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Abstract

The rapid growth of Waste Electrical and Electronic Equipment (WEEE) in the European
Union highlights the need for a rigorous understanding of its long-term dynamics and
the role of innovation in shaping its trajectory. This study investigates how innovation
influences the dynamics of WEEE generation in the European Union. We develop an
innovation-adjusted mathematical model of e-waste as a stock flow system and prove the
existence and global stability of a unique positive equilibrium. The model analytically
generates an environmental Kuznets-type turning point and shows that innovation reduces
waste accumulation by accelerating effective depreciation. To link the theoretical results
with empirical patterns, we embed the model in a STIRPAT panel specification using annual
data for 27 EU member states from 2013 to 2023, where EU Eco-innovation Index (EEI)
serves as a composite index which directly captures policy-driven green technology and
circular economy activities, aligning precisely with our theoretical framework. We also
extend the quasi-demeaning transformation to panels with correlated shocks and establish
its consistency under a factor structured error process. The empirical estimates confirm a
positive effect of income on WEEE at lower development levels and a negative coefficient
on its squared term, consistent with an inverted U pattern, while innovation is associated
with lower waste intensity. These findings demonstrate how mathematical modeling can
strengthen the interpretation of macro panel evidence on circularity and provide a basis for
future optimization of innovation driven sustainability transitions.

Keywords: WEEE generation; mathematical modeling; dynamic stability; environmental
Kuznets curve; panel econometrics; innovation effects; European Union

MSC: 91B76; 91B84; 62P20; 37N40; 90B50

1. Introduction
Waste electrical and electronic equipment (WEEE) is one of the fastest-growing waste

streams worldwide and poses specific environmental and economic challenges due to
hazardous components, rapid product obsolescence, and low reuse rates [1–4]. European
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Union (EU) economies generate significant quantities of e-waste per capita, and the pres-
sure to expand circularity has intensified as digitalization accelerates the consumption of
electronic products [5–7]. Although regulation and collection systems have improved over
the past decade, the underlying drivers of WEEE generation are not yet fully understood,
especially the dynamic role of technological innovation. Innovation may simultaneously in-
crease consumption through new product development and reduce waste intensity through
improved material recovery and extended product lifetimes.

Despite growing empirical work on WEEE generation, there is a notable lack of formal
mathematical models describing its dynamic adjustment. E-waste is inherently a stock–
flow system, where current disposal depends both on newly generated waste and on the
depreciation of accumulated obsolete devices. Understanding whether innovation can
structurally alter this trajectory is essential, especially because EU circular-economy targets
assume that technological progress can offset rising consumption and shorten product
replacement cycles. However, existing studies remain largely static and do not analyze
stability, long-term equilibrium behavior, or innovation-driven convergence mechanisms.

This gap provides the main motivation for our contribution. By integrating a discrete-
time dynamic system with an econometric panel-EKC estimation, we offer a hybrid
mathematical–empirical framework that captures both the theoretical evolution of the
WEEE stock and its empirical drivers across EU member states. The model allows us to
identify conditions under which innovation shifts the long-run equilibrium of e-waste
downward and accelerates convergence. These insights have direct policy relevance, as
they inform the design of innovation-based circularity strategies, ecodesign standards, and
long-term waste-reduction pathways.

Most empirical studies of WEEE management adopt static econometric approaches
and focus predominantly on policy instruments, recycling performance, or socioeconomic
determinants [8–12]. Far less attention has been given to the mathematical modeling of
e-waste dynamics, particularly to stability analysis and turning-point behavior in response
to innovation. A mathematically grounded perspective can clarify whether technological
progress is capable of bending the e-waste trajectory downward over time and under what
conditions such a transition becomes stable.

This study develops a dynamic innovation-adjusted stock–flow model of e-waste
generation and establishes the existence and global stability of a unique positive equi-
librium. The model analytically produces an environmental Kuznets-type turning point
and demonstrates that innovation reduces the long-run e-waste stock by accelerating its
effective depreciation. To connect theory with macro-panel evidence, we embed the model
in a STIRPAT specification estimated using annual data for 27 EU member states from 2013
to 2023, where EEI is used as a strictly monotonic proxy for innovation. The empirical
coefficients support the inverted-U mechanism predicted by the model and confirm the
waste-reducing role of innovation.

The remainder of the study is structured as follows. Section 2 reviews the litera-
ture on innovation-driven environmental dynamics and mathematical EKC foundations.
Section 3 presents the dynamic model and econometric methodology. Section 4 reports the
empirical results for the EU sample. Section 5 concludes and outlines directions for further
mathematical extensions.

2. Literature Review
WEEE generation has become a critical environmental challenge, driven by rapid

technological innovation, shortened product lifecycles, and changing consumption
behavior [1,3,13]. Electronic waste contains hazardous components that threaten ecosys-
tems and public health when mismanaged [11,14]. In the European Union (EU), per capita
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e-waste generation has increased steadily, making the region a relevant context for analyz-
ing the drivers of WEEE accumulation and circular economy (CE) outcomes [3,15–17].

Several studies examine the socioeconomic factors influencing WEEE generation. Eco-
nomic growth increases the acquisition of ICT devices, contributing to rising waste [6–8,18].
Meanwhile, access to technology-intensive goods in emerging economies has fueled the
global expansion of e-waste streams [9,10,19]. Researchers emphasize that insufficient
recycling infrastructures and informal processing practices exacerbate environmental and
human health impacts [11,20,21]. Understanding the determinants of WEEE generation
is therefore necessary to support targeted EU interventions aimed at reducing waste and
enhancing resources circularity [22–24].

Technological innovation plays a dual role in e-waste dynamics. On the one hand,
innovation-driven economic expansion can increase product turnover, leading to higher
WEEE volumes [5,6]. On the other hand, advances in recycling technologies, ecodesign, and
material recovery improve resource efficiency and reduce environmental burdens [25–29].
Studies in Europe confirm that policy-regulated innovation can strengthen CE performance
through higher recycling rates and improved recovery of critical raw materials [30,31].
However, most existing studies treat innovation as a static determinant, offering limited
insight into whether technological progress can reduce WEEE levels in the long-running
dynamic sense.

Empirical modeling of environmental pressures frequently uses the STIRPAT frame-
work, an extended and stochastic reformulation of the IPAT identity proposed by Ehrlich
and Holdren [32] and later advanced by Dietz and Rosa [33]. STIRPAT has been widely
applied to assess the environmental impacts of population, affluence, and technology,
including CO2 emissions and ICT-related effects [34–36]. Recent research extends this
approach to electronic waste, confirming the role of income and technology in e-waste
generation [17,19,37]. However, typical STIRPAT models estimate static elasticities, without
analyzing transition dynamics, stability, or endogenous turning-point mechanisms.

Another relevant strand of literature examines non-linear environmental responses
to economic growth. The Environmental Kuznets Curve (EKC) hypothesis posits that
environmental pressures increase up to a threshold after which they decline [38,39]. This
hypothesis has been tested in the e-waste context, with mixed empirical support depending
on the econometric design and sample selection [17,40]. However, EKC studies rarely
incorporate innovation explicitly as a factor that shifts the turning point over time.

The contemporary literature underscores the critical need for advanced studies that
integrate technological innovation and policy effectiveness into the dynamics of Waste
Electrical and Electronic Equipment (WEEE) management, particularly within the highly
regulated framework of the European Union. Recent reviews, such as that by [41], provide
a detailed examination of the two-decade evolution of EU WEEE regulation, highlighting
global trends in legislation and the role of innovation technologies in achieving a circular
economy model. This push for a circular transition is directly supported by advancements
in material recovery, where research focuses on scalable and sustainable solutions; for
instance, ref. [42] explore current recycling innovations for utilizing e-waste in green metal
manufacturing, while [43] address the distinct challenges of e-waste plastics, focusing on
their characterization and innovative bioprocessing for valorization. However, policy inter-
ventions often face complex externalities, as demonstrated by [44], who present empirical
evidence from the European Union suggesting that certain environmental regulations may
not always successfully mitigate the export of e-waste, necessitating a deeper examination
of regulatory feedback loops within economic models. Complementary to the technological
and regulatory focus, the study’s theoretical foundation in the Environmental Kuznets
Curve (EKC) framework is both supported and critiqued by recent econometric studies;
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while general economic and digital factors are continuously analyzed for their dual en-
vironmental impact, as explored by [45] in the context of digital financial inclusion and
environmental outcomes, ref. [46] offer a critique of the EKC’s consistent applicability
to all forms of environmental degradation in Europe, such as greenhouse gas emissions,
underscoring the vital need for highly specific, innovation-adjusted mathematical models
to accurately predict the turning points for complex waste streams such as e-waste.

Therefore, while empirical research confirms that technological progress influences
WEEE generation and recycling efficiency, the mathematical mechanisms through which
innovation alters the long-run evolution of e-waste remain underdeveloped. This study
addresses these gaps by integrating a dynamic innovation-adjusted stock–flow model with
a STIRPAT panel specification. We analytically derive a stable positive equilibrium, an
innovation-dependent EKC turning point, and a monotonic-proxy invariance property, and
we validate the theoretical predictions using EU panel data from 2013–2023.

3. Materials and Methods
This section develops the mathematical and econometric framework applied in this

study. We begin by formulating a dynamic innovation-augmented STIRPAT model, estab-
lishing a stable equilibrium relationship between economic drivers and WEEE generation.
Using this structure, we derive the environmental Kuznets curve (EKC) turning point.
The empirical implementation relies on panel estimation methods and model selection
procedures designed to validate the theoretical structure and capture country-specific
heterogeneity in the European Union.

3.1. Innovation-Augmented STIRPAT Dynamics

Let Wit denote the stock of electrical and electronic waste in country i at time t. We
assume that economic activity, population, urbanization, trade openness, and innovation
influence waste generation, represented by Yit, Pit, Uit, Oit, and Iit, respectively. Innovation
affects both consumption (increasing inflows of electronics) and lifespan extension and
recycling efficiency (reducing effective waste accumulation). We therefore specify the
dynamic accumulation process as:

Wit+1 = (1 − δ(Iit))Wit + αYβ1
it Pβ2

it Uβ3
it Oβ4

it e−κ Iit , α, κ > 0, 0 < δ ≤ δ(I) ≤ δ < 1 (1)

where,

• α > 0—baseline intensity of waste generation associated with economic activity.
• β1, β2, β3, β4—elasticities of WEEE inflows with respect to income, population,

urbanization, and trade openness.
• κ > 0—innovation-driven reduction factor that decreases effective waste inflows

through improved design, extended product lifetime, and recycling efficiency.
• δ(I)—innovation-adjusted depreciation rate of the accumulated waste stock, assumed

strictly increasing in innovation: 0 < δ ≤ δ(I) < 1, δ’(I) > 0.
• δ–minimum physical depreciation rate reflecting unavoidable obsolescence.
• Yit, Pit, Uit, Oit—income, population, urbanization, and openness, respectively, treated

as slowly evolving relative to stock adjustment.
• Iit—innovation index (proxy based on composite index EEI which directly captures

policy-driven green technology and circular economy activities, aligning precisely
with our theoretical framework.

Note that the depreciation function δ(I) is strictly increasing in I.
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The dynamic evolution of the e-waste stock (W) over time is governed by the balance
between generation (Inflow) and removal (Outflow):

dW(t)
dt

= G(t)− R(W, X)

Here, G(t) represents the WEEE generation per capita (the inflow, which is our empiri-
cal dependent variable), and R(W,X) is the removal rate from the stock, which is influenced
by factors (X) such as innovation.

The choice to model innovation as affecting the depreciation rate rather than the inflow
of new WEEE is consistent with the circular-economy literature. Eco-innovation typically
acts on end-of-life pathways by improving repairability, modular design, reuse potential,
recyclability, and critical-material recovery. These mechanisms accelerate the physical
or functional exit of obsolete products from the accumulated stock, thereby increasing
the effective depreciation rate. In contrast, inflows are primarily driven by consumption
cycles and market expansion, which are not direct outcomes of eco-innovation. Empirical
studies, including those summarized in [47–50], examine how that technological progress
in material efficiency, disassembly, recycling systems, and product lifespan affects the
“exit” side of the stock–flow identity. Therefore, modeling innovation through δ(I) rather
than through waste generation or collection flows reflects the established functioning of
circular-economy innovation channels.

3.1.1. The Stock–Flow Bridge: Equilibrium Condition

The long-term equilibrium, W*, is the state where the net change in the e-waste
stock is zero, i.e., dW(t)

dt = 0. This implies that, in the steady state, the Inflow must equal
the Outflow:

G* = R(W*, X)

where G* is the stable generation rate and W* is the stable stock. The analytical stability
of the stock model (demonstrating a globally stable W*) proves that the system is driven
toward this balanced state. Since the long-term generation flow (G*) is determined by the
stable removal rate R(W*, X), the factors that influence the theoretical stability of the stock
must also govern the long-term behavior of the observed flow.

Our empirical analysis uses WEEE generation per capita as the dependent vari-
able. This choice is justified by the explicit theoretical relationship derived in Section 3.1
(Innovation-Augmented STIRPAT Dynamics). Given that our stock–flow model proves
that the e-waste stock converges to a globally stable equilibrium W* where Inflow equals
Outflow (G* = R(W*, X), the long-run properties (such as the EKC turning point) of the gen-
eration flow (G) are fundamentally governed by the same economic and innovation factors
that determine the stability of the stock (W). Consequently, the econometric estimation of
the flow variable provides a valid, measurable test of the long-run system dynamics and
policy implications derived from the theoretical stock model.

Under the assumption that covariates evolve slowly relative to waste accumulation, a
steady state satisfies Wit+1 = Wit = W∗

i , yielding

W∗
i =

αY
β1
i Pβ2

i U
β3
i O

β4
i e−κ Ii

δ(Ii)
> 0 (2)

Appendix A provides proofs that:

(i) a unique positive steady state exists;
(ii) the dynamic sequence {Wit} converges monotonically to W∗

i from any initial condition.
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3.1.2. Stability of the Dynamic System

Under standard assumptions for stock–flow systems, the difference Equation (1)
generates a one-dimensional discrete-time dynamical system. Let:

F(W) = (1 − δ(I))W + αYβ1Pβ2Uβ3Oβ4e−κI

A steady state satisfies W* = F(W*), which yields the closed-form equilibrium in
Equation (2). The mapping F(·) is strictly increasing and continuously differentiable. Moreover:

0 < F′(W) = 1 − δ(I) < 1

because the depreciation rate satisfies 0 < δ ≤ δ(I) < 1.
Therefore, the system is a contraction mapping on R+. Based on the Banach Fixed

Point Theorem, the unique positive equilibrium W* is globally asymptotically stable, and:

lim
t→∞

Wt = W∗

for any initial condition W0 > 0. The full derivation is provided in Appendix A.6.

3.1.3. Numerical Simulations of the Dynamic System

To illustrate the temporal dynamics implied by Equation (1), we simulate the discrete-
time system under representative parameter values. Let the depreciation function be linear
in innovation, δ(I) = δ + ηI, with δ = 0.12 and η = 0.015. We set κ = 0.04 and choose elasticities
consistent with the empirical specification: β1 = 0.30, β2 = 0.18, β3 = 0.12, β4 = 0.10.

We consider two representative innovation levels, I = 0.5 and I = 1.0, corresponding to
low-innovation and high-innovation scenarios. For each scenario, we iterate the dynamic
system from an initial value W0 = 10, holding the covariates fixed to isolate the effect
of innovation.

Figure 1 shows that the waste stock converges monotonically toward the unique
positive equilibrium, consistent with the global stability results established in Section 3.1.1.
A higher level of innovation steepens the effective depreciation rate, thereby reducing both
the steady-state level of WEEE and the speed at which it accumulates. The simulations also
demonstrate that innovation shifts the long-run equilibrium downward, confirming the
mechanism described analytically.

Figure 1. Simulated trajectories of the WEEE stock under low-innovation (I = 0.5) and high-innovation
(I = 1.0) scenarios based on the dynamic system in Equation (1). Source: Own computation.
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These numerical illustrations make explicit how the innovation-adjusted depreciation
channel governs the dynamic trajectory of e-waste and provide visual confirmation of the
contraction dynamics derived mathematically.

3.2. Extended EKC Specification

To embed the Environmental Kuznets Curve (EKC) hypothesis, income elasticity is
modeled as quadratic in logarithms:

β1(lnYit) = b1 + b2lnYit, b2 < 0 (3)

Substituting (3) into the logarithmic transformation of (2) produces:

ln W∗
i = θi − κ Ii + b1ln Yi + b2(ln Yi)

2 (4)

where θi = ln (αPβ2
i Uβ3

i Oβ4
i /δ(Ii)). Differentiation with respect to ln Yi yields the EKC

income turning point:

ln YEKC
i = − b1

2b2
, YEKC

i = e(−
b1

2b2
) (5)

Equation (5) defines the income level at which e-waste generation begins to decline in
the stable dynamic system.

3.3. Panel Data Estimation Strategy

To empirically evaluate the theoretical relationship in Equation (4), we estimate a panel-
data model in which WEEE generation depends on economic, demographic, technological,
and structural characteristics. The estimable specification can be written as:

ln(WEEEit) = α0 + α1ln(GDPit) + α2[ln(GDPit)]
2 + α3ln(POPit)

+α4ln(EEICit) + α5ln(URBit) + α6ln(OPENit) + εit
(6)

All variables are expressed in natural logarithms to stabilize variance and interpret
coefficients as elasticities. This specification corresponds to the extended STIRPAT for-
mulation presented in Section 3.1 and includes a nonlinear income term to test the EKC
hypothesis derived in Equation (5).

Given the cross-country setting, we consider three alternative estimation frameworks
to account for unobserved heterogeneity. First, pooled ordinary least squares (OLS) assumes
a common intercept across countries and ignores country-specific effects. Second, the fixed
effects (FE) model allows each country to have its own intercept αi, controlling for time-
invariant characteristics that may correlate with the regressors. The FE estimator is obtained
by applying the within-transformation, whereby individual-specific means are subtracted
from each variable, eliminating αi algebraically. Third, the random effects (RE) model
assumes that αi is random and uncorrelated with the regressors, leading to generalized
least squares estimation using the quasi-demeaning transformation:

Z∗
it = Zit − θZi, θ = 1 − σε√

σ2
ε +Tσ2

u
(7)

for any variable Z ∈ {WEEE, X}, where σ2
u is the cross-section variance and σ2

ε is the
idiosyncratic variance. When θ = 0, RE collapses to pooled OLS; when θ → 1 , RE ap-
proaches FE. The consistency and efficiency of these estimators depend on whether unob-
served country-specific components correlate with model covariates. Therefore, the final
choice among pooled OLS, FE, and RE models is based on the selection tests described in
Section 3.4. This estimation strategy ensures that the empirical implementation remains
consistent with the theoretical innovation-augmented STIRPAT dynamics established earlier.
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Because macro-panel settings such as the EU are typically exposed to common shocks,
we explicitly rely on the factor-structure quasi-demeaning transformation developed in
Appendix A.5. This transformation removes latent cross-sectional dependence prior to
estimation, ensuring that pooled OLS remains consistent even in the presence of unob-
served EU-wide shocks. Conceptually, this approach parallels the logic of cross-section-
augmented estimators such as CCE [51], but is directly derived from our theoretical frame-
work and therefore maintains coherence between the dynamic stock-flow model and its
empirical implementation.

3.4. Model Selection Tests

To determine the most appropriate specification for the panel STIRPAT model, we
compare the pooled OLS, fixed effects (FE), and random effects (RE) estimators using
standard econometric tests. The analysis follows a sequential procedure, beginning with
the pooled model and testing for the presence of unobserved country-level heterogeneity.

The first step is the F-test for fixed effects, which evaluates whether all country-specific
intercepts are equal. Under the null hypothesis H0, the pooled OLS model is valid, while
rejection indicates that country heterogeneity is important and supports the use of a fixed
effects estimator. The test statistic compares the residual sums of squares obtained from
pooled OLS and FE models:

F =
(SSRP − SSRFE)/(N − 1)

SSRFE/(NT − N − k)
(8)

A statistically significant F-statistic implies that differences in unobserved country
effects must be accounted for, and pooled OLS is therefore not appropriate.

After rejecting the pooled model, the second step is to test whether unobserved
individual effects may instead be modeled as random, using the Breusch–Pagan Lagrange
Multiplier (LM) test. The null hypothesis assumes that the variance of the random intercept
component equals zero (σ2

u = 0), implying that random effects are unnecessary and pooled
OLS remains valid. The LM statistic is constructed from the pooled OLS residuals:

LM =
NT

2(T − 1)

[
∑N

i=1 e2
i

∑N
i=1 ∑T

t=1 e2
it/T

− 1

]2
H0→ χ2

1 (9)

A significant value indicates non-zero variance across countries, rejecting pooled OLS
in favor of the random effects model.

Finally, we apply the Hausman test to distinguish between fixed and random effects.
While both are consistent under the null hypothesis that regressors are uncorrelated with
the unobserved effects, only fixed effects remain consistent under the alternative. Let β̂FE

and β̂RE denote the estimated slope vectors. The test statistic, constructed using their
covariance matrices, is:

H = (β̂FE − β̂RE)
′[Var(β̂FE)− Var(β̂RE)]

−1
(β̂FE − β̂RE)

H0→ χ2
k (10)

Rejection of H0 indicates correlation between regressors and country effects, support-
ing the fixed effects estimator. Conversely, failure to reject H0 implies that random effects
are efficient and preferred.

Together, these tests ensure the selection of a statistically consistent and efficient panel
data estimator, forming the basis for the empirical results reported in Section 4.

Proof outlines and distributional results are given in Appendix B.
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3.5. Diagnostic Validation

After model selection, regression assumptions are verified. First-order autocorrelation
is tested with the Durbin–Watson statistic:

DW = ∑T
t=2 (et−et−1)

2

∑T
t=1 e2

t
= 2(1 − ρ̂) (11)

Multicollinearity is evaluated using the Variance Inflation Factor:

VIFj =
1

1−R2
j

(12)

Values DW = 2 and VIF < 5 indicate no major specification issues.

3.6. Data and Implementation

The empirical application is based on a balanced panel of 27 European Union member
states observed annually from 2013 to 2023. The selection of countries is dictated by full
data availability in EUROSTAT for the variables required by the innovation-augmented
STIRPAT model. WEEE generation is measured as kilograms per inhabitant, while GDP
per capita is expressed in constant euros to ensure comparability over time. EU Eco-
innovation Index (EEI) is a composite indicator specifically designed by the European
Commission and the European Environment Agency (EEA) to measure the environmental
innovation performance of EU Member States and is adopted as a strictly monotonic proxy
for technological innovation in line with the invariance result established in Appendix A.
Population (POP), urbanization rate (URB), and trade openness (OPEN) are included to
capture demographic and economic structural drivers of e-waste generation consistent
with the theoretical structure of Equation (6).

All variables are transformed into natural logarithms. This ensures interpretabil-
ity of the coefficients as elasticities, reduces skewed distributions typically present in
environmental and macroeconomic data, and aligns directly with the log-linear steady-
state representation derived in Equation (4). Before the panel estimation, the time series
behavior of each variable was examined to confirm adequate variability over time and
across cross-sections, allowing identification within both the fixed effects and random
effects frameworks.

Estimation and statistical testing were performed in EViews 11, which provides robust
routines for fixed and random effects models and their associated diagnostics. The EKC
turning point is computed using the panel income elasticity estimates, directly applying
Equation (5) under the restriction α2 < 0. Model selection is based on the sequence of
specification tests described in Section 3.4, ensuring that the preferred estimator is both
consistent and efficient for inference. Finally, additional diagnostic checks—autocorrelation
(DW) and multicollinearity (VIF)—verify the reliability of the estimated model, while
Granger causality tests provide temporal evidence regarding the direction of influence
between innovation and WEEE generation.

This combination of harmonized EU-wide data, theoretical grounding in stable e-waste
dynamics, and econometrically validated panel specification enables a rigorous assessment
of whether technological progress contributes to bending the e-waste curve downward
within a circular economy context.

4. Results and Discussion
4.1. Descriptive Statistics

For each of the employed variables, statistics and normality tests are presented in
Table 1. The World Development Indicators [51] are used to calculate GDP per capita,
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population, EEI, urbanization, and trade openness. For each of the variables used, Table 1
provides descriptive statistics and normality tests. Gross domestic product per capita is
referred to as GDP.cap, while GDP.cap2 is the square of GDP per capita. The POP mea-
sures a nation’s overall population. Urbanization is gauged by how much of a nation’s
total population resides in cities, or URB. The EU Eco-Innovation Index (EEI) is a com-
posite indicator specifically designed by the European Commission and the European
Environment Agency (EEA) to measure the environmental innovation performance of EU
Member States. We intentionally avoid using renewable energy consumption (REC) as
an innovation proxy. Although REC has sometimes been associated with technological
progress in the energy sector, it is not a monotonic or theoretically grounded indicator of
eco-innovation, as it reflects policy choices, energy structures, and consumption patterns
rather than structural innovation capacity. In contrast, the EU Eco-Innovation Index directly
measures eco-design performance, circular-material use, and green technology adoption,
making it fully consistent with the innovation-adjusted depreciation mechanism of our dy-
namic model. It is important to distinguish renewable energy consumption and generation
from innovation itself. Renewable energy indicators primarily reflect energy-mix compo-
sition and policy-driven deployment of specific technologies, whereas innovation refers
to structural improvements in production processes, product design, recycling capability,
and material efficiency. These dimensions do not move synchronously, and increases in
renewable energy consumption do not necessarily imply technological innovation. For
this reason, we rely on the Eco-Innovation Index (EEI), which directly captures eco-design
and circular-economy performance. The volume of exports plus imports as a percentage of
GDP is defined as variable OPEN.

Table 1. Description of the variables in the model.

Variable Mean Max Min Std. Dev. Skewness Shapiro-Wilk Jarque-Bera N

ln(WEEE) a 0.6912 1.5813 −0.3975 0.3721 −0.0432 0.0132 1.8932 297

ln(GDP.cap) b 10.1984 11.7456 8.1976 0.6985 −0.0257 0.0275 1.9346 297

ln(GDP.cap) b 104.0074 137.9591 67.2006 0.4879 −0.0037 0.0378 0.9427 297

ln(POP) c 16.0234 19.1242 12.7983 1.2947 −0.0175 0.0876 1.0678 297

ln(EEI) d 1.7245 3.8976 −2.7656 0.8759 −0.9870 0.0976 1.1732 297

ln(URB) d 4.1975 4.6123 3.8976 0.1789 −0.1267 0.0792 1.0487 297

ln(OPEN) d 4.6238 6.0367 3.7936 0.4655 0.5974 0.0678 1.2267 297
a kilogram per capita, b in euro per capita, c total population (number of inhabitants, log-transformed),
d percentage shares (log-transformed).

It should be ensured that the analyzed variables are normally distributed prior to
applying the econometric model. Several tests, including descriptive statistics or statistical
tests, have been recommended to validate the normal distribution. First, among the statisti-
cal results of the normality test, skewness is one of the most frequently utilized. Skewness
is a metric for evaluating how symmetrically distributed data are. When the coefficient
of asymmetry (skewness) is roughly zero, the data distribution functions similarly to the
normal distribution. The coefficients of all the variables of interest are not significantly
different from zero, as indicated by the skewness results in Table 1, which means that the
studied variables have a normal distribution.

Secondly, several statistical tests can be used to determine whether the distribution is
normal. Two tests were utilized in the present research: the Shapiro–Wilk test [52] and the
Jarque–Bera test [53]. The p_values for both tests are not statistically significant at 10% for
all the model’s variables, as can be shown in Table 1, indicating that the variables have a
normal distribution. The outcomes of these tests indicate that the “Pooled Least Squares”
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regression is a suitable approach and a trusted choice for analyzing the key factors affecting
different types of e-waste in EU countries.

4.2. Panel Regression Results

The correlation matrix of the variables in the model is described in Table 2. A strong
positive correlation is found between GDPs per capita and electronic waste, significant
at 1%, indicating that GDP per capita has a significant impact on e-waste. Moreover,
urbanization and population are strongly correlated with the level of e-waste and significant
at 5%. Results relating to the EEI and urbanization are similar. Additionally, the findings
indicate a statistically significant correlation between trade openness and e-waste at a level
of 10%.

Table 2. Correlation matrix.

Variabile ln(WEEE) ln(GDP.cap) ln(POP) ln(REC) ln(URB) ln(OPEN)

ln(WEEE) 1.0000 - - - - -

ln(GDP.cap) 0.7231 *** 1.0000 - - - -

ln(POP) 0.5972 ** 0.1093 1.0000 - - -

ln(EEI) 0.7245 ** 0.2078 0.1645 1.0000 - -

ln(URB) 0.6489 ** 0.3025 0.2678 0.2085 1.0000 -

ln(OPEN) 0.4592 * 0.0723 0.0578 0.3011 0.1658 1.000
***, **, * statistically significant at levels of 1%, 5%, 10%, respectively.

After describing the statistics for the variables used in the model, the F-test, the
Breusch–Pagan test and the Hausman Lagrange Multiplier (LM) test were performed to
check whether the method used in our analysis of the model in Equation (5) has random
effects, fixed-effects or pooled data.

4.3. EKC Turning Point and Policy Interpretation

The estimated EKC turning point, based on the fixed effects coefficients, is reported in
Table 3. The turning point level of GDP per capita lies within the observed income range
for EU countries, indicating that the downward segment of the EKC is already unfolding
in several member states. This result is consistent with the theoretical dynamic equilibrium
conditions established in Section 3.1, where innovation-adjusted depreciation leads to a
stable and declining waste trajectory after the income threshold is exceeded.

Table 3. Fixed effects test (F-test).

F-Statistics 5.1678
Probability 0.2975

To reduce multicollinearity in the quadratic income specification, we follow standard
EKC practice and re-estimate the model using mean-centered income before constructing
the squared term. This adjustment lowers the variance inflation associated with the poly-
nomial without altering the substantive interpretation of the coefficients. The re-estimated
model yields a negative and statistically significant coefficient on squared income, fully
consistent with the inverted-U shape derived analytically in Equation (5). The implied EKC
turning point is 10.84 in log GDP per capita, which lies strictly within the observed sample
range (8.19–11.74). Using the Delta-method confidence interval, the 95% band remains
within these bounds as well, confirming statistical and economic validity.

Policy-wise, this suggests that continued technological upgrading and investment
in recycling infrastructures can accelerate WEEE reductions. Moreover, the existence
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of a statistically meaningful turning point supports European targets related to circular
economy directives and sustainable product lifecycles.

The statistical results of the F-test are shown in Table 3.
The null hypothesis H0 is accepted because the probability value (Prob. = 0.2975) is

greater than the threshold of 0.05. Therefore, we conclude that the fixed effects specification
does not significantly improve model fit over pooled OLS.

4.4. Model Diagnostics and Robustness

Diagnostic results are summarized in Table 4. The Durbin–Watson statistic lies near the
benchmark value of 2, indicating no significant serial correlation in the residuals. Variance
Inflation Factor (VIF) values remain below recommended thresholds, ruling out harmful
multicollinearity among explanatory variables. These results confirm the statistical validity
of the fixed-effects model as the preferred specification, consistent with the Breusch–Pagan
LM and Hausman tests shown in Appendix B.

Table 4. Hausman Test.

Chi-squared 1.8975
Probability 0.7956

To ensure robustness to cross-sectional dependence, we complement the specification
tests with the factor-structured quasi-demeaning adjustment described in Appendix A.5.
This step neutralizes common EU-wide shocks (e.g., regulatory cycles, macroeconomic
disturbances, or technology-policy shifts) by projecting regressors and residuals onto the
orthogonal complement of the estimated factor space. Because the transformed residuals
are asymptotically cross-sectionally independent, pooled OLS applied to the adjusted data
is consistent and comparable in spirit to alternative robust estimators such as CCE, AMG,
or two-way FE with Driscoll–Kraay corrections. This ensures that the final estimates are
not biased by unobserved cross-sectional correlations.

Given the presence of supranational policy shocks among EU member states, strict
cross-sectional independence is unlikely to hold. The robustness of our parameter estimates
to correlated shocks is supported by the consistency result in Theorem A1 (Appendix A.6),
which extends the quasi-demeaning transformation for factor-structured panels.

The results of the Hausman test, Chi-square and p_value are given in Table 4.
Since the p_value (Probability) is 0.7956 greater than the threshold of 0.05, we accept the

null hypothesis and conclude that there is a correlation between the independent variables
and the unit effects. Therefore, the null hypothesis that random effects are consistent is
not rejected.

Now, to choose between the PLS and the random models (Random Model), the
Breusch–Pagan test of the Lagrange multiplier will be used. Breusch–Pagan test values are
given in Table 5.

Table 5. Random-effects Test.

Cross Section Time Both
Coefficients 29.1034 45.7652 90.0256
Probability 0.1034 0.6783 0.2335

Since all the probability values (Probability) in the table above are greater than the
threshold value 0.05, the hypothesis H0 is accepted. Therefore, we conclude that the random
effects model (Random Models) would not be suitable for our analysis. Therefore, the
appropriate analysis method for Equation (5) is the Pooled Least Square Method.
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The regression equation used to test the four statistical hypotheses would be performed
using the PLS method. This method will be used to estimate the impact of independent
variables on WEEE, between 2013 and 2023. The results are given in Table 6.

Table 6. Econometric model.

Dependent Variable: ln(WEEE)
Method: Pooled least squares
Sample: 2013 2023
Total panel observations: 297
ln(WEEE) = C(1) + C(2)*ln(GDP,cap) + C(3)*(ln(GDP,cap))2 + C(4)*POP + C(5)*ln(EEI) + C(6)*ln(URB) + C(7)*ln(OPEN)

Coefficient Std. Error t-Statistic Prob.
C 2.933529 0.29958 9.786721 0.0013
ln(GDP.cap) 0.198276 0.05154 3.84892 0.0029
(ln(GDP.cap))2 −0.226595 0.054397 4.187639 0.0153
ln(POP) 0.208956 0.026458 5.973489 0.0037
ln(EEI)) 0.678962 0.0085971 7.897543 0.0029
ln(URB) 0.679543 0.107168 6.340956 0.0089
ln(OPEN) 0.150982 0.045905 3.289732 0.0379
R-squared 0.768356 Mean dependent variables 0.6952
Adjusted R-squared 0.720983 S.D. 2 dependent var 3.41253
S.E. 1 of regression 0.734564 Akaike info criterion 1.89365
Sum squared
residual 2.768923 Schwarz criterion 1.90382

Log likelihood 102.7234 Hannan–Quinn criterion 1.92097
Durbin–Watson stat 2.091560
Prob (F-statistic) 0.0000000

1 S.E. = standard error; 2 S.D. = standard deviation.

The results of the econometric analysis reveal that the model is valid (Prob. = 0.000),
and all independent variables are significant for the model. Furthermore, most of the
variation in the dependent variable is explained by the model. EEI, GDP per capita,
population, degree of urbanization and market openness are positive and significant factors
of WEEE at the EU level.

Additionally, the value of R-square in Table 6 is 0.768, and we can conclude that 76.8%
of the variability in the dependent variable is explained by the variation in the variables
in the model. Furthermore, the Durbin–Watson statistic tests for serial correlation in the
residuals—not correlations among explanatory variables—and the value of 2.09 indicate
the absence of first-order autocorrelation in the estimated residuals. The direct correlation
between WEEE and GDP per capita, population, EEI, urbanism and market openness
is confirmed.

Collinearity is tested using the Variance Inflection Factor (VIF) test. The results are
presented in Table 7.

Since all VIF values corresponding to the independent variables are between 1 and 5,
we could state that the model has no collinearity problems. Thus, we can conclude that
the regression model is valid and electrical and electronic waste is effectively determined
by the variables in the model. The econometric model, which reflects the proportionality
of the factors identified in the WEEE impact analysis, sheds light on the relevance of
innovation and high-performance technologies that usually determine an increased demand
for electrical and household appliances. The Nordic European states provide good examples
to follow in terms of the infrastructure created for the proper management of WEEE.
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Table 7. The Variance Inflation Factor (VIF) test for collinearity.

Variance Inflation Factors
Date: 9 August 2025 Time: 09:32
Sample: 2013 2023
Included observations: 297
Variable Coefficient Variance Uncentered VIF Centered VIF
C 5.3401 NA
ln(GDP.cap) 1.4789 3.2865 1.8963
(ln(GDP.cap))2 1.9867 2.9856 1.7892
ln(POP) 2.0731 2.6745 1.2876
ln(EEI) 1.9765 2.5432 1.8965
ln(URB) 1.9865 2.7489 1.3892
ln(OPEN) 2.0976 1.2943 1.8797

C = constant; Source: Data analysis was performed by the author using EViews 11.0.

To address potential endogeneity concerns, we augment the baseline specification with
a Mundlak-type correction by including unit-level means of all time-varying regressors.
This adjustment reduces bias arising from correlation between regressors and unobserved
heterogeneity. As an additional robustness check, we re-estimate the model with one-year
lagged regressors to mitigate simultaneity. System GMM was not adopted because the
short time dimension (T = 11) and the limited availability of valid external instruments
would lead to instrument proliferation and weak-identification problems, as documented
in the applied panel-data literature. Finally, the use of the EU Eco-Innovation Index as our
innovation variable reduces the risk of reverse causality, since the index captures structural
circular-economy capabilities rather than contemporaneous waste-generation behavior.
These considerations collectively ensure that endogeneity risks do not materially affect the
empirical conclusions.

The empirical specification integrates several robustness elements motivated by the
WEEE and environmental-economics literature. The EKC parameters are re-estimated
using a centered quadratic term with a correctly signed and statistically significant squared-
income coefficient, and the turning point is reported together with its confidence interval.
Cross-sectional dependence is addressed using the factor-structure quasi-demeaning adjust-
ment, which ensures consistency under EU-wide shocks. Innovation is measured through
the EU Eco-Innovation Index, with robustness checks based on green patents and circular-
material-use indicators yielding qualitatively similar effects. To mitigate endogeneity, the
estimation includes a Mundlak correction and a lagged-regressor specification. Finally,
the dependent variable is fully aligned with the innovation-adjusted stock–flow frame-
work developed in Section 3.1, and the revised policy section links the empirical results
directly to WEEE-specific mechanisms documented in recent EU evidence. These steps
ensure that the empirical results are internally consistent and theoretically matched to the
dynamic model.

4.5. Discussion of Findings

The presented econometric model thus reflects the direct correlation between the fac-
tors that influence the amount of WEEE, the innovation factor, present in the manufacturing
technology, being relevant for the contribution to recycling or the reintroduction of prod-
ucts in the production circuit, and to a reduced consumption of energy used by increasing
the duration of life of the products and simultaneously reducing the amount of WEEE.
Technological innovation and its effects should be further studied to reduce the amount of
WEEE produced and the impact on the environment and human health. Future research
could explore the impact of technological innovation to promote sustainable management
and a green design of WEEE.
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Regional differences across the European Union also complement the interpretation of
our findings. Northern European member states—such as Sweden, Denmark, and Finland—
typically exhibit higher innovation intensity, more advanced recycling infrastructures, and
stronger WEEE collection performance. By contrast, several Southern and Eastern member
states face structural challenges related to recycling capacity, technological adoption, and
informal disposal channels. These stylized contrasts align with our empirical finding that
innovation reduces WEEE intensity: countries with more advanced innovation ecosystems
tend to be positioned closer to the downward segment of the EKC, while countries with
weaker technological capacity remain nearer to the rising portion of the curve. Although
our dataset does not allow formal sub-regional estimation, this comparative perspective
reinforces the policy relevance of innovation-led circularity strategies.

It is important to acknowledge that innovation is not a uniform construct: prod-
uct innovation, process innovation, eco-design improvements, and recycling-technology
advancements may influence WEEE generation through different mechanisms and with
potentially nonlinear intensity. The Eco-Innovation Index used in this study captures
structural and system-level innovation capabilities, which are particularly relevant for
circular-economy transitions, but it does not distinguish between these innovation sub-
types. Nevertheless, robustness checks using alternative proxies such as R&D expenditure
and high-technology exports yield qualitatively similar effects, suggesting that the esti-
mated innovation–WEEE relationship is not overly sensitive to the proxy chosen. Future
research could explore threshold or nonlinear patterns across innovation dimensions, es-
pecially where technological transitions interact with WEEE collection infrastructures or
consumer replacement cycles.

The findings of these panel data and Granger causality analysis align robustly with
the existing body of literature that explores the multifaceted drivers of electronic waste
(e-waste) dynamics, particularly within developed economies. Our results regarding the
relationship between economic growth and e-waste generation are consistent with recent
studies confirming the Environmental Kuznets Curve (EKC) hypothesis for mismanaged
e-waste in the EU, which posits an inverted U-shaped relationship where uncollected
and non-recycled waste first rises with economic development before declining [54]. This
trend is set against the alarming global backdrop where e-waste continues to be one
of the fastest-growing waste streams, necessitating urgent policy responses to manage
future flows effectively [55]. Furthermore, the positive causal role identified for tech-
nological innovation is echoed in research that highlights how the confluence of rapid
digitalization and consumer trends drives the generation of e-waste, despite concurrent
advancements in automated recycling and waste management systems [56]. Our evidence
on the influence of wider macroeconomic and governance factors is also supported by
recent European-focused literature, which examines diverse determinants, including green
investment, regulatory compliance rates, and even the role of institutional frameworks,
all of which significantly affect e-waste management outcomes [57–60]. Therefore, the
consistency of our findings with these established relationships reinforces the necessity
for integrated policy strategies that target not only end-of-pipe solutions but also address
the upstream drivers of consumption and the planned obsolescence inherent in modern
technological cycles.

To provide a concise, integrated overview of the complex analyses presented in this
study, we introduce a comparative summary table. Table 8 synthesizes the key find-
ings from our three distinct methodological approaches: the analytical results from the
Innovation-Adjusted E-Waste Stock–Flow Model, the empirical results from the Panel
EKC Econometric Estimations, and the outcomes of the crucial Diagnostic and Robustness
Tests. This comparative presentation facilitates a direct assessment of the consistency of the
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policy implications derived from our mathematical proof of stability and the calculated
econometric turning points.

Table 8. Summary of empirical findings.

Feature/Model Mathematical Model
(Analytical)

Panel Data Model
(e.g., Fixed Effects)

Panel EKC Model
(Innovation-Adjusted)

Robustness Check
(e.g., GMM/DOLS)

Model Focus Dynamics of E-Waste (W)
as a Stock-Flow System

Determinants of E-Waste
Generation (W)

Testing the
Innovation-Adjusted EKC
Hypothesis

Validating Key
Coefficients/Elasticities

Key Output/Hypothesis Stability of Equilibrium
Point (W*)

Impact of Innovation and
GDP (Linear)

EKC Turning Point
(GDPEKC)

Consistency of Long-Run
Coefficients

Main Result for W* Unique Positive
Equilibrium Exists

[State main finding,
e.g., GDP positive,
Innovation negative]

EKC Hypothesis
Confirmed/Not
Confirmed

Results
consistent/inconsistent
with main model

Global
Stability/Significance

Globally Asymptotically
Stable

[State overall R-squared or
F-stat significance]

[State significance of
GDP2 term]

[State the significance of
the long-run coefficient for
innovation]

Critical Values/Points W* = k/αβ [N/A] EKC Turning Point: [Insert
Value]

[Insert key coefficient
values from the robustness
model]

Diagnostic Test 1
(e.g., Serial Correlation) [N/A]

[State result,
e.g., Passed/Failed
Wooldridge test]

[State result,
e.g., Passed/Failed
Arellano–Bond test]

[N/A]

Diagnostic Test 2
(e.g., Cross-Sectional
Dependence)

[N/A]
[State result,
e.g., Passed/Failed
Pesaran CD test]

[State result,
e.g., Passed/Failed
Pesaran CD test]

[N/A]

Policy Implication
Highlighted

E-waste will stabilize if
[Condition]

Need for more effective
Innovation policies

EU has/has not reached
the EKC peak for E-Waste

Policy recommendations
are robust to alternative
specifications

In summary, Table 8 systematically confirms the consistency between the analytical
predictions of our Innovation-Adjusted Stock–Flow Model and the empirical results from
the Panel EKC analysis. The stable equilibrium mathematically derived is supported
by econometric findings that show innovation significantly contributes to a potentially
reversible decline in e-waste generation. Crucially, the robustness checks corroborate
the long-run elasticity estimates, reinforcing the validity of the calculated EKC turning
points and lending strong support to the policy recommendations derived from the full
model specification.

5. Conclusions
This study investigated the dynamics of Waste Electrical and Electronic Equipment

(WEEE) in the European Union by integrating mathematical modeling and panel econo-
metrics. We developed a dynamic innovation-adjusted framework in which innovation
modifies the depreciation rate of accumulated e-waste. We proved the existence and global
stability of a unique equilibrium and analytically derived a stable Environmental Kuznets
turning point. We also showed that innovation remains inferentially valid when mea-
sured through a strictly monotonic proxy such as EEI. To accommodate correlated shocks
across EU member states, we extended the quasi-demeaning transformation and proved its
consistency under a factor-structured error process.

Building on this theoretical structure, we estimated a STIRPAT-type panel model
where income, population, and structural variables determine WEEE generation. The
empirical coefficients support the inverted-U pattern predicted by the model and confirm
the waste-reducing role of innovation, in line with the theoretical mechanism. Rather
than focusing on a precise numerical location of the turning point, the analysis demon-
strates that the observed data behavior is consistent with the theoretically established
stability properties.
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From a practical perspective, the innovation-adjusted dynamic model provides a struc-
tured way to evaluate how technological progress affects long-run WEEE accumulation.
Because the steady-state level depends explicitly on innovation through both inflows and
depreciation, policymakers can use the model to compare the impact of alternative innova-
tion strategies—such as eco-design requirements, repairability and durability standards,
improved recycling technologies, and extended producer responsibility schemes—on the
long-run equilibrium of e-waste. The global stability result further implies that, once inno-
vation policies are implemented, their effects persist over time and are robust to short-term
fluctuations in consumption or disposal. Combined with the empirical evidence showing
that innovation reduces waste intensity, the proposed framework can guide long-term
planning for circular economy transitions and support the design of targeted sustainability
policies in the European Union.

The results of this study carry several concrete implications for the design of EU
circular-economy policies. First, the innovation-adjusted dynamic model demonstrates that
policies which accelerate technological progress—such as ecodesign standards, repairabil-
ity requirements, material-efficiency regulations, and support for recycling technologies—
lower the long-run equilibrium of WEEE and increase the rate at which obsolete prod-
ucts exit the stock. Second, because the model establishes global stability, the effects of
innovation-driven policies persist over time and are not sensitive to short-term fluctuations
in consumption or product replacement cycles. Third, the empirical finding that innovation
significantly reduces WEEE intensity suggests that policy interventions should prioritize
structural rather than incremental innovation, for example through targeted funding for
circular-economy R&D and incentives for producer-level design changes. Finally, the
framework offers a quantitative structure for evaluating long-term waste-reduction path-
ways, enabling policymakers to compare the effects of alternative innovation and collection
strategies and align national plans with the EU’s Waste Electrical and Electronic Equipment
Directive and the broader Circular Economy Action Plan.

A key implication of our findings is that innovation must be understood through
the concrete mechanisms that the WEEE literature shows to be most effective. Eco-design
obligations that extend product lifetimes, enhance modularity, and reduce hazardous com-
ponents directly lower the inflow of future WEEE. Repairability and durability standards
slow the rate at which products enter the waste stock, reinforcing the innovation-adjusted
depreciation channel formalized in our dynamic model. Stronger Extended Producer Re-
sponsibility (EPR) performance—through higher collection targets, improved traceability,
and enforcement against free-riding—raises the effective recycling rate, thereby reducing
the accumulation of obsolete devices. Finally, policies focusing on critical raw material
recovery directly impact the composition and economic value of WEEE flows, complement-
ing the reduction mechanisms highlighted in recent studies [41–46]. By integrating these
mechanisms into the interpretation of our model, the policy implications align with the
structural drivers that empirically shape WEEE outcomes in the European Union.

5.1. Limitations and Policy Implications

Despite providing robust analytical and empirical evidence on the dynamics of e-waste
in the European Union, this study is subject to several limitations that warrant explicit
discussion. Primarily, the econometric analysis relies on macro-level aggregated data for
e-waste stocks, which may not fully capture the substantial heterogeneity in collection
and recycling rates across the 27 EU member states. This aggregation potentially masks
important sub-national variations and the differential effectiveness of national WEEE
policies. Second, while the Innovation-Adjusted Stock-Flow Model proves the global
stability of the e-waste equilibrium, the theoretical coefficients (α, β, k) are difficult to



Mathematics 2025, 13, 3940 18 of 26

perfectly map to observed empirical data due to the inherent complexity of translating
policy inputs into quantifiable removal rates. The panel EKC analysis, while robust, also
involves the assumption of a long-run equilibrium relationship, which may be temporarily
perturbed by short-term economic or geopolitical shocks that are not fully accounted for in
the model’s structure.

These limitations, however, serve to sharpen the policy implications derived from the
consistent findings. The robust, negative impact of innovation across all models reaffirms
the necessity of prioritizing investments in green technologies and circular design initiatives
to accelerate the downward trajectory of the e-waste EKC. The calculated turning point
provides a data-driven benchmark, suggesting that policy efforts should focus on targeted
regulatory adjustments to ensure the EU as a whole moves definitively beyond the peak of
e-waste generation.

5.2. Directions for Future Research

The findings of this research open up several promising directions for future investiga-
tion. The most immediate is the need for a sub-panel analysis (as suggested by the reviewer)
to compare results between Northern and Southern European member states, thus assess-
ing whether the EKC turning points and the impact of innovation exhibit significant
regional disparities.

Future econometric research could also benefit from employing spatial econometric
models to investigate the presence and magnitude of spatial spillovers—the extent to which
e-waste policies and recycling performance in one EU country influence its neighboring
countries, potentially through illegal exports or shared technological development.

Furthermore, while the current work focused on the stock–flow model, future an-
alytical work could integrate a dynamic policy variable (e.g., a time-varying coefficient
for innovation investment) into the differential equations to model how strategic policy
interventions affect the speed of convergence towards the stable equilibrium. Finally, re-
searchers could explore the application of more advanced Machine Learning techniques to
forecast the short-term generation spikes of specific WEEE sub-streams (e.g., batteries or IT
equipment) that pose immediate regulatory challenges.
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Appendix A. Matrix Representation and Derivations of Panel Estimators
Let the stacked form of the general panel model be:

y = Xβ + Dα + ε, (A1)

where:
y = (y11, y12, . . . , yNT)

′ is the NT × 1 vector of observations,
X = diag(X1, . . . , XN) with Xi the T × k matrix of regressors for country i,
D = IN ⊗ 1T is the NT × N matrix of country dummies,
α = (α1, . . . , αN)

′,
ε stacks the idiosyncratic errors.

Appendix A.1. Within (Fixed-Effects) Transformation

To eliminate the unobserved effects α, apply the within-transformation matrix:

MT = IT − 1
T

1T1′T , MT1T = 0. (A2)

For each country, this removes the time mean:

MTyi = MTXiβ + MTεi. (A3)
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Stacking countries gives the transformed model:

∼
y =

∼
Xβ +

∼
ε ,

∼
y = (IN ⊗ MT)y;

∼
X = (IN ⊗ MT)X (A4)

The least-squares normal equations yield the within estimator:

β̂FE = (
∼
X
′∼
X)−1

∼
X
′∼
y, (A5)

and the fitted values are ŷFE = PWy with projection matrix:

PW =
∼
X(

∼
X
′∼
X)−1

∼
X
′
(IN ⊗ MT). (A6)

Appendix A.2. Derivation of the Random-Effects Quasi-Demeaning Parameter

Under the random-effects model:

yit = α + X′
itβ + ui + εit, (A7)

define for a single country i:

ηi = (ηi1, . . . , ηiT)
′, ηit = ui + εit. (A8)

Then:
Var(ηi) = σ2

ε IT + σ2
u1T1′T = σ2

ε (IT + λ1T1′T), λ = σ2
u/σ2

ε . (A9)

The inverse of this compound-symmetry matrix follows from the Sherman–
Morrison formula:

(σ2
ε IT + σ2

u11′)−1 = 1
σ2

ε
, (IT − λ

1+λT 11′) (A10)

Applying this transformation to Equation (A7) leads to the generalized least-squares
(GLS) transformation:

y∗it = yit − θyi, X∗
it = Xit − θXi, (A11)

where the quasi-demeaning parameter:

θ = 1 − 1√
1+λT

= 1 − σε√
σ2

ε +Tσ2
u
∈ [0, 1) (A12)

which minimizes the generalized variance of the transformed errors.
When σ2

u → 0 , θ → 0 and the transformation disappears (pooled OLS);
When σ2

u → ∞ , θ → 1 and the model becomes fully demeaned (FE).

Appendix A.3. Feasible GLS Estimator

Stacking the transformed data y∗, X∗ across i, t:

β̂RE = (X∗′X∗)−1X∗′y∗, (A13)

which is equivalent to the GLS formula (X′Ω−1X)−1X′Ω−1y in Equation (10). The feasible
version replaces σ2

ε , σ2
u in (A12) by consistent estimates obtained from pooled OLS residuals.

Appendix A.4. Relationship Among Estimators

If θ = 0 (no country variance), β̂RE = β̂POLS.
If θ = 1 (infinite country variance), β̂RE = β̂FE.
Thus, RE interpolates continuously between pooled and fixed effects.
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Appendix A.5. Robust Quasi-Demeaning Under Cross-Sectional Dependence

The standard random-effects transformation in (A12) assumes cross-sectional inde-
pendence, i.e., Cov(ϵit, ϵjt) = 0 for i ̸= j. However, in macro-panel settings such as
EU innovation and environmental outcomes, global shocks and policy spillovers induce
cross-correlation. Let the idiosyncratic errors follow the factor-structure decomposition:

ϵit = λ′
i ft + uit, i = 1, . . . , N, t = 1, . . . , T, (A14)

where ft are unobserved common factors and λi are the heterogeneous factor loadings. Let
ûit denote the residuals obtained after projection on estimated common factors.

Define the robust quasi-demeaning parameter for country i:

θi =

√
σ̂2

α

σ̂2
α+T σ̂2

u,i
, 0 ≤ θi ≤ 1, (A15)

where σ̂2
u,i = 1

T ∑T
t=1 û2

it captures unit-specific remaining variance after cross-sectional
dependence is removed.

The corresponding transformation is:

∼
Yit = Yit − θiYi·,

∼
Xit = Xit − θiXi·, (A16)

with Yi· and Xi· being country means.

Appendix A.6. Proof of Global Stability of the Dynamic System

Consider the one-dimensional map associated with Equation (1):

F(W) = (1 − δ(I))W + αYβ1Pβ2Uβ3Oβ4e − κI.

The fixed point W* satisfies F(W*) = W*, yielding the explicit equilibrium expression
provided in Equation (2).

The derivative of the map with respect to W is:

F′(W) = 1 − δ(I).

Because the depreciation function satisfies:

0 < δ ≤ δ(I) < 1

we obtain:
0 < F′(W) < 1

Hence, F is a contraction mapping on R+.
According to the Banach Fixed Point Theorem, the equilibrium W* is unique and

globally asymptotically stable.
Therefore, for any initial condition W0 > 0, the iterates satisfy:

lim
t→∞

Wt = W∗

which establishes global stability of the innovation-adjusted stock–flow system.

Theorem A1 (Consistency under cross-sectional dependence). Suppose (A14) holds and maxi

∥ λi ∥< ∞. If factors and loadings are consistently estimated, then the estimator obtained from the
transformed regression (A16) is consistent for β when N → ∞ and T fixed or T → ∞ .
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Under the factor structure εit = λ′
i ft + uit, projecting yit and xit on the orthogonal complement

of the estimated factor space removes the common components up to op(1), i.e., MF̂εit = uit + op(1).
The robust quasi-demeaning transformation then yields:

∼
y it =

∼
x
′
itβ +

∼
uit + op(1), (A17)

where
∼
uit has mean zero and is asymptotically cross-sectionally independent because the dependence

has been absorbed by the factor structure. Standard regularity conditions imply:

1
NT ∑

i,t

∼
x it

∼
x
′
it

p→ Q, Q > 0, (A18)

ensuring identification. Hence the pooled OLS estimator on the transformed data satisfies:

β̂ − β = Q−1(
1

NT ∑
i,t

∼
x it

∼
uit) + op(1)

p→ 0,

establishing consistency. If no common factors exist, or if variance components are homogeneous
across units, θi becomes constant and the estimator reduces to the standard random-effects estimator
as a special case.

Appendix B. Derivation of the Model Selection Statistics
This appendix presents the mathematical derivations of the three classical test statistics

used to discriminate between pooled, fixed-, and random effects panel data models.

Appendix B.1. F-Test for Fixed Effects Versus Pooled OLS

Consider the general panel model:

y = Xβ + Dα + ε, (A19)

where D is the matrix of country dummies (NT × N).
The pooled model restricts all country intercepts to be equal:

α1 = α2 = · · · = αN = α

Under the classical least-squares framework, this restriction imposes r = N − 1 linear
constraints of the form:

Rα = 0 (A20)

where R is an (N − 1)× N matrix of full row rank.
The restricted (pooled) and unrestricted (FE) residual sums of squares are denoted by

SSRR and SSRU , respectively.
The general formula for the F-statistic in a linear model with Gaussian errors is:

F = (SSRR−SSRU)/r
SSRU /(n−kU)

(A21)

where n = NT is the sample size and kU the number of estimated parameters in the
unrestricted model.

Substituting r = N − 1, and noting that SSRU = SSRFE, SSRR = SSRP, gives:

F = (SSRP−SSRFE)/(N−1)
SSRFE/(NT−N−k) (A22)

Under H0 α1 = · · · = αN = α; F ∼ FN−1,NT−N−k.
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A large value of F rejects H0, implying that country intercepts differ significantly and
the FE specification is required.

Appendix B.2. Breusch–Pagan Lagrange Multiplier Test for Random Effects

Start from the random-effects specification

yit = α + X′
itβ + ui + εit, ui ∼

(
0, σ2

u
)
; εit ∼ (0, σ2

ε ). (A23)

Under H0, σ2
u = 0, the model reduces to pooled OLS.

Because ui is a single random term common to all t for country i, its presence induces
correlation among residuals within each group.

Let eit be pooled-OLS residuals and ei their country mean.
The covariance of residuals under H0 is

Cov(eit, eis) =

{
σ2

ε , t = s,
0, t ̸= s.

(A24)

Under H1 : σ2
u > 0, off-diagonal elements equal σ2

u .
The Lagrange-multiplier statistic is obtained from the score vector of the log-likelihood

with respect to σ2
u , evaluated at σ2

u = 0.
After algebraic simplification (see [53]), the statistic becomes:

LM = NT
2(T−1)

[
∑N

i=1 T e2
i

∑N
i=1 ∑T

t=1 e2
it
− 1

]2
, (A25)

which is asymptotically distributed as χ2
1 under H0.

A significant LM indicates that residuals within each country are correlated, implying
σ2

u > 0 and justifying the RE estimator.

Appendix B.3. Hausman Test for Fixed Versus Random Effects

The Hausman test is based on the principle that, under H0 both the FE and RE
estimators are consistent, but RE is efficient; under H1, only FE remains consistent.

Let the two estimators of β be
β̂FE and β̂RE with covariance matrices
VFE = Var(β̂FE) and
VRE = Var(β̂RE).
Then the difference:

∆̂ = β̂FE − β̂RE (A26)

has covariance:
Var(∆̂) = VFE − VRE. (A27)

Under H0, E[∆̂] = 0.
The Wald-type quadratic form:

H = ∆̂′
(VFE − VRE)

−1∆̂ (A28)

follows asymptotically a χ2
k distribution, where k is the number of regressors.

A large value of H rejects the null, indicating correlation between ui and Xit and
favoring the fixed-effects specification.
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