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Abstract

Recycling of e-waste (waste electrical and electronic equipment) represents an impor-
tant abatement of pressure on the environment, but recycling rates are still low. This
study builds on common environmental economics approaches to identify the main driv-
ing forces of the e-waste recycling rate. The environmental Kuznets curve hypothesis
was applied in the context of the STIRPAT (stochastic impacts by regression on popula-
tion, affluence and technology) model to analyze data from 30 European countries over
the period 2008-2018. Panel quantile regression was conducted to determine the relation-
ship between e-waste recycling rate and economic growth, population, population density,
energy intensity, energy efficiency, credit to private sector and e-waste collected. Strong
evidence was found that the relationship between economic growth and e-waste recycling
rate is an N-shaped curve, i.e., the e-waste recycling rate first increases with economic
growth, then decreases in maturing economies and in mature economies starts increasing
again as the economy continues to grow. In addition to the economic development stage
of a country, e-waste collection was identified as an important determinant of the e-waste
recycling rate, regardless of whether the already achieved recycling rate was low, medium
or high. In all models, a rise of the collected e-waste quantity was linked to an increase in
the recycling rate. Therefore, expanding e-waste collection represents a priority task for
policy makers to achieve high e-waste recycling rates. Population, energy intensity and
credit to private sector also had an impact and in tendency displayed a negative effect on
the e-waste recycling rate; however, the impact of these variables was more relevant for
countries with particularly low e-waste recycling rates.
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1 Introduction

Recycling, a central circular economy principle, denotes efforts toward purposely reducing
pressure on the environment. The recycling rate commonly indicates which percentage of
a generated waste stream goes to material recovery schemes (Eurostat, 2021; Forti et al.,
2020); this captures progress toward environmental protection and sound resource manage-
ment. Countries with higher recycling rates generate less waste (Antoni & Marzetti, 2019;
Islam et al., 2019), emit fewer greenhouse gases (Magazzino et al., 2020; Turner et al.,
2015) and achieve more economic prosperity and employment opportunities (Di Vita,
2001; George et al., 2015; Liu et al., 2020).

E-waste (waste electrical and electronic equipment) is the fastest growing solid waste
stream in the world (Baldé et al., 2015; Forti et al., 2020), but its recycling rate amounted
to only 17.4% (world average) in 2019 (Forti et al., 2020), which was even lower than the
rate of 20% in 2016 (Baldé et al., 2017). Thus, e-waste is a material stream of high con-
cern. The growing quantity of e-waste is a symptom of increasing economic prosperity
because waste generation is closely linked to economic wealth (Awasthi et al., 2018; Huis-
man, 2010; Kusch & Hills, 2017), but the relationship between e-waste generation and eco-
nomic growth is not necessarily a linear one (Boubellouta & Kusch-Brandt, 2021a).

To systematically understand a relationship between economic development and a
parameter of concern, a common approach in environmental economics is the environmen-
tal Kuznets curve (EKC) hypothesis, which assumes an inverted-U-shaped relationship
between economic growth and environmental degradation, i.e., environmental degradation
increases with economic growth up to a certain level (called the turning point) and then
declines as economic growth continues (Grossman & Krueger, 1991; Panayotou, 1993).
Solid waste has been researched under the EKC hypothesis in more than 30 studies (Bou-
bellouta & Kusch-Brandt, 2021b); i.e., in these works the proxy for environmental degra-
dation was solid waste. Many of these studies focused on municipal solid waste generation,
and the picture is still somewhat fragmented because not all confirmed the EKC hypothesis
(Magazzino et al., 2021). When researching waste under the EKC hypothesis, nearly all
studies analyzed waste generation, while two recent works used mismanaged waste as a
proxy for environmental degradation (Barnes, 2019; Boubellouta & Kusch-Brandt, 2021b).

As a paradigmatic shift in how the EKC hypothesis is used, a fully novel perspective to
the EKC framework has recently been introduced by Kasioumi and Stengos (2020) who
applied waste recycling as main indicator, i.e., not pollution/environmental pressure was
their focus under the EKC analysis, but efforts to mitigate pressure on the environment.
Conceptually, recycling as a measure of environmental abatement is the opposite of envi-
ronmental degradation or pollution (Kasioumi, 2021; Kasioumi & Stengos, 2020). This
paradigmatic shift in applying the EKC hypothesis not to environmental pollution but to
recycling represents a new and potentially powerful research approach to understand the
economic elasticity of environmental abatement efforts. Using solid waste recycling data
from 50 US states over the period 1988-2017 in a semi parametric partial linear two-way
fixed effects panel data model, Kasioumi and Stengos (2020) found a J-shaped relationship
(growth continues but at lower path) between recycling level and GDP (Gross Domestic
Product) for poorer and the richest countries and an inverted-U-shaped curve (growth until
a turning point followed by decline) for a set of middle-rich US countries.

Whether such economic phenomena also exist for the recycling of e-waste as one of the
most dynamic solid waste streams has not previously been researched. To implement appropri-
ate recycling policies, the factors affecting the recycling rate merit high attention. Therefore,
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this study aims to provide insights into the main determinants of the e-waste recycling rate.
Europe is selected as the region under study due to good data availability, a relatively high
number of countries and the diversity of the countries (income, e-waste recycling rates); this
region includes best performers and low performers in terms of e-waste recycling. Overall,
Europe is the region with the highest average e-waste recycling rate worldwide (Forti et al.,
2020); for the European Union (EU28), Eurostat (2021), by compiling data from national sta-
tistics, reports an average e-waste recycling rate of 35.8% in 2015, 41.3% in 2016, 40.0% in
2017 and 42.1% in 2018. Panel data from 30 European countries over the period 2008-2018
are analyzed in this research.

This is the first work to systematically explore the relationship between economic growth
and e-waste recycling rate; simultaneously, further independent variables are considered to
comprehensively capture the drivers of the e-waste recycling rate. For this purpose, e-waste
recycling is studied under an EKC framework in which the widely used STIRPAT approach
is applied to capture the driving factors of the recycling rate. The EKC approach allows to
examine for a potentially nonlinear relationship between economic growth and recycling rate.
Quantile regression for panel data (QRPD) with non-additive fixed effects, proposed by Powell
(2016), is used as econometric method. QRPD is more powerful than traditional approaches:
(1) it provides robust results even if the data set contains outliers and (2) it provides appropri-
ate results when the independent variables have different effects at various points of the con-
ditional distribution of the dependent variable, while traditional approaches focus only on the
mean effect.

2 Literature review and background information
2.1 IPAT and STIRPAT to capture the drivers of environmental pressure

The IPAT model proposed by Ehrlich and Holdren (1971) has been extensively used to
explore the main determinants of environmental pressure. This model (Eq. 1) assumes that
impact (/) on the environment (e.g., pollution) mainly comes from three factors: population
size (P); affluence (A, commonly defined as GDP per capita); and technology (7).

I=PxXAXT (1)

This implies a proportional relationship between environmental pressure and its driving
forces. To quantify the role of individual drivers, such a simple assumption of equally impact-
ful determinants is rarely sufficient (Vélez-Henao et al., 2019). As a more comprehensive
approach, Dietz and Rosa (1997) developed the STIRPAT (stochastic impacts by regression
on population, affluence and technology) model, which is the stochastic form of IPAT. The
standard STIRPAT model has the following form:

I,=ax Pl xAS X T xe 2

where suffixes i and ¢ represent unit of observation (e.g., country) and time (year); I, P, A
and T are the same as in Eq. (1); a is the constant term; b, ¢ and d are the coefficients of P,
A and T; and e is the error term. By adding logarithms to both sides of Eq. (2), the STIR-
PAT equation takes the following form:

Inl;, =a+ b(lnPi,) + C(lnAl-,) + d(ln Ti,) +e; 3)
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STIRPAT, initially used in the natural sciences such as biology and physics, has been
applied to a broad range of areas over the last 20 years, including environmental econom-
ics, sociology, engineering, finance and marketing (Kilbourne & Thyroff, 2020). Examining
the SCOPUS database in 2019, Hashmi and Alam (2019) documented around 1300 articles
working with STIRPAT, with half of these published during the last three years of analysis.
Most STIRPAT studies used pollutant emissions as indicator of environmental degradation
(Vélez-Henao et al., 2019), but some few successfully applied solid waste generation (Arbulu
et al., 2016; Cheng et al., 2020; Fischer-Kowalski & Amann, 2001; Han et al., 2020); none
used e-waste.

2.2 Environmental Kuznets curve hypothesis (EKC) to explore the relationship
between environmental degradation and economic growth

IPAT and STIRPAT focus on the drivers of environmental pressure but do not model the
economic pattern of environmental degradation (development of environmental degrada-
tion along economic growth). A common approach to express the relationship between eco-
nomic growth and environmental degradation is the environmental Kuznets curve (EKC).
A review of Asumadu and Vladimir (2019), using Web of Science as database, found 2341
EKC studies published between 1993 and 2018; this high number of studies indicates the
productivity of this approach to capture the economic patterns of environmental pressure.
The EKC is derived from the theory proposed by Kuznets (1955). Kuznets postulated an
inverted-U-shaped curve between economic growth and inequality; he observed increasing
income inequality in the first stages of economic development but a decrease when income
per capita reached a certain level (turning point). Based on this pattern between economic
growth and a parameter of concern, Grossman and Krueger (1991) transferred the Kuznets
hypothesis to the environmental field and proposed the EKC: It assumes environmen-
tal degradation gets worse during early stages of economic development but then starts
improving when income reaches a turning point and grows further (inverted-U-shaped
curve between environmental degradation and economic growth).

Early applications of the EKC hypothesis mainly focused on direct pollutants such
as sulfur dioxide or emission of particulate matter, while since the 2000s many stud-
ies addressed greenhouse gas emissions (CO, emissions) and explicitly included related
parameters such as energy consumption or renewable energy consumption (Pata, 2018a;
Pata & Caglar, 2021; Thio et al., 2021). More complex parameters such as seawater quality
(Wang et al., 2019), industrial wastewater discharge (Diao et al., 2009), ecological footprint
(Al-Mulali et al., 2015; Pata, 2021) or water footprint (Sebri, 2015) have also been used as
a proxy for environmental degradation in the last two decades. It is well acknowledged in
the EKC literature that income is not the only factor affecting environmental degradation,
and thus, it is common to include further relevant explanatory variables or control vari-
ables such as trade openness, industrialization, import, export, capital, labor, globalization,
urbanization or technological development (Allard et al., 2018; Pata, 2018b).

Grossman and Krueger (1995) and Panayotou (1997) argued the relationship between
economic development and environmental degradation might be N-shaped rather than
inverted-U-shaped; in such case, environmental degradation would increase again at a high
level of economic prosperity (called second turning point).

The basic EKC model is captured through the following equation:

I = ay + a;(GDP.cap) + a,(GDP.cap)’ + a;(GDP.cap)’ + a,X + € “4)
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where [ represents the indicator of environmental pressure, GDP.cap is the gross domestic
product per capita and X refers to control variables and ¢ is the error term. Based on the
mathematical signs of the coefficients a of the GDP.cap terms (i.e., @, a,, a3), the nature of
the relationship between income per capita and environmental pressure can be identified:

If a; =a, =a3=0, there is no relationship.

If ;>0 and @, =a3 =0, there is a monotonically increasing linear relationship.
If a; <0 and a, =a; =0, there is a monotonically decreasing linear relationship.
If o, >0 and a, <0 and a; =0, there is an inverted-U-shaped relationship.

If ; <0 and @, >0 and a3 =0, there is a U-shaped relationship.

If ;>0 and @, <0 and a3 >0, there is an N-shaped relationship.

If a; <0 and a,>0 and a; <0, there is an inverted N-shaped relationship.

An inverted-U-shaped curve has frequently been reported in the EKC literature; most of
the more than 2000 previous studies used atmospheric pollution such as carbon dioxide, sulfur
dioxide and greenhouse gas as proxy for environmental degradation (Asumadu & Vladimir,
2019). An N-shaped relationship has been reported in some works, based on analyzing air
pollution parameters, e.g., sulfur dioxide, fine smoke and suspended particles (Grossman &
Krueger, 1991, 1995) or water footprint (Sebri, 2015).

Solid waste (waste Kuznets curve), such as municipal solid waste, plastic waste and indus-
trial waste, has been used in around 30 EKC studies (Boubellouta & Kusch-Brandt, 2021b),
and results are inconclusive; most studies (3/4), but not all, identified an inverted-U-shaped
relationship. A review of the literature related to the waste Kuznets curve is available else-
where (Boubellouta & Kusch-Brandt, 2020, 2021a). An N-shaped EKC pattern had not been
reported for solid waste over the last decades, but recently Wang et al. (2021) have found an
inverted N-shaped EKC pattern for municipal solid waste generation in cities across the eco-
nomically less developed region of western China.

Only four studies subjected e-waste to the EKC hypothesis: Three addressed e-waste gen-
eration and one focused on mismanaged e-waste quantities. Boubellouta and Kusch-Brandt
(2020) were the first to explore e-waste generation under the EKC hypothesis; based on panel
data over the period 2000-2016 for EU28+2 countries, they found strong EKC evidence
(inverted-U-shaped relationship between GDP per capita and e-waste generation). Subse-
quently, Boubellouta and Kusch-Brandt (2021a), using e-waste generation for 174 countries
for 2016, confirmed the EKC for a broader set of countries and regions worldwide. In addi-
tion, Boubellouta and Kusch-Brandt (2022) analyzed the generation of major e-waste catego-
ries for EU28+2 countries; for all categories under study (temperature exchange equipment,
screens and monitors, lamps, large equipment, small equipment, and small IT and telecommu-
nication equipment), the EKC hypothesis in the form of an inverted-U-shaped curve was con-
firmed. Unlike studies which focused on e-waste generation, Boubellouta and Kusch-Brandt
(2021b) examined the relationship between GDP and mismanaged e-waste (uncollected and
non-recycled/non-reused e-waste) for 27 European countries (2008-2016); the regression
analysis found an inverted-U-shaped relationship between GDP and uncollected e-waste and
also between GDP and non-recycled/non-reused e-waste.

2.3 Economic patterns of e-waste

The literature to understand economic patterns of e-waste is limited in quantity and scope.
Previous studies mainly focused on e-waste generation, i.e., quantities of e-waste occurring
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in an economy. A linear relationship between economic development and e-waste gener-
ation was observed in some works, namely for European (Awasthi et al., 2018; Namlis
& Komilis, 2019), pan-European (Kusch & Hills, 2017) or the most populous countries
worldwide (Kumar et al., 2017), while Huisman (2010) identified a quadratic relationship
for mature EU economies; this suggested that the assumption of a linear relationship might
not be justified for all settings, and overall, a more complex relationship between economic
growth and e-waste generation can be expected. Consequently, the EKC hypothesis was
tested for e-waste, as described above, which disclosed existence of an inverted-U-shaped
relationship between GDP per capita and e-waste generation for Europe (Boubellouta &
Kusch-Brandt, 2020) and worldwide (Boubellouta & Kusch-Brandt, 2021a), and also for
individual e-waste categories across Europe (Boubellouta & Kusch-Brandt, 2022). Thus,
generation grows with the economy up to a certain point (turning point), while mature
economies experience a decline of e-waste generation.

Waste generation, although a commonly used indicator in environmental econom-
ics (Huang et al., 2021; Jaligot & Chenal, 2018), is not fully comprehensive as indicator
for environmental degradation when advanced waste management collection and treat-
ment schemes exist. In such cases, environmental pressure will predominantly come from
the mismanaged part of waste (Boubellouta & Kusch-Brandt, 2021b; Willis et al., 2021).
Adopting an idea of Barnes (2019) who employed mismanaged plastic waste as indica-
tor in an EKC framework, Boubellouta and Kusch-Brandt (2021b) researched mismanaged
e-waste and confirmed the EKC hypothesis with panel data from 27 European countries
(inverted-U-shaped curve between GDP and uncollected e-waste quantity, also between
GDP and non-recycled/non-reused e-waste quantity). However, the quantity of misman-
aged waste is the result of two overlapping factors, namely quantity of waste diverted to
sound management such as recycling, and quantity of waste generated. For e-waste, both
factors are highly dynamic: E-waste is rapidly growing, and many countries (with Euro-
pean countries taking the lead) are setting up advanced management schemes (Yla-Mella
& Roman, 2019). Studying non-recycled waste quantities therefore does not conclusively
reveal the economic pattern of recycled waste.

The recycling rate captures an element which is different from only looking at the quan-
tity of non-recycled (or non-reused) waste: It is the recycling rate (share of recycled waste
out of the total generated waste) which indicates the level at which an important environ-
mental abatement opportunity is realized in a country. Thus, researching the recycling rate
explores new aspects of the economic patterns of a material of environmental concern.
Understanding the main driving forces of the e-waste recycling rate is essential to imple-
ment effective resource management policies.

2.4 Key driving forces of recycling

It is widely accepted that environmental attitudes (Bezzina & Dimech, 2011; Saphores &
Nixon, 2014; Zen & Siwar, 2015) and education of citizens (Escario et al., 2020; Jenkins
et al., 2003; Sidique et al., 2010; Song et al., 2019) positively influence solid waste val-
orization. However, the key driving forces of recycling at the macrolevel have not been
well understood (Kirakozian, 2016; Onder, 2018; Razzaq et al., 2021). Clearly, popula-
tion numbers or population density can impact efficiency of waste management systems,
including recycling; in particular, sparsely populated regions are more challenging with
view to establishing efficient systems (Richter et al., 2021). Household income and eco-
nomic development stage of a region have been studied as determinants of waste recycling;
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however, results are inconsistent. A negative effect of household income on recycling
behavior was demonstrated for 539 individuals in France (Kirakozian, 2016). On the other
hand, Jenkins et al. (2003) found a positive effect of household income on recycling (espe-
cially of newspapers) among 1049 urban US households. Antoni and Marzetti (2019)
looked at the economic development stage of regions in terms of GDP and found no sig-
nificant impact of GDP per capita on the recycling rate when examining 116 provincial
capitals in Italy over the period 2000-2012. However, Onder (2018) observed a nega-
tive impact of GDP per capita on the recycling rate of packaging waste, using panel data
from 31 European countries over the period 2004-2014. Furthermore, for municipal solid
waste, separate collection of recyclables (especially curbside collection) has been identified
as one main factor to ensure elevated recycling rates (Antoni & Marzetti, 2019; Jenkins
et al., 2003; Park & Berry, 2013; Shinkuma, 2003); volume-based waste fees for residual
waste can support recyclables collection (Gellynck et al., 2011; Park & Lah, 2015; Sakai
et al., 2008). In addition, interlinkages between economic development, renewable energy
consumption and recycling rates have been reported for OECD countries (Cerqueira et al.,
2021); the results suggest that high renewable energy consumption levels correspond to
high solid waste recycling rates, which reflects technological progress in a country. For the
USA, a correlation between municipal solid waste recycling and energy efficiency has been
observed; high recycling rates were accompanied by high levels of energy efficiency (Raz-
zaq et al., 2021). Another relevant factor is involvement of the private sector in waste man-
agement. The private sector has an essential role in establishing recycling schemes (Shah
& Guha, 2021); however, it was also reported that for high-income countries higher levels
of credit to private sector induced a higher share of mismanaged waste (Boubellouta &
Kusch-Brandt, 2021b), and thus, the effective impact of this factor is not fully clear.

Based on the existing literature about solid waste recycling, it can be hypothesized that
the following factors might impact the e-waste recycling rate at the macrolevel: population/
population density, economic development stage, e-waste collection system, energy usage
and its efficiency, and credit to private sector. Whether these factors indeed significantly
influence the e-waste recycling rate is to be analyzed in the following.

3 Methodology and data

To capture the determinants of e-waste recycling, this work employs an extended STIRPAT
model and conducts panel quantile regression with data from 30 European countries.

3.1 Extended STIRPAT model

The STIRPAT model is powerful in identifying the impact of population, affluence and
technology on environmental pressure; however, it does not include other potentially
impactful variables (Dietz & Rosa, 1994). Furthermore, based on the EKC hypothesis, eco-
nomic growth can have a nonlinear relationship with environmental degradation, which
is not captured by the standard STIRPAT model. To account for this, STIRPAT model
and EKC hypothesis can be merged by including GDP per capita square and cube in the
STIRPAT expression (Shahbaz et al., 2016; Xu et al., 2020). This uses GDP per capita
cube as the highest GDP term of the model setting, which tests for the N-shaped EKC.
To avoid omitted-variable bias, in this study further variables that could have an impact
on the e-waste recycling rate are included as control variables: credit to private sector and
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collected e-waste. Thus, by incorporating GDP per capita square and cube, credit to private
sector and collected e-waste into Eq. (3), the STIRPAT model becomes as follows:

In RECY,, = ay + a, (In POP,,) + a,(In GDP.cap,) + a;(In GDP.cap,,)’
+a,(In GDP.cap,)’ + a5(In EN.IN,) + a4 (In CRED,) (5)
+a;(In COLL,,) +e¢;

where RECY denotes e-waste recycling rate, POP is population size, GDP.cap is gross
domestic product per capita and EN.IN is energy intensity as a proxy of technology. Energy
intensity, as the amount of energy used to produce a given level of GDP, reflects the envi-
ronmental impacts of production activities in a country better than energy consumption,
because the latter is affected by per capita income (Pata & Isik, 2021). CRED is credit to
private sector, and COLL is collected e-waste. (For units of variables, see below in docu-
mentation of data used.) Since some previous studies used population density instead of
population (Danish et al., 2021; Liddle, 2014) and energy efficiency as a proxy of technol-
ogy (Xu et al., 2017; Yeh & Liao, 2017), both variables are employed in this research to
check the robustness of results. Thus, a second STIRPAT model is used in this study as an
alternative to Eq. (5), given by Eq. (6):

InRECY,, = a; + a; (InDENS,,) + a, (In GDP.cap;, )

+ a3 (ln GDP.capi[)2 +ay (ln GDP.capit)3 +as (ln EN.EFl-,) (6)
+ ag(InCRED;,) + a7 (InCOLL;,) +¢;

where DENS represents population density and EN.EF energy efficiency. (The other vari-
ables are the same as in Eq. 5.)

3.2 Panel quantile regression

Over the last years, environmental economics has revealed an increased interest in the
quantile regression approach which was originally developed by Koenker and Bas-
sett (1978). This method analyses single quantiles (i.e., percentiles) of the data set dur-
ing regression. This gives more robust results compared to the traditional ordinary least
squares (OLS) method and it yields more detailed insights. Traditional OLS is biased in the
presence of outliers (one outlier can strongly affect OLS estimates), while quantile regres-
sion avoids such bias (Chen & Lei, 2018). Furthermore, quantile regression captures the
conditional distribution of the dependent variable within the regression framework, while
OLS focuses only on the conditional expectation (Zhu et al., 2016). In addition, if normal
distribution of data is not fulfilled, OLS regression results will be inconsistent, while quan-
tile regression provides consistent results with any distributional assumption (Xu & Lin,
2020).

The pooled quantile regression originally proposed by Koenker and Bassett (1978) does
not factor in unobserved heterogeneity of a complex observation unit such as a country.
In consequence, different researchers (Canay, 2011; Koenker, 2004; Ponomareva, 2010;
Rosen, 2012) have developed a panel quantile regression with fixed effects (FEQR) to
address unobserved individual heterogeneity (individual effects) of observation units. This
approach is defined as follows:
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Qyi, (Tk/ai’xir) =a+ x;‘tﬂ(ﬁ) ™

where y denotes dependent variable, x; is the vector of independent variables, a represents
individual fixed effects, 7 is the rth quantile with € (0, 1); and f, is the zth quantile of
coefficients to be estimated. A limitation of additive fixed effects quantile regression is the
problem of the incidental parameter when the time dimension of panel data T is small, and
furthermore, this method is not efficient to estimate a large number of fixed effects (i.e.,
many countries to analyze) (Albulescu et al., 2019).

To overcome such limitations, quantile regression for panel data with non-additive
fixed effects (QRPD) was introduced by Powell (2014, 2016). While the FEQR estima-
tor conceptually separates the disturbance term and assumes the parameters to be inter-
preted do not vary based on the fixed effect, QRPD assumes non-additive fixed effects
with varying impact of the non-additive disturbance term on the parameters under study,
while it also maintains a non-separable disturbance term in agreement with the basic
quantile regression approach. Furthermore, QRPD determines the distribution of y;/D;,
(where D;, is the set of explanatory variables), while FEQR estimates the distribution
of (y,—a;)/D,;; Powell (2014, 2016) pointed out that applying FEQR may be an inap-
propriate choice, because observations located at the most elevated levels of the (y;, —a;)
term can belong to the lowest levels of the y,, distribution, and thus, the outcome of the
FEQR method can lack critical information. QRPD with non-additive fixed effects is
expressed by Eq. (8).

vi = D(U}) (8)

where y;, stands for the dependent variable, D', represents the set of independent variables,
f indicates the coefficient of the variables to be interpreted and U, is the holistic error
term. The error term is sensitive to moderation by various types of disturbances, of which
some might be fixed while others can vary in time. In line with Powell, the QRPD model
manifests linear in parameters, and the function D', is strictly increasing with view to 7.
For each quantile 7, the regression incorporates the conditional restriction of Eq. (9), with
P being the probability (P € (0, 1)). This conditional restriction encapsulates a probability
of the dependent variable y;, which is smaller or the same as the quantile function for all
independent variables and which is equal to 7.

P(y; < D\fyy/Dy) =7 ©9)

According to Powell (2014, 2016), the probability can be assumed to be subject to
variations among the observed entities and even within-entity (over time), if the con-
dition applies that such variation occurs orthogonal to the instruments of the model.
Consequently, the QRPD model is specified to respect both a conditional and an uncon-
ditional restriction, in which D;= (D , D;,) is defined by Eqs. (10) and (11).

HUREE

P(yy < Dyfs)/D;i) = P(vis < DB/ D;) (10)

P(yy <D\fry) = an

Using generalized method of moments (GMM) for the regressions, Powell’s QRPD esti-
mator was built in an instrumental variable framework, with Z;=(Z;, ..., Z;) being the

instruments adopted (Powell, 2014, 2016). Equation (12) provides the sample moments.
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t=1

N T
- ]%/ Y by with gb) = {Z (Z Z) (1 <D} (12)
i=1

—Z _ 1 §T
where Z; = - 3., Z;.
Building on Eq. (12), the set of parameters to be considered is defined with Eq. (13).

N
1
{b/f__ Nzly”<Db <1 forallt} (13)

i=1
Then, Eq. (14) is applicable (A is a weighting matrix).
B/(?) = argmin 3(b) Ag(b) with b€ B (14)

Drawing from previous quantile regression studies, such as Xu et al. (2017), five quan-
tiles are analyzed in this work: 10th, 25th, 50th, 75th and 90th percentile of the conditional
e-waste recycling rate. The lower quantiles contain the countries with lower recycling rates
and the upper quantiles the countries with higher recycling rates. In addition to QRPD, tra-
ditional ordinary least squares (OLS) regression is applied for comparison purposes.

To ensure that the used variables are stationary, unit root tests are conducted before
running the regressions; test methods and results are presented in Sect. 3.4. Stata 15.1 was
employed as the econometric software to implement the regressions. Markov Chain Monte
Carlo (MCMC) optimization method was applied.

3.3 Data

This research is based on unbalanced data from 30 European countries (EU28 plus Nor-
way and Iceland) covering the period 2008-2018 (11 years). Choice of countries and study
period is based on data availability. The dependent variable is e-waste recycling rate (per-
centage of e-waste that goes to recycling/reuse in a country, out of total generated e-waste
in the country); the data for each country and year are taken from Eurostat (2021), which
creates a data set with 290 data points (for some countries, annual data are incomplete
in Eurostat). Two sets of independent variables are used: (1) explanatory variables (GDP
per capita, population size, population density, energy intensity, energy efficiency); and (2)
control variables (credit to private sector, collected e-waste). The data for GDP per capita,
energy intensity, energy efficiency and collected e-waste are taken from Eurostat (2021),
while population size, population density and credit to private sector are extracted from the
database of the World Bank (2021).

Table 1 provides the descriptive statistics and the results of the normality tests for all
variables used. RECY is the e-waste recycling rate (in % of generated e-waste). GDP.cap
is the gross domestic product per capita at constant 2010 EURO (GDP in chain linked
volumes, reference year 2010). POP is the population number in a country, as one of the
classical STIRPAT variables; DENS, as an alternative variable to capture the demographic
element, is the population density, measured as people per square kilometer land area.
EN.IN (capturing the technology factor of the STIRPAT model) is the energy intensity of
the economy, expressed in kilograms of oil equivalent (kgoe) per thousand EURO (GDP
in chain linked volumes 2010). EN.EF, as an alternative variable to capture the technology
factor, represents the energy efficiency of a country; in line with the energy efficiency dash-
board of the EU (Eurostat, 2021), this is total primary energy consumption of a country (in
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Table 1 Descriptive statistics (total data set of n=290; In is the logarithm)

Variables Mean Max Min Std. Dev  Skewness Kurtosis ShapWilk N

InRECY (%) 3.49819 4.65586 2.27212  0.43355 -0.60309 3.53393 0.96561*** 290
InGDP.cap® 10.0249 11.3322 8.52714  0.65590 —0.12869 2.30783  0.97275*** 290
InGDP.cap?? 100.927 128.419 72.7121 13.1046 —0.00171 2.29789 0.97330*** 290
InGDP.cap®? 1020.35 1455.28 620.027  197.283 0.12494 2.33544 0.97151*** 290
InPOP (inh) 15.7730 18.2332 12.6783 1.41938 —0.22364 2.60306 0.95749*** 290
InDENS (inh/km?) 4.53251 7.28790 1.16288  1.10228 —0.40654 4.17144 0.94928*** 290
InEN.EF® 3.15080 5.75304 —0.34249  1.36243 —0.15203 2.73102 0.97675*** 290
InEN.IN¢ 5.11212  6.30753  3.98564  0.48346 0.28434 2.60851 0.98478*** 290
InCRED (%) 443217 5.54248 3.33675  0.46979 0.00334 2.41335 0.98514*** 290
InCOLLY 1.90824 3.17346  0.03922  0.57976 —0.29821 2.99265 0.98802** 290

sk ek and * s statistical significance at 1%, 5% and 10% level, respectively

“In EURO per capita at constant 2010 EURO (in chain linked volumes 2010)

®In million tonnes of oil equivalent (Mtoe)

“In kilograms of oil equivalent (kgoe) per thousand EURO (GDP at constant 2010 EURO)
9In kilograms per inhabitant

million tonnes of oil equivalent (Mtoe)). CRED is credit to private sector in % of a coun-
try’s GDP. COLL is e-waste collected in kilograms per inhabitant.

Before applying panel quantile regression, it is useful to know whether variables are
normally distributed. For this purpose, two approaches are available: descriptive statistics
and statistical tests. Regarding descriptive statistics, skewness and kurtosis are commonly
applied. Skewness captures asymmetry of the data distribution. When the third moment
(skewness) is equal to zero, the data are normally distributed. As shown in Table 1, the
skewness coefficients for all variables are different from zero; therefore, the variables under
study are not normally distributed. Kurtosis as a statistical measure identifies the disper-
sion of data. When the third moment (kurtosis) is equal to 3, the data are normally distrib-
uted. The results in Table 1 show the kurtosis coefficients of all variables of interest are
different from 3, which confirms that all variables are not normally distributed. Regarding
statistical tests, Shapiro—Wilk test (Royston, 1992) is applied, and the significant probabil-
ity values for all variables confirm the variables are not normally distributed. These results
indicate that conditional mean regression could provide biased results, while the panel
quantile regression approach will provide robust results, and thus is the appropriate choice.

The correlation matrix for the variables is available from Table 2. Population has weak
positive relationships with the rate of e-waste recycling. Moreover, GDP per capita, energy
efficiency and e-waste collected have significant positive impacts on the e-waste recycling
rate, while population density, energy intensity and credit to private sector negatively affect
the rate of e-waste recycling at 1 and 5% level of statistical significance, respectively.

3.4 Unitroot tests

Before running the panel quantile regression, all variables under study are tested for
stationarity, i.e., if they contain unit root or not. If data contain unit root, they are non-
stationary, with a risk of spurious regression, potentially delivering misleading regres-
sion results. This would negatively affect the interpretation of the relationship between
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e-waste recycling rate and its driving forces. The unit root test allows to identify whether
the time series used is stationarity (has no unit root) or non-stationary (possesses a unit
root) (Magazzino, 2016a, 2016b). Econometrics literature provides a variety of panel data
unit root tests; methods can be divided into two types: (1) common unit root tests such as
Lavin-Lin—Chu (LLC) test (Levin et al., 2002) and (2) individual unit root tests, includ-
ing Im—Pesaran—Shin (IPS) (Im et al., 2003), augmented Dicky—Fuller (ADF) (Dickey &
Fuller, 1979) and Phillips—Perron (PP) (Phillips & Perron, 1988). Four tests are used in this
study to examine the unit root for all variables. For all tests, the null hypothesis assumes
presence of a unit root, i.e., the time series is non-stationary, while the alternative hypoth-
esis assumes nonexistence unit root, i.e., the time series is stationary. The Schwartz infor-
mation criterion is adopted to determine the optimum lag.

The results of common and individual unit root tests are reported in Table 3. Energy
efficiency is stationary in level. E-waste recycling rate, GDP per capita, population, popu-
lation density, energy intensity, credit to private sector and e-waste collected are non-sta-
tionary in level; however, they are stationary in the first difference at 1% level of statistical
significance. Therefore, stationarity of the variables is confirmed.

4 Results and discussion
4.1 Panel quantile regression results

This research uses panel quantile regression with non-additive fixed effects (QRPD) to
examine the e-waste recycling rate determinants across 30 European countries. QRPD was
selected as main method because it provides more robust results compared to traditional
ordinary least squares (OLS) regression when the data set used contains outliers or when
the time dimension of panel data is small. The dependent variable is the e-waste recycling
rate. To determine its drivers, two different sets of explanatory variables are employed: (1)
as specified with Eq. (5), the first set consists of GDP per capita (GDP.cap), population
size (POP) and energy intensity (EN.IN); (2) as specified with Eq. (6), the second set of
explanatory variables contains GDP.cap, population density (DENS) and energy efficiency
(EN.EF). In both versions, credit to private sector (CRED) and collected e-waste (COLL)
are added as control variables.

The panel quantile regression results obtained when using GDP.cap, POP and EN.IN as
explanatory variables (and CRED and COLL as control variables) are reported in Table 4.
For comparison purposes, pooled OLS regression is also conducted, and those results are
included in the last column of the table.

The coefficients of GDP per capita, GDP per capita square and GDP per capita cube are
positive, negative and positive, respectively, and statistically significant at 1% level across
all quantiles. This result indicates that the relationship between e-waste recycling rate and
GDP per capita is that of an N-shaped curve at the different quantiles. Similar results are
obtained from pooled OLS regression. Thus, the recycling rate first increases with eco-
nomic growth, then undergoes a stage of decrease and finally increases again along further
economic growth. However, the picture differs across quantiles. GDP per capita square and
of GDP per capita cube have a more pronounced impact in the upper quantiles (75th, 90th
percentile, representing countries with high recycling rates); this suggests that in econo-
mies which have already established e-waste recycling schemes, the economic develop-
ment has a more dominant impact over other influencing factors compared to countries
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Table 4 Regression results from Eq. (5) (dependent variable: e-waste recycling rate; explanatory vari-
ables: GDP per capita, population size, energy intensity; control variables: credit to private sector, collected
e-waste)

Quantile regression Pooled OLS

10th percentile ~ 25th percentile ~ 50th percentile ~ 75th percentile ~ 90th percentile

InGDP.cap 11.42567%%* 4.85164%* 7.04285%*** 33.40508%** 29.44488%** 11.72424%

(1.43044) (1.69875) (1.17882) (0.25553) (1.70393) (6.74602)
InGDPcap?  —1.23086%%%  —(0.55085%%%  —0.77062%%  —3.53917#k  _3]0195%*  —]30292%
(0.14033) (0.17261) (0.11823) (0.02506) (0.17072) (0.67315)
InGDPcap®  0.04132%%+ 0.01859%* 0.02572 0.12214%# 0.10623%#* 0.045575*
(0.00457) (0.00581) (0.00394) (0.00082) (0.00567) (0.02232)
InPOP —0.04647##%  —0.08781%%%  —0.08121%F%  —0.04314%k%  —0.04114%8%  —(0.04477
(0.00392) (0.00391) (0.00335) (0.00045) (0.00187) (0.00892)
InEN.IN —0.52716%#%  —0.43069%%%  —0.20143%%%  _(021572FE  —(.27444%6% (32901
(0.00773) (0.01359) (0.00623) (0.00134) (0.00791) (0.03769)
InCRED —024974%%%  _024302%%F  —0.16158%%%  —0.05969%*%  0,02772%+* —0.15899%++
(0.01636) (0.02112) (0.00890) (0.00357) (0.00640) (0.03503)
InCOLL 1.01206%+#* 0.92043 %+ 0.93562++ 0.92736%#* 0.84878 %55 0.93908**
(0.00717) (0.01092) (0.00714) (0.00136) (0.00597) (0.03996)
Wald test 53,335.82%%%  43308.84%%  85803.34%*  6.8et06HH* 2.3e+05%#* 285.9690%+*

##% and ** ig statistical significance at 1% and 5% level, respectively. Standard error is reported in paren-
thesis

where such recycling schemes are not yet widespread. This agrees with the note of Yla-
Mella and Roman (2019) that in Europe high-income countries tend to have more elaborate
e-waste management systems. Another interesting observation is the relatively soft impact
of GDP per capita cube: The recycling rate turns from a negative development into growth
at higher GDP levels, but effects of GDP per capita cube are relatively small compared
to those of GDP per capita and GDP per capita square; thus, an increase in the e-waste
recycling rate happens in very mature economies but at a slow rate only. These results are
consistent with findings of Kasioumi and Stengos (2020) for solid waste recycling rates
across US countries, both with view to differences observed between the wealthiest and
poorer countries and with view to a slow increase in recycling in rich countries, although
the authors interpreted the pattern for the wealthiest and the poorest countries as a J-shaped
curve between income level and recycling, while they identified an inverted-U-shaped
curve for middle-rich countries. Therefore, it can also be concluded that the approach of
this study to test for the N-shaped EKC curve for e-waste recycling rate is advantageous
compared to applying the more conventional inverted-U-shaped EKC testing; inclusion of
the cube term to account for a potentially N-shaped curve provides a more comprehensive
and robust picture. In this work, using GDP square as the highest term, thus testing for the
inverted-U-shaped EKC, was also trialed, but results were less robust compared to includ-
ing GDP per capita cube.

Population is a frequently used indicator to examine the effect of demographic pressure
on the environment. For e-waste, previous studies found that population increases envi-
ronmental pressure due to higher e-waste generation (Boubellouta & Kusch-Brandt, 2020,
2021b). The results of this study complement the existing knowledge. Table 4 shows that
population size impacts the recycling rate: Population has a negative influence (statistically
significant at 1% level) on the e-waste recycling rate across all quantiles, i.e., an increase in
the population number means a lower recycling rate, while a decline in population number
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(which according to Eurostat data is the case for some European countries such as Bul-
garia, Hungary, Italy and Romania) is accompanied by a higher recycling rate. An explana-
tion might be a lag phase between a population change and the adaption of infrastructures
and waste management schemes to account for such change. A lag phase between popu-
lation changes and infrastructure adaptation has been reported or discussed in the litera-
ture for various infrastructural elements, including energy supply, transport and mobility
systems, water supply and wastewater treatment schemes (Adshead et al., 2019; Church-
ill et al., 2021; Hummel & Lux, 2007). Most studies in this context focused on low- or
middle-income countries, but a delay in infrastructure adaptation in response to population
changes has also been documented for high-income countries such as Germany (Hummel
& Lux, 2007). Regarding the impact of population on the e-waste recycling rate observed
in this work, it can be identified from above data that this influence of the population num-
ber is slightly more pronounced in the lower middle quantiles (25th, 50th percentiles), and
thus, a growing population number seems to reduce the rate of recycling rather in countries
with a medium e-waste recycling rate, i.e., in countries which do not yet have in place
highly effective recycling schemes. Thus, where recycling systems are not yet widely
adopted, the overall recycling rate apparently is more susceptible to perturbations as a
result of a change in population numbers.

Regarding the effect of energy intensity, Table 4 shows coefficients with mathemati-
cally negative sign (and significant at 1% level) across all quantiles; the same is obtained
from pooled OLS. The negative sign of the coefficient indicates the e-waste recycling rate
decreases when energy intensity increases. This can be explained because of more usage
of electrical and electronic equipment occurring along a growing energy intensity (Morley
et al., 2018) and consequently higher quantities of e-waste generated and left unrecycled in
the context of the existing waste management systems of an economy. The implication of
energy intensity is somewhat heterogeneous across quantiles; in upper quantiles, the effect
is smaller than in low quantiles. Thus, energy intensity is a less relevant recycling rate
determinant in countries with already elevated recycling rates, which traditionally include
Sweden and Denmark and more recently Hungary and Bulgaria. This set of countries con-
tains both high-income nations with an energy intensity below EU average (Sweden, Den-
mark) and lower-income nations with above average energy intensity (Hungary, Bulgaria).
The role of energy intensity is therefore difficult to interpret for single quantiles. However,
it is evident that for upper quantile countries (i.e., where high recycling rates have already
been achieved), explanatory variables other than GDP, including energy intensity, and con-
trol variables are less relevant; therefore, in the upper quantile countries GDP has a more
dominant role as a recycling rate driver compared to countries with lower recycling rates.
Evidently, recycling rate drivers are more varied in their impact where the recycling rate is
low; once the rate is elevated, the economic development stage of a country strengthens its
role as most important recycling rate determinant. This is especially the case for the 75th
percentile, which includes many of the most mature economies (Denmark, Norway, Swe-
den, Luxembourg).

Pooled OLS and quantile regression both show that the effect of control variables (credit
to private sector, e-waste collection rate) is also significant. In agreement with observations
presented above, the quantile regression results illustrate the variables’ impact is more pro-
nounced in lower quantiles. Credit to private sector has a negative effect (and significant
at 1% level) on the e-waste recycling rate across all quantiles except the highest quantile.
This negative effect can be attributed to an increasing investment in response to the higher
credit offered to the private sector, which is accompanied by more usage of electric and
electronic devices and consequently more e-waste generation, without necessarily higher
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recycled e-waste volumes. This finding is consistent with earlier research: Boubellouta and
Kusch-Brandt (2021b) found higher levels of credit to private sector were accompanied by
more non-recycled/non-reused e-waste in 27 European countries.

Interestingly, the quantity of e-waste collected has a key role as e-waste recycling rate
determinant. As shown in Table 4, pooled OLS and quantile regression both disclose a
significant positive effect of e-waste collected, and this applies to all quantiles. This sug-
gests that an increase in the amount of e-waste collected will lead to a higher e-waste recy-
cling rate across European countries. This result supports conclusions of Boubellouta and
Kusch-Brandt (2021b), who elaborated that the quantity of non-recycled e-waste in Euro-
pean countries is strongly determined by the quantity of e-waste that remains uncollected.
Again, the impact of the control variable is in tendency lower toward upper quantiles, but
e-waste collected is one of the most important drivers in all quantiles.

Finally, to check the significance of the estimated models presented in Table 4, the Wald
test (Koenker & Bassett, 1982) is employed. The null hypothesis of the Wald test is that all
the coefficients are equal to zero. As shown in the last line of Table 4, the null hypothesis
in all estimated models is to be rejected; thus, the coefficients are different from zero and
significance of the models is confirmed.

To provide a more comprehensive picture and check robustness of findings, a sec-
ond regression round is conducted, using an alternative set of explanatory variables (as
explained above). In this round, population density is used instead of population number as
a proxy for the demographic characteristics and energy efficiency (in terms of total primary
energy use of a country) is employed instead of energy intensity to account for the technol-
ogy factor. Table 5 presents the results.

The response of e-waste recycling rate to GDP per capita, GDP per capita square and
GDP per capita cube is positive, negative and positive, respectively, across all quantiles,
at 1% of statistical significance, which indicates the relationship between recycling rate
and GDP per capita is that of an N-shaped curve. This observation agrees with the earlier
results obtained with population and energy intensity as explanatory variables (Table 4).
In addition, similar results are also found from pooled OLS regression. This is strong
evidence that the EKC hypothesis (N-shaped relationship) is fulfilled between economic
growth and the e-waste recycling rate.

Further insights can be gained from analyzing the regression results in Table 5. Like
in earlier observations with the first set of explanatory variables (Table 4), GDP per cap-
ita is the most relevant explanatory variable. Especially for the 75th and the 50th percen-
tiles (i.e., where elevated or high e-waste recycling rates have already been achieved), the
effects of GDP, GDP square and GDP cube are particularly pronounced. Mature European
economies fall into those quantiles. This supports the earlier observation that for mature
economies further economic development is clearly the most relevant, and in fact domi-
nant, determinant of the e-waste recycling rate. For population density, pooled OLS sug-
gests a negative effect on the e-waste recycling rate, but quantile regression finds this only
where recycling rates are low. The explanatory power of population density as a variable
is generally rather low across all quantiles. When looking at energy efficiency, pooled OLS
indicates the result is statistically not significant, while quantile regression shows negative
and statistically significant coefficients in all quantiles except the 10th percentile. However,
compared to the earlier used variable energy intensity, the effect of energy efficiency is
much lower. Therefore, the explanatory power of energy efficiency is small compared to
energy intensity. Regarding control variables, the quantile regression results in Table 5 are
consistent with those reported earlier from the first regression round (Table 4): Credit to
private sector has a negative impact on the e-waste recycling rate across all quantiles, while
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Table 5 Regression results from Eq. (6) (dependent variable: e-waste recycling rate; explanatory variables:
GDP per capita, population density, energy efficiency; control variables: credit to private sector, collected
e-waste)

Quantile regression Pooled OLS

10th percentile ~ 25th percentile ~ 50th percentile ~ 75th percentile ~ 90th percentile

InGDP.cap 20.80634%** 10.77288%** 26.83219%** 25.96180%** 12.81427%%* 29.85103**

(0.11527) (0.51428) (2.76269) (0.50665) (0.86424) (7.83484)
InGDPcap?  —2.12804%#%  —1.15743%#% 083458k _D74733kwk ] 35844%x 310038+
(0.01180) (0.05196) (0.28434) (0.05124) (0.08610) (0.78228)
InGDPcap®  0.07062%%* 0.03949%5 0.09777##* 0.09483 %5 0.04629%5 0.106927+*
(0.00040) (0.00174) (0.00969) (0.00173) (0.00284) (0.02592)
InDENS —0.05793%%%  —0.04401%%%  —0.00316 0.054958%#%  (0.06465%#* —0.02861%*
(0.00128) (0.00117) (0.00580) (0.00096) (0.00095) (0.01409)
InEN.EF 0.04472755 —0.02074%%%  —0.03188%#%  —0.05303%%%  —0.08190%**  0.00499
(0.00073) (0.00290) (0.00248) (0.00168) (0.00132) (0.00857)
InCRED —0.14675%%  —(0.13848%%%  —(.10275%%  —0.06304%%%  —0.08964% k%  —(.1046T+++
(0.00230) (0.00469) (0.01506) (0.00725) (0.00315) (0.03678)
InCOLL 0.99874## 0.96387#* 0.92670%* 0.87635%* 0.85725%* 0.87357##*
(0.00450) (0.00510) (0.02446) (0.00651) (0.00203) (0.05029)
Wald test 2.0e+06%#* 2.0e+05%#* 4846.11%#* 4.3e+05%#* 5.9e+05%#* 230.1966%*

##% and ** ig statistical significance at 1% and 5% level, respectively. Standard error is reported in paren-
thesis

e-waste collected has a significant positive influence across all quantiles (and pooled OLS
agrees).

When applying the Wald test (Koenker & Bassett, 1982) to check the significance of
the estimated models (last line in Table 5), the Wald test null hypothesis is to be rejected,
confirming that all coefficients are different from zero; thus, significance of the elaborated
models is confirmed.

So far, correlations among variables have been identified. To know whether a postu-
lated causality is bidirectional or unidirectional, or to reveal whether there is no causal
association between variables under study, the Granger causality approach is used. Table 6
displays the Granger causalities between independent variables and dependent variables for
both equations used above and the respective directions thereof. The results show that there
is a significant unidirectional Granger causality from GDP.cap, GDP.cap square, GDP.cap
cube, population size, population density and collected e-waste to RECY (e-waste recy-
cling rate). There is also a significant bidirectional Granger causality relationship between
credit to private sector and e-waste recycling rate. Furthermore, there is no Granger causal-
ity from energy intensity or energy efficiency to e-waste recycling rate.

4.2 Conclusive findings across the different models used

In brief, when comparing results obtained from the different regressions (panel quantile
regressions and pooled OLS), findings are consistent across different methods for all sets
of variables used. Strong and new evidence was found that the relationship between eco-
nomic growth and e-waste recycling rate is an N-shaped curve for European countries. In
addition, e-waste collected has a significant positive effect on the rate of e-waste recycling.
Furthermore, population size, energy intensity and credit to private sector have negative
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Table 6 Granger causality test

Null hypothesis N Lag F-statistics P values Decision
GDP.cap does not Granger cause RECY 230 2 2.99443 0.0521* Yes
RECY does not Granger cause GDP.cap 230 2 2.06086 0.1297 No
GDP.cap” does not Granger cause RECY 230 2 2.98402 0.0526* Yes
RECY does not Granger cause GDP.cap® 230 2 2.07357 0.1281 No
GDP.cap’ does not Granger cause RECY 230 2 2.95279 0.0542%* Yes
RECY does not Granger cause GDP.cap® 230 2 2.08815 0.1263 No
POP does not Granger cause RECY 230 2 2.46247 0.0875%* Yes
RECY does not Granger cause POP 230 2 0.13271 0.8758 No
DENS does not Granger cause RECY 230 2 3.04754 0.0494%*%* Yes
RECY does not Granger cause DENS 230 2 0.02061 0.9796 No
EN.IN does not Granger cause RECY 230 2 0.81608 0.4435 No
RECY does not Granger cause EN.IN 230 2 0.95831 0.3851 No
EN.EF does not Granger cause RECY 230 2 0.01814 0.9820 No
RECY does not Granger cause EN.EF 230 2 12.9059 5.E-06*** Yes
CRED does not Granger cause RECY 230 2 4.54057 0.0117%* Yes
RECY does not Granger cause CRED 230 2 3.37090 0.0361%* Yes
COLL does not Granger cause RECY 230 2 2.55111 0.0802%* Yes
RECY does not Granger cause COLL 230 2 0.39120 0.6767 No

*kk k% and * is statistical significance at 1%, 5% and 10% level, respectively

and statistically significant effects; interestingly, the effect of these variables is more pro-
nounced where recycling rates currently are lower.

The N-shaped relationship between economic growth and e-waste recycling rate can
also be illustrated graphically (Fig. 1). The recycling rate first increases rapidly at low
GDP levels, then undergoes a period of decline and then increases again with the economy,
albeit at a slow path. (This corresponds to the observation that the cube term of GDP in the
regression analysis was small.) For economies with the highest maturity level, such slow
increase in the recycling rate agrees with the J-shaped relationship (growth continues but at
lower path) reported by Kasioumi and Stengos (2020) for solid waste recycling in the rich-
est US states.

Figure 1 shows that the highest GDP levels in the set of European countries are in Lux-
embourg; here, the recycling rate is below the suggested EKC curve. Luxembourg has a
strongly unconventional economic and infrastructural profile. It is a small country with
an exceptional economic dominance of the financial sector and with many cross-border
workers; unusually high GDP levels per capita persist (European Commission, 2016). In
economic analyses, Luxembourg is often excluded because data from this country deviate
from general patterns (Kusch & Hills, 2017). In this work, findings are robust regarding
inclusion or exclusion of Luxembourg, and thus, the presented regressions are based on all
30 European countries for which e-waste recycling rates were available from Eurostat. By
using QRPD, this work is based on a methodology that is robust against outliers.

Figure 1 shows that there is less variation of the recycling rate at higher GDP levels,
while there is more variation at lower stages of the economic development. A similar
observation was made by Kasioumi and Stengos (2020) for US states: They found more
fluctuations for states with lower or medium income per capita compared to the wealthiest
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Fig. 1 Relationship between e-waste recycling rate and GDP per capita (panel data from 30 European coun-
tries, annual data 2008-2018, n=290)

states. This suggests that mature economies are more stable regarding their efforts to miti-
gate environmental pollution. A possible explanation might be more financial resources
of wealthy countries to invest in waste management infrastructures. Furthermore, high-
income countries are more engaged in promoting cleaner technologies; this might respond
to environmental concerns among the population or might reflect more awareness for nega-
tive economic effects of activities with high pollution/waste generation. At the same time,
recycling rates achieved by wealthy European nations are not satisfactory; they typically
range between 40 and 60% only.

4.3 Relevance of findings regarding policy implications

Based on these results, key policy implications can be highlighted. This contributes to bet-
ter understanding current and future challenges of how to manage e-waste streams in a
sound way.

First, since the relationship between e-waste recycling rate and economic growth in
European countries displays an N-shaped pattern, the challenge of ensuring sound e-waste
management becomes more acute while economies are maturing. Existing measures are
insufficient to stabilize or continuously increase the e-waste recycling rate of growing
economies. Maturing economies display below average recycling rates and therefore miss
an important opportunity to abate environmental pressure. High recycling rates also stimu-
late economic growth (Di Vita, 2001; George et al., 2015) and therefore are not only to
be favored under environmental criteria but also under economic aspects. Where e-waste
recycling rates are low, an important opportunity is missed to harness economic value for
a country or region. In this context, it is important to note that the first EKC turning point
occurs at relatively low GDP levels, i.e., at early stages of economic maturity already.
To alleviate a decline of the recycling rate in maturing economies, governments should
increase their investment in waste management infrastructures (especially for the imple-
mentation and operation of recycling centers). Furthermore, governments should allocate
more financial resources through programs which explicitly encourage the private sector to
invest in e-waste treatment schemes. The regression analysis of this study revealed that the
e-waste recycling rate is significantly impacted by credit to the private sector.
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Second, the key effect of e-waste collection on the recycling rate should be noted. The
regression analysis conducted in this study identified e-waste collection as an important
determinant of the e-waste recycling rate regardless of whether the current recycling rate
is at a low, medium or high level (a significant impact of e-waste collected on the recy-
cling rate was found for all quantiles in the regression). Europe already has higher average
e-waste collection rates than other regions, but the collection rates are still far from being
satisfactory: The Global E-waste Monitor 2020 identified that 57.5% of the e-waste quan-
tity generated across Europe remained uncollected in 2019 (Forti et al., 2020). The EU
target collection rate of 85% of total e-waste generated has only been reached by Croatia
(Baldé et al., 2020). Therefore, a key contribution to raising the rate of e-waste recycling
across Europe can be made by increasing the number of e-waste collection points and by
improving the effectivity of collection schemes. Thus, more attention is needed from Euro-
pean governments to foster e-waste collection in every country, i.e., regardless of whether
the country has a lower or higher economic development stage and whether the country
currently has a lower or higher e-waste recycling rate. Progress is required for all countries;
however, in this context, especially wealthier nations should make more rapid progress in
assuming their responsibility to manage e-waste in a sound way. The results of this research
confirm that mature economies are more stable regarding their efforts to mitigate environ-
mental pressure from e-waste, but the currently achieved recycling rates are not sufficient.

Third, increasing the e-waste recycling rate is an important priority topic for policy
makers to address the challenge of sound e-waste management, but it should be noted that
it is not the only priority topic in this complex context. This research focused explicitly on
the recycling rate, and a solid knowledge base has been elaborated to better understand
the determinants of the recycling rate. However, it is important to highlight that a focus
on increasing the recycling rates should not deviate the attention of policy makers from
the equally urgent challenge to reduce the actual generation of e-waste. Waste prevention
stands on top of the waste management hierarchy and is thus a key element to advance
toward more circular economies. In the e-waste context, extending the lifetime of electrical
and electronic products, for example through more durable assemblies, or through repair,
refurbishment or remanufacturing schemes, is a top priority regarding more sustainable
usage of technical equipment and reduced e-waste occurrence. Resource efficient produc-
tion processes and efficient usage of equipment are other relevant sustainability factors.
Overall, recycling is an important, but not the only element to be considered when aiming
for a society with reduced adverse environmental impacts.

4.4 Limitations of the study and further research needs

Although this study provides strong evidence for the determinants of the e-waste recycling
rate in European countries, there are some limitations on the empirical side. The study
period in this work spans more than a decade; however, this is still relatively short for an
econometric analysis of this scope. The relative shortness of the study period is due to a
still limited availability of reliable data over time. As more data become available over
time, future research should analyze a longer period for European countries. Furthermore,
this study does not allow conclusions on whether the observations made for Europe also
apply to other regions. Therefore, further research should aim to expand the analysis to
other regions. However, reliability of the data used including consistency of the data col-
lection method used across different countries must be ensured, and this will be more
challenging for regions other than Europe, where EU regulations have harmonized data
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collection and reporting procedures. Moreover, future research could utilize other recycling
rates such as the rates for municipal waste, packaging waste or plastic waste to further test
the EKC hypothesis on the solid waste recycling rate.

5 Conclusions

To examine the main driving forces of the e-waste recycling rate, unbalanced panel data
over the period 2008-2018 from 30 European countries were analyzed in the framework
of the EKC hypothesis and the STIRPAT model, employing panel quantile regression
with non-additive fixed effects as main econometric approach and traditional pooled OLS
regression for comparison purposes. This study provides new and robust results regarding
the main e-waste recycling rate drivers. Thus, the work contributes to a field which so far
has received little attention in the environmental economics literature and at the same time
is highly relevant with view to reducing adverse impacts on the environment.

Independent variables of this study were GDP per capita, population, population den-
sity, energy intensity, energy efficiency, credit to private sector and e-waste collected; the
impact of these variables on the dependent variable e-waste recycling rate was investi-
gated through regression analysis. Clearly, GDP per capita was the most influential factor
to determine the e-waste recycling rate. More specifically, the empirical findings provide
strong support that the relationship between economic growth and e-waste recycling rate
is an N-shaped curve for the European countries under study, i.e., as economy grows in
a country, the e-waste recycling rate first increases rapidly, then decreases (turning point)
and finally increases again (second turning point). This is the first study to have tested the
EKC hypothesis on e-waste recycling, and very robust results regarding the existence of
an N-shaped relationship were found. The first EKC turning point reflects increasing pres-
sure on the environment (due to a decline in the recycling rate), while the second turning
point signals that pressure on the environment will decrease again in very mature econo-
mies (because of an increasing recycling rate). It is a positive finding that e-waste recycling
rates start increasing again when countries become economically mature; however, path of
the e-waste recycling rate increase is slow after having crossed the second turning point,
and current recycling rates in wealthy countries are too low to be satisfactory. This calls
for more effective engagement of policy makers to proactively increase e-waste recycling
rates.

In addition to GDP per capita, the regression results showed that the variables e-waste
collected, population, energy intensity and credit to private sector all had a statistically sig-
nificant effect (1% level of significance) on the e-waste recycling rate. Among these vari-
ables, the most relevant effect was found for e-waste collection (positive correlation with
e-waste recycling rate), and this effect applied to all regression quantiles under study (all
countries), i.e., regardless of whether the already achieved e-waste recycling rate in a coun-
try was low, medium or high. Population size, energy intensity and credit to private sector
were negatively correlated with the e-waste recycling rate, i.e., an increase in these param-
eters meant a decline of the recycling rate. In addition, in contrast to GDP and e-waste
collection rate, the impact of population size, energy intensity and credit to private sec-
tor was clearly heterogeneous across the quantiles; these variables were more relevant as
determinants of the e-waste recycling rate for countries where the so far achieved recycling
rate was lower.
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Overall, the quantile regression showed that for above mean quantile countries (espe-
cially the 75th percentile), i.e., for countries where higher recycling rates have already
been achieved, GDP per capita strengthens its dominant role as most important driver of
the recycling rate. In low-quantile countries, GDP is the most important determinant as
well, but the other explanatory and control variables (population size, energy intensity,
e-waste collection, credit to private sector) come into play more effectively compared to
the upper quantile countries. Mature economies among the set of 30 European countries
under study typically have above average recycling rates, and thus, for those countries,
the change in recycling rate will particularly strongly depend on GDP change. E-waste
collection is an important driver in all quantiles. Thus, in all countries, governments
should increase their efforts to effectively increase the collection of e-waste (e.g., more
collection points, better performing collection schemes).

When testing population density as an alternative to population size as variable to
account for demographic factors, the explanatory power of population density was low.
Among the variables accounting for technology, the explanatory power of energy effi-
ciency (in terms of total primary energy consumption) was rather low, while energy
intensity (in terms of energy consumption per GDP) was a more meaningful choice.
Therefore, in this research the alternative variables population density and energy effi-
ciency were not found to be suitable choices when investing the main determinants of
the e-waste recycling rate.

Further research must clarify whether the N-shaped relationship between GDP per
capita and e-waste recycling rate and also applies to other regions. For Europe, it is
concluded that maturing economies have a risk of experiencing a declining recycling
rate while their economy grows, while a regrowth of the recycling rate can be expected
for mature economies, albeit at a rather slow path. Policy makers should be aware of
the N-shaped curve between recycling rate and economic growth and thus the increased
efforts required to ensure high e-waste recycling rates also at growing and elevated GDP
levels. Proactive engagement of policy makers is required in both maturing and mature
economies. In this context, e-waste collection merits high attention as a promising area
of effective governmental intervention; it represents a key determinant of the e-waste
recycling rate, and it can be directly influenced through the implementation of adequate
e-waste management schemes.
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