insights into how to curb the plastic 
pollution problem and support future plastic pollution mitigation 

policies (Nordic Council of Ministers, 2020). However, current literature 
only sheds light on applying machine learning to mitigate plastic 
pollution through micro-level technologies (e.g., using artificial intelli
gence to identify plastic waste for sorting Ozdemir et al., 2021). Studies 
that focus on the macro-level application of machine learning to analyse 
country-level trends from public statistics are comparatively scarce. An 
exception is a macro-level analysis considering five different global 
scenarios conducted by Lau et al. (2020); this work considered the big 
picture but lacked the regional resolution to give useful insights for local 
policy development. Their estimation of pollution is based on the Monte 
Carlo simulation. This notable research gap provides opportunities for 
developing a data-driven approach to reducing plastic pollution and its 
environmental hazards. 

As plastics are ubiquitous in daily life, reducing the hazards of plastic 
requires multiple actions from different stakeholders in designing 
effective policy interventions (Jia et al., 2019). It is crucial to understand 
plastic consumption quantitatively and to recognise causalities to 
develop effective countermeasures. However, these data are not always 
available as the management is done by different channels, complicating 

Fig. 1. The overall framework in assessing plastic waste generation and management for environmental hazard mitigation. (Note: PW = plastic waste, 
EP = Environmental Performance). 
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the data collection. Estimation and forecasting are usually conducted to 
inform decision–making and develop data-driven strategies. For the 
estimation process, one straightforward method is the "top-down" 
method, which multiplies solid waste generation data by the average 
proportion of plastic. This method is widely applied for plastic waste 
trade analysis at a regional scale, as illustrated by Liang et al. (2021). 
Various studies focused on developing models to forecast waste gener
ation and assess the corresponding pattern. The waste generation 
modelling approaches range from statistical learning methods (Abdul
redha et al., 2018) to machine learning approaches (Abbasi and El 
Hanandeh, 2016). Ceylan (2020) compared the performance of the 
Bayesian Gaussian process regression, multiple linear regression, and 
Bayesian support vector regression models in estimating municipal 
waste generation. Jiang and Liu (2016) forecasted the municipal waste 
generation under uncertainties based on data patterns by the hidden 
Markov model. Pavlas et al. (2020) integrated reconciliation techniques 
and regression models in forecasting municipal solid waste and its 
fraction, such as plastic waste in the Czech Republic. Ghayebzadeh et al. 
(2020) forecasted the plastic waste inputs from land into the Gulf using a 
regression model to identify the mismanaged plastic and highlighted the 
necessity for pollution control. However, the forecasting was mainly 
dependent on the gross domestic product. Machine learning approaches 
are generally better for identifying trends and patterns (Hao and Ho, 
2019) for prediction than statistical learning, especially when dealing 
with big and complex data (e.g. nonlinear) commonly in macro-level 
work. Table A1 summarises the studies assessing plastic waste issues 
under different machine learning approaches where the strength and 
differences to the present work are highlighted, supporting the research 
gap. 

Artificial Neural Networks (ANN) are a widely utilised machine 
learning modelling approach for sustainability issues (Gue et al., 2020). 
They have already been used for various applications for tens of years 
(Klemeš and Ponton, 1992). ANNs have also been successfully imple
mented to predict waste generation, as Coskuner et al. (2021) demon
strated for domestic, commercial, and construction waste. ANN 
generally has higher predictive power and lower sensitivity to outliers 
than the regression method in forecasting waste generation. It can model 
nonlinear and complex relationships and has been successfully applied 
for various solid waste management modelling (Abdallah et al., 2020). 
Kumar et al. (2018) suggested that the ANN model has the best pre
diction accuracy on India’s plastic waste generation rate compared to 
the other nonlinear machine learning models (support vector machine 
and random forest). However, ANN studies specifically dealing with the 
niche of plastic waste generation at macro level application and with the 
aim of hazard mitigation are comparatively scarce. A study by Adeleke 
et al. (2021) applied ANN for predicting the composition of municipal 
solid waste (e.g. paper, plastics, textile), with a focus on the impact of 
seasonal variation (meteorological parameters) in the City of Johan
nesburg. The priority of this study has been given to developing a robust 
model (e.g., identify the topology) as illustrated in most of the ANN 
studies (Wu et al., 2020), and the practical implication is focused on 
facilitating waste management (Abdallah et al., 2020), such as to 
improve the collection system. The interaction and underlying insights, 
which are equally valuable for strategic planning such as plastic pollu
tion reduction, are not their main consideration. This is a limitation of 
machine learning compared to statistical learning, intended for drawing 
inferences about the relationships between variables (Bzdok et al., 
2018). There have been a few methods developed to overcome these 
issues to give better insights, including Local Interpretable 
Model-Agnostic Explanations (LIME) (Ribeiro et al., 2016) and SHapley 
Additive exPlanation (SHAP) (Lundberg and Lee, 2017). The SHAP 
method can enhance the interpretability of the trained ANN model and 
offer good visualisation to facilitate communication. It is one of the 
recent efforts in demystifying the black-box model, based on game 
theory and capable of providing a complete explanation between the 
global average and the model output for a particular explanation 

(Lundberg and Lee, 2017). In contrast to LIME, SHAP can provide an 
entire model explanation (Lundberg and Lee, 2017), while LIME is for a 
single prediction explanation with the advantage of speed (Ribeiro et al., 
2016). SHAP can be regarded as an improvement over the original linear 
LIME and has been commonly applied for medical studies (Lundberg 
et al., 2018), but not in interpreting the plastic waste forecasting model. 

In the presented work, machine learning (ANN, supported by SHAP) 
is used as a basis for developing a novel data-driven approach to 
detecting hidden patterns in environmental and socio-economic data in 
the European Union (EU-27). The aim is to project and assess the 
effectiveness of interventions or environmental-related initiatives, such 
as waste reduction, recycling, and energy recovery, in reducing the 
environmental hazard of plastic waste in the EU-27. The EU-27 is chosen 
to represent the situation and projection of developed regions actively 
involved in developing strategies for plastics management, including 
forming a circular economy (EC, 2021a). Based on the machine learning 
model and SHAP interpretation, five scenarios are assessed in this study 
to analyse the effectiveness of interventions. Scenario analysis could 
serve as a process of estimating the expected plastic waste generation 
after a given change in the values of key factors. Integrating interpre
tation and scenario analysis-supported modelling could improve un
derstanding and decision-making, allowing optimised responses to 
future events. 

2. Method 

Fig. 1 shows the overall framework in assessing plastic waste gen
eration and environmental hazard mitigation through different in
terventions in the EU-27. The accounting of plastic waste generation 
includes the imported plastic waste handled in the countries. The pri
mary database utilised in this study is retrieved from the Eurostat Sta
tistic Database (Eurostat, 2021). The database consists of the amount of 
plastic waste handled within the countries (PW-handled), plastic recy
cling rate, real gross domestic product per capita (GDP), population, 
final energy consumption (Energy), Circular Material Rate (CMU), 
Environmental Tax Revenue (ETR), Environmental Protection Invest
ment (EPI), persons employed related to circular economy sectors 
(Employed-CE), and Gross Value Added in environmental goods and 
services sector (GVA-E). The statistics for imported (PW – import) and 
exported plastic waste (PW – export) are extracted from United Nations 
Commodity Trade Statistics Database (UN Comtrade, 2021). The eco
nomic complexity index (ECI-MIT) applied is developed at the Massa
chusetts Institute of Technology (The Observatory of Economic 
Complexity (OEC), 2021a). Table S1 in the Supplementary Material 
summarises the definition of the data inputs, units, and their physical 
meaning to plastic waste generation. 

The data from 2010 to the latest available (2018) for the EU-27, 
which includes Austria, Belgium, Bulgaria, Croatia, Cyprus, the Czech 
Republic, Denmark, Estonia, Finland, France, Germany, Greece, 
Hungary, Ireland, Italy, Latvia, Lithuania, Luxembourg, Malta, the 
Netherlands, Poland, Portugal, Romania, Slovakia, Slovenia, Spain, 
Sweden, is employed, as provided in the supplementary material 
(Table S2). Data cleaning or data pre-processing is conducted and dis
cussed in detail in the respective sections. Section 2.1 describes the 
correlation analysis followed by the ANN modelling. The trained ANN 
model based on the selected predictors is validated, demystified, and 
applied to plastic waste prediction as described in Section 2.2. Predictors 
are also commonly known as independent variables, features, or con
ditional attributes. In this study, the term "predictors" is applied when 
referring to the ANN model developed for plastic waste prediction. 
"Features" is quoted in SHapley Additive exPlanations (SHAP) and cor
relation analysis, which is mainly an individual measurable property or 
characteristic of a phenomenon being observed (Lundberg and Lee, 
2017). SHAP is used to interpret the ANN model. Finally, clustering 
analysis is conducted according to the description in Section 2.3. The 
main purpose of clustering analysis is to group the EU-27 countries 
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based on the plastic waste management and economic status for 
appropriate discussion and interventions (e.g., waste reduction, recy
cling) to mitigate the environmental hazard in the EU-27. The analyses 
and model are built-in Jupyter notebook, Version 6.3.0 (Jupyter, 2021), 
using Python programming language (Python Software Foundation, 
2021). TensorFlow Keras 2.3.0 (TensorFlow, 2021), a neural network 
library, is applied in training the ANN model. Scikit-learn library (Scikit 
Learn, 2021) is implemented for clustering analysis. Environmental 
performance assessment and scenario analysis are performed as 
described in Section 2.4 and Section 2.5 using an Excel spreadsheet. 

2.1. Correlation analysis 

Pearson correlation, as in Eq. (1), is conducted to understand the 
degree of the relationship between various features. The assessed fea
tures are stated in Section 2, and the complete definitions are provided 
in Table S1 in the Supplementary Material. The correlation analysis 
serves as an initial step to enhancing the understanding of the rela
tionship between plastic waste generation and multiple features prior to 
predictors selection and later development of the ANN model. The closer 
the values are to − 1 or 1, the stronger the linear correlation. A value 
closer to 0 suggests a weak linear relationship. The thresholds of strong 
and weak linearity are usually at > 0.7 (+,− ) and < 0.4 (+,− ), 
depending on the field of study as discussed by Akoglu (2018). 

rxy =
n
∑

xiyi −
∑

xi
∑

yi
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
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∑
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where r is the Pearson correlation coefficient between x (features) and y 
(dependent variable), n is the number of observations. xi is the value 
of x for ith observation, yi is the value of y for the ith observation. 

2.2. Artificial Neural Network (ANN) 

The ANN approach is selected due to several advantages, as dis
cussed in the introduction, including the ability to deal with nonlinear 
relationships between problem parameters. Four components (data, 
model, objective function, and optimisation algorithm) are needed to 
train the algorithm for this study with the amount of plastic waste 
generated as the intended response variable or output of the model. It is 
assumed that the amount of plastic waste generated (decision attribute) 
by countries can be associated with GDP, population, CMU, energy 
consumption, and ECI (conditional attributes), as summarised in 
Table S1 in the Supplementary Material. GDP, population, CMU, and 
energy consumption have been utilised as predictors of waste generation 
by Fan et al. (2021a, 2021b). The basis for predictor selection is further 
discussed in Section 3.1 and Table S1. The selection is primarily based 
on the physical meaning, potential relationship, and the identified cor
relation coefficient. The information or input data is extracted as 
described in Section 2. The data is split into training and testing set with 
the predictors normalised by MinMaxScaler scaling techniques in Sci
kitLearn tools (Scikit Learn, 2021), following Eq. (2). A 9:1 ratio be
tween training and testing data is selected due to model performance 
reflected in learning curves. This ratio is adopted as more data could be 
used for training. The ANN model can be further improved with updated 
data. The performance of the learning curve is assessed, followed by 
cross-validation to prevent underfitting and overfitting (Brownlee, 
2019). 

Nor =
O − min

max − min
(2)  

where Nor and O are the normalised and original values, max and min 
are the maximal and minimal values in the data series. 

The selected predictors for the model are judged by several factors, as 
stated in Section 2.1 and further discussed in Section 3.2. The model 

type of this study is Sequential (TensorFlow, 2021), with a commonly 
used three-layer structure and an activation function of ReLU (Rectified 
Linear Activation). It consists of 5 input parameters (predictors) with 30 
nodes in the first hidden layer and 15 nodes in the second hidden layer, 
which were determined according to the performance of the learning 
curve. The optimisation algorithm that controls the learning rate is 
Adam, an extension of stochastic gradient descent, and the lost function 
used is Mean Squared Error (MSE), as shown in Eq. (3). The detailed 
settings are summarised in Table S3. 

MSE =
1
N

∑N

i=1
(fi − yi)

2 (3)  

where N is the number of data samples points, fi is the value simulated 
by the model, yi is the actual value for the data sample i. 

After the validation and assessment of MSE, the developed ANN 
model is utilised to estimate the absolute amount of plastic waste 
generated in each EU-27 country and the average plastic waste in the 
EU-27. The population projection in 2030 is based on the hypothetical 
"What if" exercises by Eurostat (Eurostat, 2021); refer to Table S4. The 
GDP growth in EUR/cap (Eurostat, 2021) is estimated according to a 
linear model grounded on a series of data (years 2000–2020) of the 
respective EU-27 members. A 10% increment in CMU and ECI and a 5% 
increment in energy consumption to that of 2018 are fixed as a baseline. 
The output of the model (plastic waste generation) is inverted from 
normalisation to obtain the exact values. 

2.2.1. SHapley Additive exPlanations (SHAP) analysis 
SHAP is an approach proposed by Lundberg and Lee (2017) to 

interpret a black box or machine learning model. The SHAP values could 
increase the model transparency and interpretability. It measures the 
impacts of features by considering the interaction with other variables, 
providing insight into why such output is suggested or predicted by the 
model. SHAP is based on cooperative game theory, where the "game" 
reproduces the outcome of the model and the "player" is the incorpo
rated feature. The contribution or marginal effect that each feature 
brings to the prediction from the model is exemplified. The main 
equation specifies the SHAP explanation as in Eq. (4), where more 
comprehensive information can be obtained in the original work 
(Lundberg and Lee, 2017). The computation of SHAP values is similar to 
that of the Shapley value used for determining the fair allocation of 
profits or costs within a coalition (Shapley, 1951). In this study, the 
latest SHAP library by Lundberg (2021), the key developer of SHAP, is 
applied to combine and approximate insights from current additive 
feature attribution methods. The coding for SHAP analysis is written in 
Python programming language. The marginal effects are illustrated 
through the SHAP summary plot and dependence scatter plot (two 
features – one by values and another with colour indication) (Lundberg, 
2021). The SHAP summary plot shows the SHAP values of all features for 
each sample. It sorts features by the sum of SHAP value magnitudes over 
all samples and uses SHAP values to show the distribution of each fea
ture’s impacts on the model output. The importance of these features is 
ranked in descending order. In this study, negative SHAP values suggest 
the feature associated with a lower prediction. In a SHAP summary plot, 
the feature in red represents high, and the feature in blue represents low. 
For example, when using population as a feature, red represents a high 
population, and blue represents a low population. 

g (z′

) = ∅0 +
∑M

i=1
∅iz

′

i (4)  

where g is the explanation model, z′

∈ {0,1}M is the coalition factor, M 
is the maximum coalition size or number of simplified input features. 
∅i ∈ R is the feature attribution for a feature i (the Shapley values), ∈
denotes that an element is in a set, R is the set of real numbers. 
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2.3. Clustering analysis 

In this study, the clustering is performed based on the k-means 
clustering method (Bholowalia and Kumar, 2014), where each data 
sample is assigned to the closest centroid to form a cluster. The number 
of clusters defined is the key of k-means clustering. It is decided based on 
Elbow Method (Bholowalia and Kumar, 2014) by running several 
k-means, the sum of squared distance (SSE) of each iteration is plotted, 
and the point where the SSE curve starts to bend (form an elbow and 
flatten out) suggests the appropriate cluster number. Non-recycled 
plastic waste per capita is selected as the x-axis and GDP/capita as the 
y-axis. The rationale and the applicability are discussed in Section 3.3. 
The coding for clustering analysis is written in the Python programming 
language. Scikit-learn library (Scikit Learn, 2021) is implemented, 
referring to Table S5. 

2.4. Environmental performance assessment 

The environmental performance assessed in this study includes 
global warming potential, acidification, eutrophication, marine aquatic 
toxicity, abiotic depletion, and plastic marine pollution. Table 1 

summarises the conversion factors applied and converted using a basis 
of 1 kg of plastic waste. The underlying assumptions for plastic marine 
pollution are, as stated by Herberz et al. (2020), who reported that out of 
the 2.5% mismanaged plastic in the EU, 25% ends up in the ocean. The 
environmental performance of plastic manufacturing stages before the 
end of the life (EOL) cycle (without EOL) is evaluated based on the 
assessment by Herberz et al. (2020) for the EU. Based on 11 observations 
(different plastic products and types), the average performance is 
extracted and converted to the same functional unit of 1 kg of plastic. 
The data for the environmental performance of the end-of-life stages, 
including incineration, landfill, and recycling, is mainly extracted from 
the GaBi database (Thinkstep, 2017). Avoided energy of incineration is 
evaluated based on the energy recovered (electricity and steam). Avoi
ded material (unburdening impact) is considered in the environmental 
performance assessment of plastic waste recycling. The detailed infor
mation on the calculation is given in Table S6 in the Supplementary 
Materials. 

2.5. Scenario analysis 

Five different scenarios are assessed in this study, as listed in Table 2. 
Scenario 1 is based on the data of 2018 (Eurostat, 2021). Data including 
the pandemic impact are still going to be published. Four other scenarios 
with different interventions are compared to Scenario 1. Scenarios 2, 3, 
4, and 5 are for 2030, where the amount of plastic waste is predicted 
based on the developed model using population, GDP, CMU, ECI, and 
energy consumption as predictors. The population forecast for the EU-27 
(Table S4) is obtained from the Eurostat Statistic Database (Eurostat, 
2021). The GDP growth is calculated based on a linear regression model 
of the time series data from 2002 to 2020 (Table S7). A 5% increase in 
energy consumption and a 10% increment in CMU and ECI are assumed. 
Two EU-27 members, Luxembourg and Malta, are among the countries 
which do not have reported ECI. An average for EU-25 is applied. The 
data of all the input features are supplemented and explained in 
Tables S4 and S7. 

The recycling rate in Scenario 2 is increased to 55%, while the energy 
recovery is unchanged (42.6%) and landfill is reduced to 2.4%. 55% of 
recycling is selected in this scenario analysis as it is an EU-wide average 
target to be achieved by 2030 (EC, 2020a). Scenarios 3, 4 and 5 repre
sent the scenarios that consider waste reduction interventions on top of a 
varying recycling rate. Waste reduction is implemented in countries 
categorised under Cluster 1 and Cluster 2, which show a high plastic 
waste per capita and untreated plastic waste amount (Fig. 5). The 
deduction is to the level of the EU-27 average at 15.51 Mt/y, referring to 
Table S8. However, Scenario 4 (50% recycling, 47.6% energy recovery, 
2.4% landfill) and Scenario 5 (50% recycling, 42.6% energy recovery, 
7.4% landfill) are in the situation where the EU-wide target of 55% 
recycling rate is not achieved and with the capacity of energy recovery 
increase (Scenario 4) and without (Scenario 5). 

3. Results and discussion 

Four main sections are included in the results and discussion section. 
Section 3.1 explores the correlation among various variables 

Table 1 
The conversion factors for environmental performance assessment of plastic waste (units are expressed per kg of plastic waste). Complete calculation and data sources 
are presented in Table S6.  

Per kg of plastic waste GWP Acidification Eutrophication Marine aquatic toxicity Abiotic depletion Plastic marine pollution 
kg CO2eq kg SO2eq kg PO₄3 ⁻eq kg DCBeq MJ kg  

● Without EOL 1.49 3.32 × 10− 3 3.68 × 10− 4 97.2 55.5 4.67 × 10− 3  

● Incineration (energy recovered) 1.19 × 103 - 2.62 - 2.64 × 10− 1 - 8.33 × 104 - 2.73 × 104 NA  
● Landfill 0.0717 1.98 × 10− 4 1.96 × 10− 4 7.07 1.03 NA  
● Recycling (material recovered) - 1.61 - 3.74 × 10− 3 - 3.98 × 10− 4 - 24.62 - 71.21 NA 

Note: EOL = end of life cycle, DCB = dichlorobenzene, GWP = global warming potential, NA = not applicable. 

Table 2 
The assessed scenarios and descriptions, where I = interventions.  

Scenarios Description 

Scenario 1 = 2018  • Plastic waste of EU-27 in 2018 = 16.77 Mt (Eurostat, 
2021)  

• Recycling rate (average of EU-27) = 32.5% (Eurostat, 
2021), as in 2018  

• Energy recovery (average of EU-27) = 42.6% 
(Eurostat, 2021), as in 2018  

• Landfill (average of EU-27) = 24.9% (Eurostat, 2021), 
as in 2018 

Scenario 2 = 2030 (I0), 
T (baseline)  

• Plastic waste of EU-27 in 2030 = 17.00 Mt (Predicted 
in this study based on ANN model, further discussed in 
Section 3.2)  

• Recycling rate = 55% (EC, 2020a) (Average target set 
by EU-27)  

• Energy recovery rate = 42.6%  
• Landfill = 2.4% 

Scenario 3 = 2030 (I1)  • Plastic waste of EU-27 in 2030 = 15.51 Mt (Waste 
reduction enforced in clustered group 1 (yellow) and 2 
(green), see Fig. 5)  

• Recycling rate = 55% (EC, 2020a) (Average target set 
by EU-27)  

• Energy recovery rate = 42.6%  
• Landfill = 2.4% 

Scenario 4 = 2030 (I2)  • Plastic waste of EU-27 in 2030 = 15.51 Mt (Waste 
reduction enforced in clustered group 1 (yellow) and 2 
(green), see Fig. 5)  

• Recycling rate = 50% (5% less than targeted)  
• Energy recovery rate = 47.6% (increased)  
• Landfill = 2.4% 

Scenario 5 = 2030 (I3)  • Plastic waste of EU-27 in 2030 = 15.51 Mt (Waste 
reduction enforced in clustered group 1 (yellow) and 2 
(green), see Fig. 5)  

• Recycling rate = 50% (5% less than targeted)  
• Energy recovery rate = 42.6%  
• Landfill = 7.4%  
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incorporated into the ANN model. Section 3.2 discusses the developed 
ANN model for plastic waste generation in the EU-27, including vali
dation and insight of this black-box method. Section 3.3 discusses the 
EU-27 clustering results. Section 3.4 analyses the environmental per
formance of the different scenarios under different interventions for 
hazard mitigation, where the forecasted plastic waste in 2030 is based 
on the ANN model. 

3.1. Correlation analysis 

Fig. 2 shows the correlation coefficient of different variables as po
tential predictors for plastic waste generation in the EU-27. The corre
lation coefficients at the 3rd row and 3rd column show the correlation 
with the amount of plastic waste generated and is represented as "PW – 
handled (t).” Population (0.86) and energy consumption (0.84) show a 
relatively strong linear correlation with plastic waste generation. De
mographic factors such as population size have been suggested as one of 
the important factors in determining waste generation in several studies, 
including municipal solid waste (Kaza et al., 2018), e-waste (Duman 
et al., 2019), and other hazardous waste (Ndanguza et al., 2020). An 
increasing population usually leads to an increasing amount of waste, 
but socio-economic factors and other potential interventions could in
fluence the output and must be considered. The waste generation 
pattern can be impacted by the income level or urbanisation rate (Kaza 
et al., 2018). Low-income countries usually do not have the luxury of 
wastage or consumption compared to high-income countries. However, 
higher-income countries have a higher capability in mitigating and 
introducing interventions for waste reduction. This phenomenon fits the 
theory of the Environmental Kuznets Curve (Boubellouta and 
Kusch-Brandt, 2020). It is a complex question involving the interaction 
of different factors where there is no single factor that can thoroughly 
explain waste generation and management observation. Although real 
GDP/capita is applied, this study did not show a strong linear correlation 
(0.38). GDP is a critical predictor for plastic waste generation, as dis
cussed by Lebreton and Andrady (2019). Statistics is capable of high
lighting the candidate predictors. However, knowledge of the subject 
area and plausible causality are also required. 

Energy consumption could be an effective predictor for plastic waste 

generation (0.84) as most manufacturing and production processes 
consume energy, and energy could be recovered from waste. It is ex
pected to have a close relationship with plastic waste generation, which 
is also highly associated with economic development. The Circular 
Material Use (CMU) rate measures the share of material recovered and 
fed back into the economy. A higher rate value suggests that more sec
ondary materials substitute the primary raw materials. It has a moder
ately linear relationship with plastic waste generation (0.52). However, 
the CMU value can reflect the effort of countries in material recovery, a 
better replacement for the recycling rate indicator. Another potential 
predictor with moderate linearity (0.51) is ECI (Economic Complexity 
Index) (0.51). ECI reflects the knowledge intensity of a country’s eco
nomic activities. It is estimated using diverse data sources, including 
employment, stock market, trade, and patent (The Observatory of Eco
nomic Complexity (OEC), 2021b). Other variables or features that have 
a high linear correlation with plastic waste generation are EPI (Envi
ronmental Protection Investment) and Employed – CE (persons 
employed in Circular Economy sector), which are 0.77 and 0.88. These 
features are potentially useful in reflecting the interventions effort of 
different countries. However, they are highly correlated with population 
and energy consumption (> 0.9, see Fig. 2), suggesting it can be from the 
same origin and linearly predicted from the other predictors or features 
with a substantial degree of accuracy. Although the multicollinearity 
issues would not influence those over-parameterised ANN models (De 
Veaux and Ungar, 1994), sparse models with fewer predictors, but 
without compromising the predictive power, are preferable and inter
pretable (Scheinost et al., 2019). The interventions of countries on the 
plastic demand and waste generation could be reflected by GDP, CMU, 
and ECI, where the data is relatively available even in the non-EU 
countries. 

The identified correlation coefficients suggest that despite the linear 
regression model having higher simplicity and interpretability, it could 
not forecast the plastic waste generation accurately in the EU-27. Some 
of the features which expected to correlate with predictability for plastic 
waste generation are not linearly related. Plastic waste generation is 
affected by the local demand and the intervention effort or policy in a 
specific region. There is a complex relationship between the factors or 
variables and economic development. ANN does not have a priori 

Fig. 2. The correlation coefficients between potential model predictors. PW = plastic; plastic – handled = plastic manage within a country; CMU = circular material 
use rate; EPI = Environmental Protection Investment; Employed – CE = person employed in Circular Economy sector; GVA – E = Gross value added in environmental 
goods and services sector; ECI = Economic Complexity Index. 
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assumptions on the relationship between predictors and output, and 
their nonlinear modelling capability is one of the appropriate ap
proaches in such a case. In this study, population, GDP, CMU, ECI, and 
energy consumptions are selected as the predictors, where SHAP further 
assesses and interpret the interactions between the predictors. Another 
correlation method that helps understand the association between 
different variables is Spearman correlation, evaluating monotonic re
lationships instead of a linear relationship. As suggested by Jiang et al. 
(2021), Spearman correlation is applied to identify the appropriate fit, 
to determine whether a linear model is sufficient or if a polynomial, 
exponential, or radial basis function is needed. However, as fitting 
identification is not the primary concern of ANN and SHAP, Pearson 
correlation is sufficient for a preliminary understanding of our 
modelling. 

3.2. The ANN model 

The learning and validation (based on the holdout dataset) curves of 
the developed ANN model to forecast plastic waste generation under the 
settings as in Table S3 are shown in Fig. S1, where the epoch reflects the 
network’s learning trend. The fitness of the model serves as one of the 
indicators to show the appropriateness of the model. In general, the 
learning curves do not show a significant trend of overfitting (training 
loss continues to decrease with experience, validation loss decrease to a 
point and increase) and underfitting (training loss remains flat, training 
loss continues to decrease) (Brownlee, 2019). Fig. S1(b) shows the 
performance of the model under cross-validation, where 32 observations 
are assessed. The grey dot labelled as "Actual" shows the real amount of 
plastic waste, and the pink dot labelled as "Predicted" shows the esti
mated plastic waste generated. The vertical distance between the pink 
and grey dots indicates the error of this predictive model. The brown 
dots indicate where the actual and predicted values are the same. In 
general, the differences between actual and predicted values are 
acceptable, with a mean squared error of 0.0028 generated by normal
ised input. ANN is a black box method where the visible items are the 
inputs and outputs. The knowledge of its internal mechanism of cau
sality can be elucidated via SHAP analysis, as shown in Fig. 3. They are 
essential for policy actions. 

Fig. 3 summarises SHAP permutation importance, showing what is 
driving the predicted plastic waste amount. It provides an overview for 
feature comparison. The colour shows whether that feature was high or 
low, and the horizontal location (SHAP value) shows whether the 
feature (in a different colour) caused a higher (positive) or lower 
(negative) prediction. Feature 1, population, is suggested as the top 
influential feature in determining the plastic waste where the SHAP 
value ranges from − 0.10 to 0.25. Population (high) has a positive 
impact on absolute plastic waste generation, as shown in Fig. 3. It 
indirectly suggests the hardly replaceable status and usefulness of 

plastic. There have been many interventions in the EU-27 to reduce the 
plastic waste demand, including the introduction of plastic replacement, 
banning the utilisation of single-use products, and plastic recovery. 
However, the influence of population is still dominant, suggesting that 
the current interventions barely could override the plastic demand, and 
the substitutive material is yet as feasible as plastic. Plastics are not an 
enemy, which has to be replaced at any cost. Their proper use can, in 
some applications, decrease environmental footprints. The issue lies in 
excessive or unsustainable consumption and mismanaged plastic, where 
Plastic Waste Footprint (Klemeš et al., 2021) could be conducted to 
facilitate sustainable decision-making. This development is consistent 
with several studies suggesting that substitute or alternative materials 
and products still need to improve to achieve competitive environmental 
performance and economic feasibility (Klemeš et al., 2021). The issue is 
apparent during the current COVID-19 pandemic, where plastic in food 
packaging and PPE (Klemeš et al., 2020b) still dominates. Reducing 
plastic waste, including curtailing plastic consumption, is a prioritised 
initiative to minimise the environmental footprints in most policies. 
However, it is undeniable that there is a threshold on the effectiveness of 
this effort. The plastic demand is inevitable to support economic 
development and human need. End-of-life management is an important 
strategy to mitigate the environmental footprint, forming a circular 
economy under such constraints. However, there is a limit for reduction 
without compromising the development. 

Feature 0 (GDP reported in EUR/capita) is suggested as the least 
important among all the features of interest. This is explainable, espe
cially when the dataset is focused on the EU-27. The modelling is not at 
the global scale and does not exhibit huge income variations among 
countries (e.g., developed and developing countries). The GDP in the 
EU-27 is generally higher than the world’s average. Based on Fig. 3, an 
observable trend is that a higher GDP contributes to a lower SHAP value. 
This encouraging trend supports the Environmental Kuznets Curve hy
pothesis, where the EU-27 generally reaches the turning point of 
inverted U (Boubellouta and Kusch-Brandt, 2020). More effort is 
invested in protecting the environment (minimising plastic consumption 
or improving recovery rates) and stabilising the economy. Fig. 3 shows 
the summary plots for the first indications of the relationship between a 
feature value and the impact of the prediction. However, to understand 
the exact form of the relationship, SHAP dependence plots (Fig. 4) could 
provide further insights, including the distribution. 

The SHAP dependence can be interpreted first by focusing on the 
shape (distribution). By referring to Fig. 4(a–d), the slope shows that a 
higher (value in x-axis) Feature 1 (population) contributes to higher 
plastic waste generation as reflected in a higher SHAP value. By refer
ring to the colour indicators, it does not show a consistent trend of, for 
example, from blue (low) to red/pink (high) or red/pink (high) to blue 
(low). As shown in Fig. 4(a), when the Feature 0 (GDP) is high (pink), it 
can cause the predicted plastic waste amount in the EU-27 to be either 

Fig. 3. The summary plots of the SHAP permutation importance. Feature 0 = GDP (EUR/capita), Feature 1 = Population (capita), Feature 2 = Final Energy Con
sumption (Mtoe), Feature 3 = CMU (%), Feature 4 = ECI. 
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Fig. 4. SHAP dependence contribution plot. Feature 0 = GDP (EUR/capita), Feature 1 = Population (capita), Feature 2 = Final Energy Consumption (Mtoe), Feature 
3 = CMU (%), Feature 4 = ECI. (For interpretation of the references to colour in this figure, the reader is referred to the web version of this article.) 
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higher or lower (inconsistent trend), and Feature 1 (population) has a 
more prevailing influence. When referring to the dot located at a similar 
population (Feature 1) and under similar GDP (Feature 0 is in the same 
colour) in Fig. 4(a), there is a different impact on the prediction (SHAP 
value). This observation suggests that other features also interact with 
the population. The interaction of other features to plastic waste gen
eration is relatively distributed, as shown in Fig. 4(e–g). Similar to the 
relationship identified in Fig. 3, higher GDP generally contributes to a 
lower plastic waste generation (Fig. 4e). A similar GDP (a normalised 
value, see dots connected by a straight line in Fig. 4e) shows a different 
SHAP value contributed by the impact of Feature 2 (Final energy 
consumption). 

Fig. 5 shows the predicted amount of plastic waste for 27 EU coun
tries in 2030 using the developed ANN model. The overall plastic waste 
generation in the EU-27 is expected to increase by 0.2 Mt compared to 
2018. It represents an incremental change in per capita consumption 
from 37.5 kg/cap/y to 37.8 kg/cap/y. It is lower than the projection by 

Kaza et al. (2018), which mainly used GDP as a predictor. Kaza et al. 
(2018) predicted 56.94 kg/cap/y (1.3 kg/cap/d where 12% is plastic 
waste) of plastic waste in 2030. However, the estimation is not for direct 
comparison as the estimation is categorised for Europe and Central Asia, 
while in this study, the target is for the EU-27. Most countries expect a 
typical waste management trend, an increment in plastic waste, except 
Belgium, Bulgaria, Germany, Italy, Poland, Portugal, Slovakia and 
Sweden. They are estimated to have a slight decrease in plastic waste 
generation. By referring only to the individual variables (e.g., popula
tion), no apparent conclusion can be drawn whether it contributes to a 
lower or higher plastic waste generation. For example, the decrease in 
population in Belgium and the increase in Bulgaria both show a reduc
tion in plastic waste. This trend further supports the associated inter
related relationship between a range of variables, as illustrated in Fig. 4, 
and support the application of the machine learning method to capture a 
complex trend. Scenario analysis is conducted to understand the envi
ronmental performance if different interventions are implemented to 

Fig. 5. The predicted amount of waste based on the baseline condition stated in Section 2.5 for 2030 compared to 2018 using the ANN model. Referring to Table S8 
for tabulated data. (For interpretation of the references to colour in this figure, the reader is referred to the web version of this article.) 

Fig. 6. The identified clusters in the EU-27 based on K-means clustering with the support of the Elbow method. NRPW = non-recycled plastic waste. GDP = gross 
domestic product. The abbreviation stated in the boxes is the two-letter country code. (For interpretation of the references to colour in this figure, the reader is 
referred to the web version of this article.) 
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mitigate plastic waste generation impacts. Cluster analysis is first con
ducted to strengthen the implementation feasibility of the interventions 
based on the current performance and capability. 

3.3. Identified clusters of the EU-27 

Fig. 6 shows the four clusters formed in the EU-27 based on the GDP 

and plastic waste recovered performance where plastic waste generated 
is also deliberated. Four clusters are selected, determined based on the 
elbow method, picking the elbow of the curve as the number of clusters 
to apply. Cluster 0 (blue) has low GDP/capita and low NRPW/capita, 
suggesting a relatively smaller room for improvement. High NRPW/ 
capita (Cluster 1 and Cluster 2) shows the potential in plastic waste 
reduction, including recycling and reducing the demand. High GDP/ 

Fig. 7. The environmental performance of plastic waste management in 2018 and 4 other scenarios (a) Global Warming Potential, (b) Plastic Marine Pollution, (c) 
Acidification, (d) Eutrophication, (e) Marine Aquatic Toxicity, (f) Abiotic Depletion. The checkered bar represents the situation in 2018 (Scenario 1). The bar in solid 
colour represents the situation in 2030 under different interventions see Table 2. The bars with a thick black border represent the scenarios with the lowest impacts of 
the assessed environmental categories. Scenario 2 = 2030 (I0),T; Scenario 3 = 2030 (I1), Scenario 4 = 2030 (I2), Scenario 5 – 2030 (I3). (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.) 
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capita (Cluster 2 and Cluster 3) reflects the economic capability to 
support and invest in environmental protection initiatives. In this study, 
the countries categorised under Cluster 1 (orange) and Cluster 2 (green), 
including Austria, Belgium, Estonia, Italy, Latvia, Luxembourg, Poland, 
and Portugal, are targeted for interventions. It is plausible that they have 
the capability to reduce the amount of waste to the EU-27 average 
plastic waste amount in 2018, as stated in Table 2. 

A colour-coded map to determine whether the identified clusters in 
Fig. 6 correlate with geographic proximity is included in Fig. S2. In 
general, it does not fully follow the scale division of Europe according to 
spatial criteria, such as Western Europe, Southern Europe, Central 
Europe, Northern Europe, and Southeastern Europe. However, all the 
countries in Southeastern Europe (Bulgaria, Cyprus, Greece, Romania) 
of the EU-27 are in Cluster 0, and all Northern Europe countries of the 
EU-27 (Denmark, Finland, Estonia, Sweden) are grouped under Cluster 
3. They show a better performance in non-recycled plastic waste per 
capita, where the generated plastic waste and the non-recovered portion 
are lower. 

3.4. Environmental performance 

Fig. 7 shows the environmental performance, including global 
warming potential, acidification, eutrophication, marine aquatic 
toxicity, abiotic depletion, and plastic marine pollution, in 2018 and 
under different scenarios in 2030. The negative values are contributed 
by the environmental impacts avoided or savings, for example, from the 
recovered energy or the avoided material consumption. A negative value 
in the GHG footprint is commonly reported in the literature representing 
the avoided emissions, such as Wicke et al. (2020). The bar chart in the 
checker pattern shows the performance of the baseline (2018 – Scenario 
1) for comparison. 

In 2018, the plastic waste generation in the EU-27 was 16.77 Mt, 
with a recycling rate of 32.5%. Based on the current policy, the recycling 
rate is targeted to increase up to 55%. However, even assuming the 
target is achieved, the environmental performance is not as anticipated 
(Scenario 2 - second bar in Fig. 7). It is not lower than in 2018, especially 
in global warming potential and plastic marine pollution. The global 
warming potential in 2018 is 1 Gt CO2eq lower than in 2030 (Scenario 2 
- second bar in Fig. 7). This observation is identified in contrast to the 
other organic waste. Plastic is difficult to degrade and less likely to emit 
GHG when it ends up in the landfill. The main issue of plastic waste 
disposal is not GHG emissions but the land footprint (Law et al., 2020) 
and, more importantly, pollution of aquatic and terrestrial environments 
(Wong et al., 2020). Recycling plastic waste reduces the acidification 
potential, eutrophication potential, marine aquatic toxicity, and abiotic 
depletion. Plastic waste reduction through reducing consumption plays 
a more dominant role in decreasing GHG emissions. Different strategies 
can be used, such as introducing alternative materials (Kabir et al., 
2020), driving innovation and investment (EC, 2021a), and developing 
alternatives to single-use plastics (EC, 2021b). Other potential policy 
measures include extended producer responsibility (Watkins et al., 
2017), development of the European market for recycled plastics (EU, 
2021b), cradle-to-cradle product design (Helms and Russell, 2016), and 
various related strategies in the Circular Economy Action Plan (EC, 
2020b). These options need to be further strengthened to reduce the 
region’s environmental footprints from plastic pollution. 

Scenario 3 (3rd bar in Fig. 7) and Scenario 5 (5th bar in Fig. 7) show 
the lowest global warming potential, representing the intervention 
where the recycling rate increases and the generated plastic waste is 
reduced. However, Scenario 4 (4th bar in Fig. 7) did not perform better 
than in 2018. It suggests that, for plastic waste, energy recovery has a 
higher global warming potential than landfilling. This highlights the 
importance of considering different indicators or footprints in defining 
environmental performance. Misleading notions (e.g., "landfilling is 
environmentally sustainable than energy recovery or vice versa") could 
be obtained from the analysis of a single environmental impact/ 

footprint. The global warming potential of energy recovery depends on 
the current energy grid mix at a place. In this study, the EU average is 
applied. For a more effective policy implication, allocating recovered 
energy to replace the energy demand supplied by the source with higher 
carbon emission intensity (grid mix with a lower share of renewable 
energy) could mitigate the global warming potential. The benefit of 
integrated regional waste management, which adequately matches the 
sources, demand, treatment capacity and resources, in further reducing 
the environmental footprints of waste management has been previously 
demonstrated by Fan et al. (2021a, 2021b) in Central Europe. 

In general, a conclusive observation cannot be identified to answer 
which is the best scenario due to the existing trade-off. Scenario 3 (waste 
reduction, recycling rate = 55%, energy recovery = 42.6%) and Sce
nario 5 (waste reduction, recycling rate = 50%, energy recov
ery = 42.6%) have the best performance in terms of global warming 
potential. Scenario 4 (waste reduction, recycling rate = 50%, energy 
recovery = 47.6%) has the best performance in acidification potential, 
eutrophication potential, abiotic depletion and marine aquatic toxicity. 
The results serve as a quantitative reference for decision-making. A 
localised assessment is needed based on stakeholders’ concerns, existing 
infrastructure, and resources at a place. In the case that environmental 
sustainability is the main concern without restricting the economic and 
social aspects, environmental price (CE Delft, 2017) and eco-cost (TU 
Delft, 2021) could be used as a medium to accumulate the impacts and 
determine the overall best scenarios. Eco-cost has been applied by Wen 
et al. (2021) in assessing the environmental impact of plastic waste trade 
flow at a global scale. For example, Scenario 4 is expected to have a 
better overall environmental performance as the savings from eco-costs 
of acidification (8.75 EUR/kg SO2eq) and eutrophication (4.7 EUR/kg 
PO₄3⁻eq) are more significant than global warming (0.116 EUR/kg 
CO2eq) (TU Delft, 2021). 

4. Conclusion 

The classification of plastic waste as hazardous has been commonly 
discussed and raised in Basel Convention. Despite the importance of 
plastics in the modern world, the environmental impacts of plastic waste 
are undeniable. This study utilised machine learning to detect hidden 
patterns in socio-economic and environmental data. Scenario analysis is 
conducted to assess the effectiveness of interventions in reducing the 
environmental hazards of plastic waste in the EU-27. By assessing the 
environmental impacts of the identified plastic waste amount in 2030 
using the ANN model, it suggests that a 55% recycling rate as targeted in 
the EU-27 alone is insufficient to reduce the environmental impacts of 
plastic waste. It works towards mitigation; however, to reduce the 
environmental impacts, especially global warming potential, a hand-in- 
hand effort and reduction in plastic consumption are needed. 

A feasible solution is to target the countries including Austria, 
Belgium, Estonia, Italy, Latvia, Poland, and Portugal, which have a 
larger potential for improvement (high non-recycled plastic waste per 
capita), and Luxembourg is economically capable of improving their 
performance. The environmental impacts contributed by plastic waste 
could be reduced compared to that in 2018 by implementing integrated 
management among the EU-27 members and reducing waste genera
tion, even if the 55% recycling rate could not be fully achieved. Scenario 
3 (waste reduction, recycling rate = 55%, energy recovery = 42.6%) 
and Scenario 5 (waste reduction, recycling rate = 50%, energy recov
ery = 47.6%) offer the lowest global warming potential (7.86 × 1012 kg 
CO2eq). Scenario 4 (waste reduction, recycling rate = 50%, energy 
recovery = 47.6%) has the best performance in acidification potential 
(− 1.93 × 1010 kg SO2eq), eutrophication potential (− 1.95 × 109 kg 
PO₄3⁻eq), abiotic depletion (− 2.01 × 1014 MJ) and marine aquatic 
toxicity (− 6.14 × 1014 kg DCB eq). 

This study indirectly underpins the Environmental Kuznets Curve 
hypothesis. It suggests the EU-27 is generally after the turning point of 
the inverted U-shaped (the higher the GDP, the lower the plastic waste 
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Table A1 
Machine learning methods applied in plastic waste studies and the assessed 
scope.  

Reference Methodc Remarks 

Gruber et al. 
(2019)a  

• Linear discriminant 
analysis (LDA)  

• k-nearest neighbour  
• Support vector 

machines (SVM)  
• Ensemble models with 

a decision tree  
• Convolutional neural 

networks (CNN)  

• Aim: increase and compare the 
accuracy of classification models  

• Type of waste: plastic  
• Main result(s): CNN has the 

highest overall classification 
accuracy  

• Differencesd: classify plastics 
waste for recycling instead of 
predicting plastic waste 
generation for interventions and 
hazard mitigation 

Wang et al. 
(2019)a  

• Support vector 
machines (SVM)  

• Aim: classify plastic based on 
colour into 7 categories  

• Type of waste: plastic bottle  
• Main result(s): The SVM 

classification model has an 
accuracy of 94.7% for colour 
recognition  

• Differencesd: classify plastics 
waste for recycling instead of 
predicting plastic waste 
generation for interventions and 
hazard mitigation 

de Medeiros 
Back et al. 
(2021)a  

• Support vector 
machines (SVM)  

• Random Forests (RF)  
• Decision Trees  
• K-nearest Neighbours  
• Others: Logistic 

regression, Gaussian 
Naïve Bayes  

• Aim: identify the best method to 
automatically classify 
microplastic spectra  

• Type of waste: Microplastics 
collected at sea  

• Main result(s): SVM is the best- 
suited model in characterising 
microplastics to evaluate poten
tial impacts and target specific 
mitigation actions  

• Differencesd: classify plastics 
waste for recycling instead of 
predicting plastic waste 
generation for interventions and 
hazard mitigation 

Zhu et al. 
(2019)a  

• Support vector 
machines (SVM)  

• Aim: Identify plastic solid waste 
according to the plastics group 
(polypropylene, polystyrene, 
polyethylene etc.)  

• Type of waste: Plastic waste  
• Main result(s): identification 

accuracy up to 97.5%.  
• Differencesd: classify plastics 

waste for recycling instead of 
predicting plastic waste 
generation for interventions and 
hazard mitigation 

Wolf et al. 
(2020)a,b  

• Convolutional neural 
networks  

• Aim: present novel machine 
learning algorithm to detect, 
classify and quantify floating 
and washed plastic litter ashore 
in Cambodia  

• Type of waste: aquatic plastic 
litter  

• Main result(s): An accuracy of 
83% can be achieved  

• Differencesd: predictors, 
assessed countries/regions, 
intention: environmental 
impacts are not assessed, 
clustering and SHAP is not 
performed 

Kannangara 
et al. (2018)b  

• Neural networks  
• Decision tree  

• Aim: develop and identify the 
prediction of MSW in Canada 
based on two machine learning 
algorithms  

• Type of waste: MSW  
• Main result(s): The prediction 

error is 16–23%  

Table A1 (continued ) 

Reference Methodc Remarks  

• Differencesd: predictors, 
assessed countries/regions, 
intention: environmental 
impacts are not assessed, 
clustering and SHAP is not 
performed 

Wu et al. (2020)b  • Artificial Neural 
Network (ANN)  

• Aim: develop and optimise 
municipal solid waste (MSW) 
prediction model for mainland 
China  

• Type of waste: MSW  
• Main result(s): Models for MSW 

prediction in the southern and 
northern region of mainland 
China share many similarities in 
dependency on predictors  

• Differencesd: predictors, 
assessed countries/regions, 
intention: environmental 
impacts are not assessed, 
clustering and SHAP is not 
performed 

Adeleke et al. 
(2021)b  

• Artificial Neural 
Network (ANN)  

• Aim: Investigate the optimal 
ANN settings for predicting the 
physical composition of MSW in 
Johannesburg using seasonal 
variation related predictors  

• Type of waste: MSW  
• Main result(s): Single hidden 

layer is identified as the optimal 
architecture network  

• Differencesd: predictors, 
assessed countries/regions, 
intention: environmental 
impacts are not assessed, 
clustering and SHAP is not 
performed 

Kumar et al. 
(2018)b  

• Artificial Neural 
Network (ANN)  

• Support Vector 
Machine (SVM)  

• Random Forest (RF)  

• Aim: Predict the generation rate 
of different plastic wastes and 
the possible revenue from 
informal recycling in India 
where three nonlinear machine 
learning models are compared  

• Type of waste: Plastic waste  
• Main result(s): the plastic waste 

generation rate of a higher socio- 
economic group is 51 g/c/d and 
8 g/c/d for a lower socio- 
economic group. ANN per
formed best for the prediction 
accuracy of the plastic waste 
generation rate.  

• Differencesd: predictors, 
assessed countries/regions, 
intention: environmental 
impacts are not assessed; 
instead, the potential revenue is 
estimated, clustering based on 
socio-economic, and SHAP is not 
performed  

a Examples of study with the main purpose of plastic waste classification 
(microanalysis) or polymerisation design (Rizkin et al., 2020) rather than waste 
generation forecasting at a macro level for environmental hazard mitigation 
strategies. 

b Studies focus on waste generation forecasting, however, they mainly 
compared the accuracy of the models, rather than provide insights. 

c The comparison of model characteristics of the different machine learning 
methods (Decision trees, neural networks, Naïve Bayes, k-nearest neighbours 
(KNN) algorithm, support vector classification) is discussed in de Medeiros Back 
et al. (2021) based on 13 characteristics. The advantages of ANN compared to 
decision trees are discussed in Kannangara et al. (2018), followed by a review 
conducted by Guo et al. (2020) summarising the suitable application fields of 
different machine learning models. 

d “Differences” focus on the main differences between the conducted studies 
by the cited authors and the presented work. 
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amount). The other complex interdependencies that influence plastic 
interactions are also discussed to facilitate communication with the final 
decision-makers. One of the limitations of this study is the exclusion of 
recent input data affected by the COVID-19. It is still unclear if these 
effects will persist after the pandemic ends. However, as machine 
learning algorithms are capable of learning based on the provided data, 
an updated assessment could be conducted based on the changes in the 
selected predictors when the data impacted by COVID-19 are available. 
Future work could also be conducted at a global scale for a more 
comprehensive mapping. Such an extension can uncover patterns 
unique to developing countries and variations based on different socio- 
cultural norms. Optimal recycling and energy recovery rates and the 
capability of each country towards contributing to environmental 
impact reductions could be assessed. Such investigations can provide 
insights for the effective reduction of hazards brought by plastic use and 
disposal by offering customised strategies. 
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