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To decarbonise Europe in the post-COP26 era, current policies must be adjusted to account for the cross-border
consequences of its consumption pattern. Using consumption-based Kaya identity metrics adjusted for emissions
and energy embodied in traded goods and services, this study examines the nexus between technological factors
defining energy transition progress, specifically energy and carbon intensities of the consumption mix, and
carbon dioxide (CO2) emissions, in a sample of 20 European countries from 1995 to 2019. The empirical steps
rely on panel-data estimators that are robust to cross-sectional dependence and allow for heterogeneous slope
coefficients. The results show that energy and carbon intensities of the consumption mix have a positive rela-
tionship with CO5 emissions but a negative relationship with renewable energy consumption. The findings also
verify an inverted U-shaped relationship between affluence and CO; emissions through the energy and carbon
intensity metrics. Additional tests show a unidirectional causality from carbon intensity of the energy mix to CO5
emissions and from renewable energy to the carbon intensity. Also, bidirectional causality exists between COy
emissions and per capita GDP and energy intensity, and between renewable energy and energy intensity. By
implication, renewable energy provides the technological path to mitigating consumption-induced emissions in
Europe.

1. Introduction the effects, such as rising sea levels, more extreme weather, flooding,

droughts, and storms (see Strauss et al., 2021). The 26th United Nations

The demand for energy has grown steadily. From the 1960s, the
consumption of primary energy has grown by 3.818 times, increasing
from 155.88 EJ (EJ) to 595.15 EJ in 2021 (BP, 2022). The majority of
energy is derived from fossil fuels (oil, coal, and natural gas). There is no
doubt that fossil fuels provide economic gains, but their extraction,
processing, and usage are major sources of carbon dioxide (CO3) emis-
sions (Soeder, 2021). The global policy debate on the climate emergency
places great importance on the mitigation of COy emissions (Soeder,
2021). COy absorbs infrared radiation and traps heat. Their build-up in
the atmosphere poses serious threats to the global climate, with negative
consequences for ecosystems, human health, and the economy. Recent
events around the world demonstrate that we are already experiencing
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Climate Change Conference (COP26) commits countries to limiting
global temperature rise to 1.5 degrees Celsius by 2030 (Jacobs, 2022).
The acceptance and signing of the pact signify that all countries, at
various levels of development, are to make efforts to decouple CO,
emissions from economic and demographic trajectories.

With energy demand still increasing, getting on track with the
climate-neutral target has been a major challenge for most economies.
This is partly due to the important role that energy plays in driving
economic growth (Liu et al., 2022a). Europe, in particular, has taken a
wide range of factors into account, with the most current policy mix
focusing on altering the technological composition of their consumption
structure (Hainsch et al., 2022). At the moment, energy consumption (in
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particular fossil fuels) accounts for more than half of all greenhouse gas
emissions (IEA, 2022). It is consequently critical for the countries to pay
attention to developments in the energy sector if their decarbonisation
target of decreasing emissions by at least 55% by 2050 is to be met
(Renou-Maissant et al., 20220). The European Green Deal (EGD)
released in 2019 has its focus on increasing conservation and efficiency
as well as deepening the use of renewable energy technologies such as
wind, solar, and biogas, which emit no CO, (Hainsch et al., 2022). This
policy step marked a critical transition pathway towards diminishing
reliance on fossil fuels. Its effectiveness, however, has generally been
influenced by a combination of domestic factors, such as industrial
structure, and international variables, such as the level of reliance on
foreign trade. From the standpoint of dependence on imported energy,
which according to the World Bank’s estimates accounts for more than
50% of net energy use in Europe (WDI, 2022), there is a need to assess
how the current policy framework performs under the increasing
trade-induced demand for energy.

In this study, we examine the role of the technological composition of
the energy mix in explaining energy use effects on COy emissions in
Europe. Specifically, we model an impact equation relating CO5 emis-
sions to population size, per capita income, and the technological
structure of energy use. Based on the Kaya identity framework, the
technological structure of energy use is defined using energy efficiency
and carbon intensity metrics (Lin et al., 2015). The energy intensity
metric is used to track the impact of technologies that allow for greater
energy conservation and efficiency, whereas technologies that control
pollution or lower the carbon content of energy sources lead to a
reduction in carbon emissions intensity (Gonzalez-Torres et al., 2021).
In technical and policy contexts, the use of renewable energy can have a
positive effect on the energy and carbon efficiency of the consumption
structure. Taking this into consideration, we extend the model specifi-
cations to examine how changes in the technological composition of the
consumption structure towards renewable energy shape the decarbon-
isation progress in Europe.

A number of scholars have explored how changes in the technolog-
ical composition of the energy consumption mix influence environ-
mental impacts in Europe (Pham et al., 2020; Obobisa, 2022; Frodyma
et al., 2022). There are, however, noticeable gaps in these studies that
limit their contribution to climate policy. In particular, their empirical
models have been based on territorial estimates of energy and CO
emissions (production-based metrics) without adjusting for embodied
components in traded goods. To address this gap, we model the envi-
ronmental impacts of the countries using consumption-based metrics.
Traditionally, countries are guided to report emissions using a
production-based (PB) metric, indicating emissions produced within
their territorial jurisdiction (Davis and Caldeira, 2010; Pan et al., 2022).
With international trade, goods and services produced in other countries
become intermediate inputs or final consumption in another country
(Pan et al., 2022). In recognition that goods and services flowing across
international borders redistribute emissions, recent computations have
adjusted national historical responsibilities for CO5 emissions using a
consumption-basedl (CB) metric (see Friedlingstein et al., 2022).
Embodied CO, emissions in trade flows into Europe (imports) have in
recent years exceeded embodied emissions in its exports, resulting in
positive net CO emissions from trade and higher historical estimates of
CO emissions in general (see Fig. 1). Between 1995 and 2019, Europe
reduced its territorial emissions by 15.4%. The mitigation gains, how-
ever, were reduced to 8.4% after adjusting the estimates for emissions
embodied in traded goods and services. The difference of 7%, which
amounts to approximately 446.9 million metric tons of CO, emissions, is
an indication that current policy measures have been tailored mainly to

1 Trade adjusted (Consumption-based (CB)) CO, emissions = Territorial
(Production-based (CB) CO, emissions + net CO, emissions embodied in traded
goods (see Pan et al., 2022).
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curbing territorial emissions. It is also an indication that existing
empirical studies may have provided insufficient evidence on the
effectiveness of and needed policy directions in mitigating CO, emis-
sions in Europe. In the same way, we define energy and carbon in-
tensities of the consumption mix using metrics that add net energy
embodied in traded goods and services (i.e., trade-adjusted energy use
= territorial estimates of energy use plus embodied energy in import
trade minus embodied energy in export trade). The derived estimates are
consumption-based, and the corresponding parameter estimates could
aid efficient policies in support of the decarbonisation targets in Europe.

This study contributes to the literature on technological pathways to
decarbonisation in several ways. First, to our knowledge, this study is
one of the first empirical studies to model drivers of environmental
impacts in Europe using consumption-based metrics adjusted for both
emissions and energy embodied in traded goods. Second, given a sig-
nificant increase in renewable energy, particularly in Europe, previous
empirical attempts have introduced renewable energy directly into the
impact equation. This has resulted in a limited understanding of how
renewable energy mitigates CO4 emissions. To address this glaring issue,
we test a model formulated based on the Kaya identity framework. The
added policy insight is that energy and carbon intensities of the con-
sumption structure may shape the technological path to decarbonisation
in Europe. Within this framework, we test the mediating role of
renewable energy in the technology-CO; emissions nexus. Different
from the direct linkages that have defined existing empirical attempts,
we bring to the fore the technology path to understanding the role of
renewable energy in the carbon mitigation model. Specifically, we show
that shifts in energy technologies towards renewables are the main
driver of decarbonisation progress in Europe. Third, on the methodo-
logical basis, most existing empirical attempts have often used the
Dumitrescu-Hurlin (DH) approach to causality testing in analysing the
causal relationships between energy transition variables and COs
emissions in Europe. However, this causality test does not allow for
multivariate causality specifications, making the impact of controlled
policy variables irrelevant in the Granger non-causality test. In this
study, we address this issue by using the newly developed bias-corrected
Granger non-causality test by Juodis et al. (2021), which provides both
univariate and multivariate causality tests.

The next section reviews the literature and provides some theoretical
support, while the third section describes the model, data and regression
techniques. The fourth section presents and discusses the results, while
the fifth section contains concluding remarks with some policy
recommendations.

2. Literature review

This section starts with a brief discussion of theoretical framework
underlining environmental impacts modelling. This is followed by a
review of evidence from existing empirical studies on the nexus between
the technological structure of energy mix and COy emissions. The
concluding discussion summaries by highlighting some research gaps to
set focus for the current study.

2.1. Theoretical framework

The literature has suggested a number of analytical frameworks to
aid precise understanding of anthropogenic factors shaping human
environmental impacts. Ehrlich and Holdren (1971) specified a mathe-
matical identity that relates environmental impacts (I) as a multiplica-
tive function of population (P), affluence (A) and technology (T) (i.e.,
I = PAT). Apeaning (2021) argues that ethical concerns often under-
mine the effectiveness of using population control as a mitigation tool.
Likewise, according to the environmental Kuznets curve (EKC) hy-
pothesis, the effectiveness of the economic growth path (i.e., A) is a
function of the level of development (Grossman and Krueger, 1991;
Frodyma et al., 2022). Countries are only willing to decouple CO5



C. Nwani et al.

7,200,000,000

. 6800,000,000

=]

S

€ 6,400,000,000

o

o

O

S 6,000,000,000

3

=]

=]

o

= 5600,000,000
5,200,000,000

1995 1998 2001 2004

[ Policy gap: CBA- PBA

Resources Policy 83 (2023) 103738

2007

2010 2013 2016 2019

[ ] Policyactions:decliningterritorial CO2 emissions

—o— Trade-adjusted (Consumption-based) CO2 emissions o= Territorial (Production-based)CO2 emissions

Fig. 1. CO, emissions in Europe based on PB and CB accounting system, 1995-2019. Data sources: Global Carbon Budget, Friedlingstein et al. (2022).

emissions from economic output after reaching a certain level of per
capita income (Frodyma et al., 2022). Undeniably, the technology (T)
path remains the most reliable way to mitigate CO, emissions (Apean-
ing, 2021), but was not given a specific definition in the original
formulation of the IPAT equation (York et al., 2003). To give a precise
definition, Waggoner and Ausubel (2002) reformulated T to encompass
the technological structure of energy mix. The extended impact equation
produces a 4-factor Kaya identity specification, taking anthropogenic
drivers of environmental impact as a multiplicative function of popu-
lation (P), affluence (A), energy intensity (EI; the amount of energy
consumed per unit of GDP) and carbon intensity (CI; the amount of CO,
emitted per unit of energy) (Lin et al., 2015).

2.2. PAT, Renewable energy and CO emissions: some empirical evidence

Econometric testing of the impact of PAT on CO, emissions has
increased recently, but much more interest has been focused on the role
of renewable energy technologies. Some of the studies examined just a
single country instance (see for e.g., Awan et al., 2022; Kartal et al.,
2022; Azam et al., 2023; Jie et al., 2023; Hassan et al., 2023), while
others focused on a group of countries, with selection classification
spread across geographic, income, or economic blocs (see for e.g., Dong
et al., 2019; Pham et al., 2020; Usman et al., 2021; Liu et al., 2022b; Yu
et al., 2022). Dong et al. (2019) modelled an extended identity equation
for global and regional CO, emissions using a panel data of 128 coun-
tries for 1990-2014 using Mean Group panel time-series estimators and
the Dumitrescu-Hurlin (DH) Granger causality test. The results showed
that positive changes in affluence, population size, fossil fuel energy use,
and energy intensity increase CO2 emissions in all regions. Although the
use of renewable energy produced the smallest effect in all regions, its
statistical significance in the model suggests that it remains the key path
to reducing global CO4 emissions. The use of fossil fuels was in particular
identified as the main contributor to CO3 emissions in Europe. In addi-
tion, the study showed that a unidirectional causality runs from energy
indicators (per capita energy use, renewable and non-renewable energy
shares of the consumption mix) to CO, emissions in Europe.

Similarly, Pham et al. (2020) modelled the impact of PAT on CO,
emissions in a panel of 28 European countries from 1990 to 2014 using
panel VAR and the fully modified OLS-based techniques. In support of
theoretical specifications, the results showed that growth in population
size and economic affluence pose a threat to the attainment of the
decarbonisation targets. Another insight from the results indicates that
European economies will have to rely on energy efficiency and

renewable technologies to thwart the growing trend in their carbon
footprints. In another study, Mohsin et al. (2022) modelled the impact
equation for the period spanning from 1971 to 2016 using the autore-
gressive distributed lag (ARDL) model and the Engle-Granger causality
test, showed that a positive causal flow runs from affluence to CO,
emissions in the European and Central Asian countries. Using the ARDL
technique, Frodyma et al. (2022) modelled an extended impact equation
for 28 European countries. The results rejected the validity of inverted
U-shaped curve in all the countries except Germany. In a study of the top
fifty carbon intensive countries, Mirziyoyeva and Salahodjaev (2022)
used data spanning from 2000 to 2015 to quantify the mitigation gains
from the use of renewable energy technologies. The results from the
generalised method of moments (GMM) estimator showed that for a 1%
increase in the use of renewables, there is a 0.98% decrease in COy
emissions.

In a cross-regional study using Mean Group panel time-series esti-
mators, Obobisa (2022) found that a 1% increase in the use of renewable
energy technologies reduces CO; emissions by 0.01% in Europe and by
0.26% in America. Taking additional modelling step using the DH
Granger causality algorithm, the study showed that the direction of
causality between renewable energy and CO, emissions is bidirectional
in Europe but unidirectional from CO5 emissions to renewable energy in
America. Liu et al. (2022b) used advanced regression and DH causality
techniques to model an extended IPAT equation for CO, emissions in
Latin America during the period 1990-2020 and reported negative
relationship and bidirectional causality between renewable energy and
CO, emissions in the region. In a cross-country of 82 countries using
dynamic panel threshold model, Yu et al. (2022) showed that renewable
energy contributes to achieving energy efficiency policy goals, but
provide different levels of performance in different development and
policy regimes. The derived estimates generated 0.22% and 0.02%
decrease in energy intensity for every 1% increase in renewable energy
development in the high and low regimes, respectively.

2.3. Consumption-based accounting of CO2 emissions

One factor that complicates the selection of mitigation options from
existing studies is the geographical separation of production and con-
sumption of goods and services (Davis and Caldeira, 2010). A significant
portion of one country’s economic output is used to meet the demand of
consumers in another country via international trade (Pan et al., 2022).
As a result, recent studies have quantified the emissions embodied in
global trade flows (Peters et al., 2011; Friedlingstein et al., 2022).
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Friedlingstein et al. (2022) used two accounting techniques:
production-based (PB), which accounts for CO5 embodied in all goods
and services created within a country’s territorial jurisdiction, and
consumption-based (CB), which adjusts PB estimates to embodied CO,
in traded goods and services. The estimates suggest that many developed
countries are net importers of CO, emissions, with their CB emissions
being higher than their PB emissions, supporting prior findings by Davis
and Caldeira (2010) and Peters et al. (2011). Furthermore, Harris et al.
(2020) and Rocco et al. (2020) showed that PB understates emissions in
Europe. Their findings suggest that CB is a more appropriate technique
for quantifying the environmental impact of Europe’s
consumption-driven economy. The reason according to Zhong et al.
(2022) is that countries with stricter environmental policies have lower
emission intensity in their exports but higher emission intensity in their
imports.

2.4. Research gaps

The reviewed empirical literature highlights some research gaps that
need to be addressed to shape environmental policy targets in Europe.
One is the use of production-based metrics in the modelling of the
environmental impacts of the countries. Since trade-induced consump-
tion lifestyles of European economies augment significantly their terri-
torial CO, emissions, existing studies, including Pham et al. (2020) and
Mirziyoyeva and Salahodjaev (2022), could be considered to have
underestimated the environmental impacts of the economies in their
analyses. This study addresses this gap by adjusting energy and CO,
emission estimates to the consumption patterns of the economies. Sec-
ond, existing studies introduced renewable energy directly into the
impact equation (see, e.g., Dong et al., 2019; Pham et al., 2020; Mir-
ziyoyeva and Salahodjaev, 2022). This allows for a limited under-
standing of how renewable energy mitigates CO5 emissions. To address
this gap, this study models the changes in CO, emissions within the Kaya
identity framework (Treimikien and Balezentis, 2016). This enables the
direct and indirect testing of relationships between technological factors
that underlie the progress of the energy transition (i.e., energy efficiency
and carbon intensity) and renewable energy consumption. Another
noticeable gap in the reviewed studies is the limited causality evidence
regarding the nexus between the technological structure of the energy
mix and COy emissions in Europe. In fact, the few existing causality tests
relied on the DH technique. This technique uses univariate causality
specifications and, as such, does not account for the impact of control
variables in the Granger non-causality test. To address this gap, this
study implements the newly developed bias-corrected Granger
non-causality test by Juodis et al. (2021), which allows for both uni-
variate and multivariate causality specifications.

3. Methodology
3.1. Model specification

The IPAT identity was redefined by Dietz and Rosa (1994) into a
stochastic model, STIRPAT, for stochastic impacts by regression on P,
A and T. Algebraically, the model takes the following form:

I =nPA]T! &)

The constant, 7, scales the function; ¢, § and d are the exponents of P,
A and T, respectively, that are to be derived using appropriate econo-
metric techniques to aid policy inferences. Following Pham et al. (2020)
N and Waggoner and Ausubel (2002), we define T as a function of the
technological structure of the energy mix. Specifically, we use energy
intensity (EIL, defined by the amount of energy consumed per unit of
GDP) and carbon intensity (CI, defined by the amount of CO5 emissions
per unit of energy) metrics (see the formulation of InPACT model by
York et al., 2003). Thus, Eq. (1) is extended to produces a 4-factor Kaya
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identity specification for modelling the anthropogenic drivers of CO5
emissions. Taking algebraic and natural logarithmic (In) transformation
of the 4-factor Kaya identity specification yields the following expres-
sion for empirical investigation:

InCO2, =y + @InPOP;, + 8InPCgdp;, + @InEl, + winCl, + &; )

Where impacts (I) are represented by CO5 emissions (CO2), population
size denoted by (POP) and affluence (A) denoted by per capita GDP
(PCgdp). it refers to the ith country in year t and ¢ is the error term. ¢
and y represent the elasticity coefficients of CO emissions regarding the
impacts of changes in energy intensity (EI) and carbon intensity (CI),
respectively. The interactions between CO, emissions and PCgdp, as the
economy progress along the development path, could follow an inverted
U-shaped curve according to the environmental Kuznets curve (EKC)
hypothesis (Grossman and Krueger, 1991). Hence, we extend Eq. (2) to
include the quadratic term of per capita GDP (PCgdpSQ) in the func-
tional equation:

InCO2; =n + @InPOP;, + 6,InPCgdp;; + 5,InPCgdpSQ;; + @InEl; + winCI;
+ Eir
3)

A valid inverted U-shaped curve only exists if §; > 0and 6, < 0.
Further modelling consideration extends insights on the role of tech-
nology in mitigating COy emissions. Offsetting the impact of large in-
crease in GDP (and increases in population) on CO5 emissions will
depend on whether the countries could reduce their EI and CI fast
enough. As clearly highlighted in the literature, trends in these two
factors depend on the composition of technologies in use; particularly
the rate at which fossil fuel energy is replaced by non-zero technologies
(e.g., renewable energy). To extend empirical insights on the technology
effect, an intermediate model is specified to track the impact of
renewable energy on EI and CI:

El,/Cl; =3 + QInRE;, + 4,InPCgdp;; + A,InPCgdpSQ; + IInSTU;, + &
()]

Where Q denotes the impact of renewable energy (RE). The functional
equation controls for the influence of PCgdp, PCgdpSQ and industrial
structure upgrading (STU). The introduction of STU accounts for the
impact of structural shifts in the economy, in particular the shift from
secondary sectors to tertiary sectors which relies on depth of techno-
logical development and tends to induce efficiency in energy use (Luan
et al., 2021).

3.2. Data description

This study models the drivers of CO, emissions in a selection of
European countries using annual time series data over the period, 1995 —
2019. Conventionally, CO, emissions are measured on the basis of do-
mestic production of goods and services — indicating emissions that
occur within a country’s territorial jurisdiction. The limitation is that
this accounting technique does not adjust for emissions embedded in
traded goods, which constitute major part of aggregate consumption
(Pan et al., 2022). To calculate total emissions on the basis of aggregate
consumption, the estimates are adjusted for traded goods - CO2 emis-
sions embedded in imported goods are included, while those embedded
exported goods are subtracted (Pan et al., 2022). One common feature of
CO, emissions in Europe is that most of the countries are witnessing
large increase in CO2 emissions through the consumption path, a
reflection that international trade augments their environmental
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Fig. 2. CO, emissions embedded in trade, European Countries, 2019. Note: Positive estimates (Red) depict net importers of CO, while Negative estimates (Blue)
depict net exporters of CO,. Source: https://ourworldindata.org/grapher/share-co2-embedded-in-trade?country=—EGY.

impacts (see Fig. 2). In this context, we construct a balanced panel-data
including 20 net-importers of CO, emissions” selected strictly on the
basis of data availability over the study period. Because the analysis
relies on a balance panel-data structure, countries without complete
data on key explanatory variables of interest are excluded from the
study. To aid policy formulation and extend relevant literature,
consumption-based metrics are used for empirical analysis, involving
adjusting the variables for emissions and energy embedded in traded
goods. The variables are listed in Table 1 along with their computational
definitions and data sources while basic descriptive statistics are sum-
marised in Table 2.

3.3. Estimation techniques

The dataset has 20 countries (i.e., cross-section dimensions (N) = 20)
and time-series (T) dimension of 25 years. Traditional econometric
techniques are considered unsuitable for the dataset, since T is moder-
ately large and greater than N (Eberhardt, 2012). For datasets with T >
N, Eberhardt (2012) recommends panel time-series econometric steps,
including a set of preliminary checks (cross-section (CS) dependence
test, slope heterogeneity tests and unit-root tests), cointegration tests
and second-generation estimation methods (the mean group (MG), the
common correlated effects mean group (CCEMG) and the augmented
mean group (AMG) estimators). This study, therefore, employs the
macro panel framework as recommended by Eberhardt (2012).

3.3.1. Preliminary tests

Ignoring the inter-dependency among the countries could produce
biased estimates. Therefore, the panel dataset needs to be screened for
possible cross-section dependence (CSD). The test proposed by Pesaran
(2004, 2021) is adopted for this purpose. This technique is employed to
verify the existence of CSD under the hull hypothesis as: H, : py =
corr(eicex) = OVi # k based on the following equation:

2 Austria; Belgium; Croatia; Denmark; Estonia; Finland; France; Germany;
Hungary; Ireland; Italy; Latvia; Lithuania; Portugal; Slovakia; Slovenia; Spain;
Sweden; Switzerland; United Kingdom.

o [ e |
esb= n(n—1) (Z Z Pik) ~n(0,1) i,k ©)

Where T = 25 years and n = 20 oil-rich countries. p; is a component that
introduces the ADF in the pairwise cross-sectional dependency.
Similarly, biased estimates could be avoided by checking the slope
characteristics. This is achieved by using the Pesaran and Yamagata
(2008) approach, which detects the presence of homogeneity or other-
wise in panel datasets. The test is based on the following equation:

(T —k—1\ /1
LU (s-2
(*F) (7

©

(Bon) =0 (35 4)s B =)

Tl

Where, KSH andA gy are respectively the delta tilde and adjusted delta
tilde statistics which form the basis for testing the null hypothesis of
homogeneity in the slope coefficients.

The third preliminary check examines the unit root characteristics of
the variables using the cross sectional augmented Im-pesaran-Shin
(CIPS) test by Pesaran (2007). The equation under the non-stationary
specification is given as:

P P
AYy=w;+p} Vi1 +doY i+ Y diAY, 4+ Y AV, + & ™

J=0 J=1

Where A, Y are the difference operator and the case variable, respec-
tively. CIPS statistics are derived from Eq. (11) as:

1 N
CIPS =— CADF; 8
N ; ®)

The adjusted (truncated) CIPS statistic (i.e., CIPS-TR) is calculated in
order to lessen the effects of issues created by T not being sufficiently
large to limit extreme outcomes. The CIPS-TR given as:

1 & .
CIPS — TR = — CADF; 9
N ; ; 9)

3.3.2. Test for cointegration
To test for the presence of a long-run relationship between the var-
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Table 1
Data definitions and sources.

Notation Definition

Unit of
Measurement

Database

Compilation

COo2 Consumption-
based CO,
emissions

POP Population,
total

PCgdp GDP per

capita

EI Consumption-
based Energy
Intensity

CI Consumption-
based Carbon
Intensity

RE Renewable
energy

STU Industrial
structure
upgrading

Territorial/
Production-
based emissions
minus
emissions
embedded in
exports, plus
emissions
embedded in
imports. Data
are measured in
tonnes of CO,
Historical
estimates of
total number of
people in a
country

GDP Per Capita,
PPP (Constant,
2017
International
$). This adjusts
for inflation
and cross-
country
differences.
Number of
kilowatt-hours
of energy used
per dollar of
GDP. To adjust
for trade,
energy use is
calculated as
domestic
energy use
minus energy
embodied in
exported goods,
plus those
embodied in
imported
goods. These
estimates are
divided by GDP
(measured in
2017
international $)
The quantity of
CO:2 emitted per
unit of energy
computed as
CO: emissions
adjusted for
emissions
embedded in
traded goods
divided by
energy use
adjusted for
energy
embodied in
traded goods
Renewable
energy
consumption
(% of total final
energy
consumption)
Ratio of
Services, value
added (% of
GDP) to

Global Carbon
Budget -
Global Carbon
Project (GCB-
GCP v2021)

United
Nations
Population
Division

World
Development
Indicators
(WDI v2022)

EXIOBASE
v3.8.2 and
WDI v2022

GCB-GCP
v2021 and
EXIOBASE

WDI v2022

WDI v2022

Consumption-
based Kaya
Identity (CKI)
Dataset,
https://
ourworldi
ndata.org

CKI Dataset,
https://
ourworldi
ndata.org

CKI Dataset,
https://
ourworldi
ndata.org

CKI Dataset,
https://
ourworldi
ndata.org

CKI Dataset,
https://
ourworldi
ndata.org

World Bank,
https://data.
worldbank.org

World Bank,
https://data.
worldbank.org
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Table 1 (continued)

Unit of Database

Measurement

Notation  Definition Compilation

Industry
(including
construction),
value added (%
of GDP)

iables, we employ the error-correction-based panel cointegration tests
proposed by Westerlund (2007), which significantly accounts for
possible presence of CSD in the panel dataset. The equation takes the
following form:

k k
AY;, :M:-dz + a)i(Yi.l—l */};Xikl) + Z DAY+ Z YiAXi + €y

J=1 J=1

(10)

Y, and X;, are the dependent and explanatory variables, respectively;
w; is the coefficient of the error-correction term reflecting the rate of
correction towards equilibrium. Accordingly, four (4) statistical can be
estimated from equation (5):

1 &K o
G =— — 11
"N — se(;) an
1 N To;
Go=y D — % — 12)
i=1
=Y oy
J=1
P=—2 as)
se(®)
P, =T 14

Testing for cointegration in the full panel can be done using the P
statistics (P; and P,,) while the G statistics (G; and G,,) offer the basis for
verifying the existence of cointegration in at least one cross-sectional
group.

3.3.3. Parameter estimation

This study employs three estimators developed to address hetero-
scedasticity, CDS and slope heterogeneity concerns in panel time-series
models (Eberhardt, 2012). First, we use the Pesaran and Smith (1995)
mean group (MG) estimator, in which estimates of the parameters
associated to the observable variables are calculated independently for
each cross-section and averaged at the end. Despite that MG estimator
supports heterogeneous slope coefficients; CSD-related problems still
persist. Second, we use the Pesaran (2006) Common Correlated Effects
Mean Group (CCEMG) estimator. By including group-specific re-
gression’s cross-sectional averages of the dependent variable Y;; and the
independent variable X;, the CCEMG algorithm inadvertently adjusts
parameters to the problems of CSD and slope heterogeneity.

Yy =BXiu + v Yy +0Xi + i +7f + €4 (15)

The empirical setup of the CCEMG algorithm is robust to the pres-
ence of weak unobserved common factors (e.g., local spillover effects)
but limited in the presence of strong factors such as global shocks (see
Pesaran and Tosetti, 2011). The algorithm estimates each panel
regression by OLS. As in the MG estimator, the mean group estimates are
obtained by averaging each panel unit:

RN
CCEMG = ; B, @1e)

Finally, we use the Eberhardt and Teal (2010) Augmented Mean
Group (AMG) estimator, which is also resistant to CSD and slope
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Table 2
Summary statistics.
Statistic Co2 POP PCgdp EI CI RE STU
Mean 199000000.00 19914735.00 37992.79 1.48 0.20 18.50 2.57
Median 73635762.00 8103316.00 39475.16 1.31 0.20 17.27 2.45
Maximum 1140000000.00 83517046.00 86650.01 5.40 0.44 52.88 4.08
Minimum 11702227.00 1315330.00 9600.85 0.75 0.06 0.85 1.39
Std. Dev. 265000000.00 25011165.00 13450.53 0.60 0.05 12.03 0.58
Skewness 1.79 1.32 0.20 2.34 1.03 0.52 0.55
Kurtosis 5.35 3.11 2.99 10.43 6.46 2.49 2.64
Jarque-Bera 380.60 145.00 3.42 1605.19 338.92 27.79 28.02
Probability 0.00 0.00 0.18 0.00 0.00 0.00 0.00
Observations 500 500 500 500 500 500 500
heterogeneity. In contrast to the CCMG estimator, the AMG takes into
account the model configuration for unobservable common compo- Table 3
nents. The AMG technique uses a first difference estimate of a pooled Pesaran (2004, 2015) Cross-section dependence test.
regression model plus time dummies (Eberhardt and Teal, 2010). The Variable CD-test p-value  averagejoint meanp  mean abs(p)
following equation expresses this first step as thus: Inco2 33.9235%%  0.000 95.00 0.48 0.55
T InPOP 9.889%** 0.000 25.00 0.14 0.85
Y. =p. + aAX, L 7.6, + D, Le an InPCgdp 61.025***  0.000 25.00 0.89 0.89
O ;¢' e IPCgdpSQ  60.943***  0.000  25.00 0.88 0.88
InEL 51.17%** 0.000 25.00 0.74 0.76
Where «; denotes the slope, §; the unobserved common factor, 7; the InCI 17.16 s 0.000 25.00 0.25 0.47
h ; loadi D. th d . do th InRE 55.907***  0.000 25.00 0.81 0.81
eterogeneous factor loadings, D, the year dummies, and ¢, the co- InSTU 43.869*%  0.000 25.00 0.64 0.66

efficients. Second, we add a unit coefficient for each group unit to the
group-specific regression specification and then average the group-
specific parameters across the panel.

1 <N
AMG = ;(x (18)

3.3.4. Bias-correction for Granger non-causality based on Half-Panel
Jackknife Wald-type test

This study performs the Granger non-causality test developed by
Juodis et al. (2021) (JKS test), which uses Half-Panel Jackknife (HPJ)
Wald-type test as the bias-correction estimator. The novelty of JKS test
algorithm lies in the fact that it offers superior size and power perfor-
mance, achieved by setting a pooled estimator with a \/NT rate of
convergence. These properties are required under circumstances that
are empirically relevant: testing causality in both multivariate and
univariate systems, checking heterogeneous nuisance parameters, and
allowing for CSD and cross-sectional heteroscedasticity (Juodis et al.,
2021; Xiao et al., 2022). We specify the following equation (Juodis et al.,
2021):

Q

Note: *** indicate statistical significance at 1%.

will indicate the statistical relevance of the alternative hypothesis, Hy =
@q,; # 0 for some i and g.

4. Presentation and discussion of results
4.1. Results from preliminary tests

Table 3 divulges the outcome of the Pesaran (2004, 2021)
Cross-section dependence test (CD-test). The result confirms the exis-
tence of cross-sectional dependence for the empirical model. In addition,
Table 4 presents the result of the slope homogeneity test developed by
Pesaran and Yamagata (2008). This result reveals that the null hy-
pothesis of the homogeneity of slope coefficients is, however, rejected.
This implies that the slope coefficients for this study are heterogeneous.
Since the panel dataset is characterised by the presence of CSD,
second-generation unit root testing test, CIPS, by Pesaran et al. (2007) is
applied. These tests are conducted with a constant and again constant

k
Vii=To;+ 25/7‘,-)7,-,,,/{ + anq_,.x;,,,k + +e¢;, forcountry i=1,...,N(=20) andyearsr=1,...,T (=25) (19)

k=1 g=1

In Eq. (14), x;; is taken as a scalar while §,; represents heterogeneous
autoregressive effects and ¢,; represents the heterogeneous Granger
causation effects. Juodis et al. (2021) assume that y;, depicts an autor-
egressive distributed lag process under the null hypothesis (Ho), ¢q; =
0, for all i and g. This permits the use of a pooled estimator for {(pqi}lii 1
To resolve the bias of the pooled estimator, the test algorithm employs
the HPJ estimator of Dhaene and Jochmans (2015). In the presence of CS
dependence, the variance of the HPJ estimator can be derived by
bootstrapping. The bootstrap resamples across the cross-sectional
dimension. The derived estimates are bias-corrected, providing Wald
statistics for Granger non-causality test. In particular, the rejection of Hy

and trend. The result displayed in Table 5, shows that in the presence of
cross-sectional dependence, the variables are not stationary in their
levels. However, they become stationary in their first differences. These
results, therefore, provide the basis to conclude that all the variables
used for this study are integrated of I(1). In other words, they are I(1)
process. Having established the integrating properties of the variables,
we step further to determine whether cointegration exists among the
variables or not. We use the panel cointegration test by Westerlund
(2007). Results as reported in Table 6 suggest that a panel cointegration
exists for all the estimated models, i.e. Kaya Identity Model and Kaya
Identity Model with EKC as well as energy intensity and carbon intensity
models. This is also confirmed by the robustness test using the Kaya
Identity model with renewable energy for carbon intensity. As part of
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Table 4

Pesaran and Yamagata (2008) slope heterogeneity test.
Model Delta tilde P- Adjusted delta P-

) value tilde (Ap, @) Value

1. Kaya Equation 12.016%** 0.000 13.783**= 0.000
2. Kaya-EKC 12.870%** 0.000 15.167*** 0.000
3. Energy Intensity 14.884%** 0.000 17.074%** 0.000
4. Carbon Intensity 11.915* 0.000 13.667** 0.000
5. Robustness test (Kaya  19.82 0.000 0.000

with RE)

Note: *** indicate statistical significance at 1%.

the preliminary tests, we use the variance inflation factors (VIFs) test to
evaluate the explanatory variables for multicollinearity concerns. The
test statistics show that the VIF, 1/VIF and Mean VIF are all below the
theoretical tolerance levels, indicating the absence of multicollinearity
concerns in the linear model specifications (see Table Al in the
Appendix).

Table 7 presents the empirical results of the Kaya identity equation
and the extended EKC specification. From the results, we find that
population size, per capita GDP, energy intensity, and carbon identity
exert significant positive impact on COy emissions in the selected Eu-
ropean countries. The coefficient estimates show that COy emissions
increase by 0.95% for a percentage increase in population size, by 0.97%
for a percentage increase in per capita GDP, by 0.99% for a percentage
increase in energy intensity and by 0.99% for a percentage increase in
carbon intensity (using the AMG estimator). These findings are consis-
tent with the concerns raised by Dong et al. (2019) and Pham et al.
(2020) about environmental degradation in Europe. According to the
Kaya identity model with EKC specification, the coefficient of the
squared term of per capita GDP is negatively related to
consumption-based CO, emissions for the MG and AMG estimates, but
positively related to consumption-based CO2 emissions for the CCEMG
estimate. Yet, regardless of the estimator chosen, the estimates are not
statistically significant. This means that the sample for this study does
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not verify the inverted U-shaped curve predicted by the EKC hypothesis
between per capita GDP and CO; emissions.

Results in Table 8 explain the effects of renewable energy and some
control variables on consumption-based energy and carbon intensities.
According to the results, increasing renewable energy reduces
consumption-based intensity of energy use as well as the carbon in-
tensity of the energy mix. A 1% increase in renewable energy use, for
example, provides technological efficiency by reducing the carbon and
energy intensities of the consumption mix by 0.10%-0.29%. A rise in per
capita GDP has a positive influence on consumption-based energy and
carbon intensities (only where it is significant), whereas per capita GDP
squared has a negative effect (only where it is significant). This suggests
that an inverted U-shaped relationship exists between the technological
composition of the energy consumption mix and per capita GDP. Thus,
the results provide another perspective to understanding the curve be-
tween affluence and environmental impact in Europe, different from the
direct relationship that has defined the test in earlier research, notably
the one by Frodyma et al. (2022). As regards industrial structure
upgrading, the coefficient estimate show the effect is not statistically
significant.

4.2. Robustness check

Furthermore, we incorporate renewable energy for carbon intensity
to test the robustness of our findings. The results as reported in Table 9
reveal that population size is positively related to CO5 emissions, how-
ever only confirmed by the AMG estimator. The results also reveal that
an increase in energy intensity has a positive and significant influence on
CO, emissions whereas an increase in renewable energy reduces CO5
emissions significantly. There is no evidence to support that a rise in per
capita GDP and its squared term impacts significantly on CO, emissions.
Technically, the direct introduction of renewable energy into the impact
equation as specified by Dong et al. (2019), Pham et al. (2020) and
Mirziyoyeva and Salahodjaev (2022) provides a limited understanding
of how renewable energy mitigates COy emissions in Europe. In

Table 5
Cross-sectional augmented Panel Unit Root Tests.
CIPS CIPS-TR
Level 1(0) 1st Difference I1(1) Level 1(0) 1st Difference 1(1)
Variables Constant Constant and Trend Constant Constant and Trend Constant Constant and Trend Constant Constant and Trend Decision
InCO2 —1.278 —-1.760 —3.779%** —3.304*** —2.268 —2.268 —3.723%** —3.146%** 11)
InPOP —2.088 —2.2046 —1.899 —1.866 I(1)
InPCgdp —1.621 —1.621 —1.403 —1.403 I(1)
InPCgdpSQ —1.593 —1.593 —2.906%*** —3.164%** —1.392 —1.392 I(1)
InEI —1.968 —1.945 —5.968%** —6.066%* —1.508 —1.508 1(1)
InCI —1.410 —1.410 —5.662%** —2.516 —2.516 11)
InRE —1.932 —1.932 —5.457%** —2.215 —2.215 I(1)
InSTU —1.841 —1.841 —4.126%** —4.323%%* —1666 —1.666 —4.126%** —4.305%** 11)
Table 6
Results from Panel cointegration tests.
Model Specifications
Test Statistics Kaya Equation Kaya-EKC Energy Intensity Carbon Intensity Robustness test (Kaya with RE)
Gt Value —1.528 —1.523 —3.620%** —3.688%** —3.700%**
(Robust p-value) (0.900) (0.960) (0.000) (0.000) (0.000)
Ga Value —5.204 —4.242 —13.869%** —12.384*** —7.551
(Robust p-value) 0.760 0.970 (0.000) (0.000) (0.640)
Pt Value —12.216* —13.259** —13.118** —14.478%** —15.057***
(Robust p-value) (0.070) (0.030) (0.010) (0.010) (0.000)
Pa Value —9.129%* —8.414%* —10.206** —12.158%** —8.155*
(Robust p-value) (0.040) (0.020) (0.020) (0.010) (0.090)
Panel Cointegration Yes Yes Yes Yes Yes

Note: Robust P-values derived from bootstrap replications of critical values; ***p < 0.01, **p < 0.05, *p < 0.1.
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Table 7

Kaya Identity Equation with EKC extension.
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Kaya Identity Equation

Kaya Identity Equation with EKC

@ (2) 3 4 (5) ©)
VARIABLES MG CCEMG AMG MG CCEMG AMG
InPOP 0.967%** 0.832%** 0.947%** 0.964+** 0.838%** 0.956%**
(0.029) (0.109) (0.037) (0.039) (0.117) (0.043)
[32.811] [7.652] [25.859] [24.465] [7.187] [22.084]
InPCgdp 0.997%** 0.958%** 0.975%** 1.355%** 0.287 1.739*
(0.005) (0.027) (0.015) (0.467) (1.075) (1.053)
[200.188] [36.101] [64.904] [2.901] [0.267] [1.651]
InPCgdpSQ —0.018 0.031 —0.036
(0.023) (0.053) (0.050)
[-0.790] [0.580] [-0.711]
InEI 1.001%** 1.001 *** 0.996%** 0.997*** 0.997%%* 0.994***
(0.006) (0.005) (0.005) (0.006) (0.006) (0.005)
[181.053] [196.917] [186.836] [163.020] [179.796] [209.529]
InCI 0.999%** 1.002%#* 0.996%** 0.998** 0.998%** 0.999%**
(0.005) (0.006) (0.005) (0.006) (0.006) (0.006)
[184.814] [175.755] [184.323] [155.161] [157.658] [179.397]
Constant —6.539%** —3.482 —6.034%** —7.344 —2.342 —11.398*
(0.484) (3.837) (0.615) (5.228) (8.354) (6.292)
[-13.516] [-0.9071 [-9.815] [-1.405] [-0.280] [-1.812]
Observations 500 500 500 500 500 500
Number of ID 20 20 20 20 20 20
Standard errors in (.); t-statistics in [.]; ***p < 0.01, **p < 0.05, *p < 0.1.
Table 8
Energy and carbon intensity.
Energy Intensity Equation Carbon Intensity Equation
™ 2) 3) “@ ) 6)
VARIABLES MG CCEMG AMG MG CCEMG AMG
InRE —0.168** —-0.072 —0.004 —0.205%** —0.100* —0.219%**
(0.066) (0.080) (0.055) (0.040) (0.059) (0.059)
[-2.545] [-0.908] [-0.066] [-5.180] [-1.692] [-3.679]
InPCgdp 5.941 —4.500 8.205*% 18.686* —0.291 —5.636
(4.455) (16.575) (4.581) (11.146) (26.026) (6.960)
[1.333] [-0.271] [1.791] [1.676] [-0.011] [-0.810]
InPCgdpSQ —0.304 0.216 —-0.397* —0.897* 0.028 0.257
(0.215) (0.800) (0.218) (0.525) (1.240) (0.334)
[-1.415] [0.269] [-1.821] [-1.709] [0.022] [0.769]
InSTU —-0.188 0.052 0.074 0.126 0.202 0.140
(0.120) (0.150) (0.138) (0.129) (0.184) (0.163)
[-1.569] [0.345] [0.538] [0.976] [1.098] [0.858]
Constant —27.697 43.860 —41.521* —98.193* 96.076 30.737
(22.879) (59.990) (23.978) (58.975) (120.360) (36.172)
[-1.211] [0.731] [-1.732] [-1.665] [0.798] [0.850]
Observations 500 500 500 500 500 500
Number of ID 20 20 20 20 20 20

Standard errors in (.); t-statistics in [.]; ***p < 0.01, **p < 0.05, *p < 0.1.

comparison, modelling within the Kaya identity equation, as in Table 8,
provides a more policy informed evidence.

4.3. Results of JKS non-causality tests

For the multivariate functions under study, we test if the selected
covariates do not Granger-cause the response variable. The results ob-
tained from the tests are reported in Panel A of Table 10. As we can see
from the results, the null hypothesis (H,) that POP, PCgdp, EI and CI do
not jointly Granger-cause consumption-based CO, emissions in the Eu-
ropean economies is rejected at the 1% level of significance. The Hy that
RE, PCgdp and STU do not jointly Granger-cause the technological
structure of the energy consumption mix (i.e., EI and CI) is likewise
rejected at the 1% level of significance. Overall, the results in Panel A
reveal that the selected covariates do Granger-cause the response vari-
ables, implying that the variables have predictive potential on
consumption-based CO, emissions in the European countries studied.

We then consider univariate equations by testing Granger non-
causality for each variable separately. The results are given in Panel B
of Table 10. The results show a unidirectional causality from COq
emissions to POP and bidirectional causality between PCgdp and CO5
emissions. These empirical findings confirm the earlier result that pop-
ulation size and economic growth explains CO3 emissions in the selected
European economies. Mohsin et al. (2022) reported similar findings for
the impact of economic growth in the EU region. In addition, the results
also show that bidirectional causality exists between EI and CO; emis-
sions while a unidirectional causality runs from CI to CO, emissions.
These findings imply that previous values of EI and CO, emissions pre-
dict each other while CI is the one that has predictive power on CO5
emissions and not vice versa. The extended specifications show that
renewable energy does Granger-cause changes in CI and EI. While the
reverse causality is rejected for CI, it is accepted for EI, indicating
bidirectional causality with EI and a unidirectional causality from
renewable energy to CI. Similarly, the results show that bidirectional
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Table 10

Results of JKS non-causality test.
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Table 9
Robustness test incorporating RE for CE.
m 2) 4
VARIABLES MG CCEMG AMG
InPOP —0.364 0.860 0.781**
(0.907) (1.406) (0.348)
[-0.401] [0.612] [2.243]
InPCgdp 4.485 —6.629 8.059
(8.444) (13.189) (5.617)
[0.531] [-0.503] [1.435]
PCgdpSQ —0.180 0.324 —0.349
(0.401) (0.622) (0.267)
[-0.448] [0.521] [-1.309]
InEI 0.245%** 0.119%* 0.119%**
(0.079) (0.053) (0.038)
[3.088] [2.248] [3.100]
InRE —0.219%** —0.152%** —0.166***
(0.060) (0.038) (0.033)
[-3.651] [-4.003] [-5.007]
Constant —15.235 59.525 —47.443
(56.408) (100.886) (32.722)
[-0.270] [0.590] [-1.450]
Observations 500 500 500
Number of ID 20 20 20

Standard errors in (.); t-statistics in [.]; ***p < 0.01, **p < 0.05, *p < 0.1.

causality exists between RE and CO, emissions, indicating that renew-
able energy has predictive power on CO5 emissions and vice versa. These
findings are consistent with Dong et al. (2019) who found that positive
changes in energy use and energy intensity stimulate CO, emissions in
128 countries around the world. Also, the significant predictive power of
renewable energy on CO, emissions is consistent with the findings of
Obobisa (2022) and Mirziyoyeva and Salahodjaev (2022).

4.4. Discussion of the key findings

The results of this study show that per capita GDP, energy and carbon
intensities of the consumption structure have significant positive causal
impact on consumption-based CO2 emissions in European countries.
Although the coefficients of per capita GDP and its squared term are
respectively positive and negative, as expected for the case of the EKC
hypothesis, the coefficient of the squared term is not statistically sig-
nificant. This shows that increases in per capita GDP have a positive
monotonic relationship with CO, emissions in the countries studied.
However, the EKC hypothesis is confirmed in the case of consumption-
adjusted EI and CI models. While per capita GDP increases energy and
carbon intensity metrics, per capita GDP square decreases them. In other
words, at the early stages of development, both per capita GDP and
energy and carbon intensities have a positive relationship; however,
after a certain level of development is reached, the relationship becomes
negative as further increases in per capita GDP induce cleaner con-
sumption and production patterns, thereby reducing the intensity of
energy use and the carbon contents of the consumption mix. According
to Frodyma et al. (2022), the income-environment relationship in the
European Union is not defined by an inverted U-shaped curve. As a
result, this aspect of our findings highlights the relevance of energy
transition in turning the EKC curve in European economies.

Furthermore, the positive and significant effect of trade-adjusted
energy and carbon intensity metrics on consumption-based CO» emis-
sions in the countries studied suggests that deepening clean energy
transition remains the path to decarbonising Europe in the post-COP26
era. From policymaking point of view, altering the environmental effects
of the consumption pattern in Europe requires deepening energy tran-
sition away from fossil fuels and towards the more environmentally
friendly renewable technologies. It has been scientifically acknowledged
that fossil fuels generate some environmental externalities leading to
global warming and other existential environmental challenges. These

10

Panel A: Multivariate non-causality test

Hy: Selected Lags HPJ Wald p- Decision  Conclusion
covariates do test value
not Granger-
cause InCO2
Kaya Equation 2 37.612%** 0.000  Reject Selected
Hy covariates do
Granger-cause
InCO2
Kaya Equation 2 54.237%%* 0.000  Reject Selected
extended with Hyp covariates do
EKC Granger-cause
InCO2
Energy Intensity 1 17.078%** 0.002  Reject Selected
Hy covariates do
Granger-cause
InCO2
Carbon Intensity 2 30.021*** 0.000  Reject Selected
Hy covariates do
Granger-cause
InCO2
Robustness test 2 44.704%*** 0.000 Reject Selected
(Kaya with Hy covariates do
RE) Granger-cause
InCO2
Panel B: Univariate non-causality test
Hy: x does not Lags HPJ Wald p- Decision  Conclusion
Granger-cause test value
®)y
InPOP » InCO2 1 0.071 0.790  Accept Unidirectional
Hy
InCO2 » InPOP 1 31.221%** 0.000 Reject InCO2 = InPOP
Hy
InPCgdp #» 1 3.938** 0.047  Reject Bidirectional
InCO2 Ho
InCO2 » 1 6.945%** 0.008 Reject InCO2 &
InPCgdp Hy InPCgdp
InEI # InCO2 1 3.847%* 0.050 Reject Bidirectional
Hy
InCO2 # InEI 1 10.276%** 0.001 Reject InCO2 < InEI
Ho
InCI # InCO2 1 10.820*** 0.001 Reject Unidirectional
Hy
InCO2 # InCI 1 1.515 0.218 Accept InCI = InCO2
Ho
InRE # InEI 2 5.170* 0.075  Reject Bidirectional
Hy
InEI # InRE 2 7.086** 0.029 Reject InEl & InRE
Hy
InRE # InCI 2 6.177** 0.046  Reject Unidirectional
Ho
InCI # InRE 2 1.656 0.437  Accept InRE = InCI
Hy
InRE # InCO2 1 3.908** 0.048  Reject Bidirectional
Hy
InCO2 # InRE 1 17.995%** 0.000  Reject InCO2 < InRE
Hy

*, ** and * denote 1%, 5% and 10% significance levels, respectively; < de-
notes bidirectional causality; = denotes unidirectional causality.

challenges remain a threat to ecosystems, economic development, and
human lives. Therefore, our results support the earlier finding of Dong
et al. (2019) who found energy intensity as part of the factors that
contribute to CO, emissions at the global level. Also, the mitigation ef-
fect of renewable energy on consumption-based energy and carbon in-
tensities implies that energy transition towards deepening the use of
renewables provides the technological path to improving economic ef-
ficiency — reducing the amount of energy used for a unit GDP and the
amount of COy emitted per unit of energy used. In view of the high



C. Nwani et al.

affluence and high consumption pattern of the European economies, a
shift in the energy consumption structure to the more environmentally
friendly renewable energy provides the technological path to decoupling
consumption demands from trade-induced CO; emissions. This is
because renewable (clean) energy consumption does not emit CO5 and
hence it is generally accepted as an antidote to environmental degra-
dation which has posed a great existential challenge to human existence.
Therefore, our results are consistent with the findings of Obobisa (2022)
and Mirziyoyeva and Salahodjaev (2022).

5. Conclusion, policy remarks and future directions
5.1. Conclusion

Europe has a high level of affluence and consumption. Taking this
into account, this study uses data from 1995 to 2019 to examine the
relationship between technological trajectories defining the energy
transition progress, namely energy and carbon intensities of the con-
sumption mix, and CO5 emissions in a panel of 20 European countries.
The variables are adjusted for cross-border effects on domestic con-
sumption by adding net emissions and energy embodied in traded goods
and services. To avoid skewed parameter values, the study applies the
Common Correlated Effects Mean Group (CCEMG) and Augmented
Mean Group (AMG) panel estimators, which are robust to cross-sectional
dependence and allow for heterogeneous slope coefficients. According
to the findings, population size, per capita GDP, energy intensity, and
carbon intensity all have a positive effect on CO, emissions, whereas the
use of renewable energy technologies has a negative (decreasing) effect
on both energy and carbon intensities, resulting in reduced CO5 emis-
sions. Although the estimated effects of per capita GDP and its squared
term are respectively positive and negative, only the effect of the
squared term is found to be statistically significant. In the case of
consumption-adjusted EI and CI models, however, an inverted U-shaped
curve is confirmed. These findings validate the EKC hypothesis in the
selected European countries through the technological composition of
their energy mix.

Using the JKS non-causality test, we show that under multivariate
specifications, population, per capita GDP, and the technological
composition of the energy structure jointly have predictive power on
consumption-based CO; emissions. Similarly, renewable energy, per
capita GDP, and industrial structure upgrading demonstrate joint pre-
dictive power on the technological composition of the energy structure.
Univariate tests show that a unidirectional causality runs from popula-
tion size and the carbon intensity of the energy structure to CO, emis-
sions, and bidirectional causality exists between CO, emissions and per
capita GDP and energy intensity. Additional univariate specifications
show a unidirectional causality from renewable energy to the carbon
intensity of the energy structure and bidirectional causality between
renewable energy and energy intensity. Conclusively, the results show
that renewable energy has predictive power over the technological
composition of the energy structure and, by implication, provides the
path to mitigating consumption-based CO, emissions in the selected
European countries.

5.2. Policy implications

There are at least three policy implications from the findings that
could improve the effectiveness of post-COP26 climate mitigation ini-
tiatives. First, the results show that the environmental impacts of the
countries increase when energy and carbon intensity metrics describing
the technological composition of their consumption structure increase.
This implies that Europe may further reduce its environmental impacts
by shifting its energy mix towards lower carbon intensity and increasing
energy efficiency. The current energy composition indicates that three-
quarters of final energy consumption comes from fossil fuels. As a result,
a strategic adjustment in policy composition is required. Continuing
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with the current strategy will only make a minor contribution to the
post-COP26 targets unless significant steps are taken to raise the pro-
portion of green energy sources in the consumption mix. Making
buildings more energy efficient, mobilising private financing for energy
investments and phasing out the sale of new gasoline and diesel cars are
key policy steps to take.

Second, the results show that the technological capacity of the
countries to mitigate COy emissions improves with an increase in
renewable energy consumption. This implies that renewable energy
clearly points the way to decarbonisation. Europe can accelerate its
energy transition by promoting the marketability and development of
renewable energy technology. This approach is consistent with the EU’s
Renewable Energy Directive (RED), which strives for a minimum of 20%
renewable energy sources (RES) in the final energy mix. However, if the
region is to fulfil its decarbonisation goal of decreasing emissions by
80%-95% by 2050, the energy transition must advance far faster than
the current targets. From a policy standpoint, increased incentives in the
form of tax credits and research grants can spur investment in renewable
energy development.

Three, the EKC path to carbon mitigation is only validated through
the technological composition of the energy structure. Based on this
finding, this study suggests that reducing the energy and carbon in-
tensities of the consumption structure are prerequisites to bending the
curve between per capita GDP and environmental impacts in Europe. As
a region with high affluence and high consumption, current economic
policies must be adjusted to integrate clean energy transition if the
countries are to mitigate the cross-border consequences of their con-
sumption patterns. Energy conservation programs and incentives can
help raise awareness of energy efficiency in key industries as well as in
the residential and commercial sectors. Increased usage of renewable
energy technology, as part of the policy options outlined in this study,
can reduce embodied emissions in traded goods and services while
preserving the economic gains obtained from trade demands. A further
reduction in the cost of efficient and renewable energy technologies is
necessary to make them not only environmentally friendly but also an
economically viable option for economic entities.

Beside the above-highlighted policy implications, the cross-border
environmental impacts of Europe’s consumption pattern underline the
importance of collaboration in the transition to a more sustainable
global society. To develop an optimal mitigation approach, the path to
meeting post-COP26 targets will involve a combination of national,
regional, and international cooperation. As a result, European countries
with advanced research capabilities in efficient and renewable energy
technologies could help other countries that are struggling technologi-
cally. The benefit is that many of these countries will be able to skip a
critical step in their energy transition by replacing “dirty” production
relying on fossil fuel energy with “green” output created using renew-
able energy sources. Embodied emissions in cross-border trade flows can
be lowered with such a policy approach.

5.3. Limitations and future directions

This study has some limitations, but it also opens up new avenues for
future research. To begin, this study is based on a sample of European
countries. As a result, future studies could concentrate on other coun-
tries or regions. Second, this study estimated energy and CO, emissions
using consumption-based metrics. Thus, the impact equation may also
be useful in understanding production-based emissions in Europe and
can be extended to analyse environmental impacts in other regions for
comparative evidence. Finally, using energy and carbon intensity in-
dicators, this study specifies the technological structure of the energy
consumption mix. Future research can investigate more disaggregated
energy structures to better understand the environmental implications
of oil, natural gas, solar, wind, nuclear, and other energy sources.
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Variables InCO2 InPOP InPCgdp InEL InCI InRE InSTU
InCO2 1.000

InPOP 0.963 1.000

InPCgdp 0.525 0.385 1.000

InEI —0.449 —0.454 —0.699 1.000

InCI 0.144 —0.002 0.097 —-0.277 1.000

InRE —0.497 —0.418 —0.070 0.000 —0.388 1.000

InSTU 0.371 0.419 0.290 —0.449 —0.027 0.058 1.000
Variance inflation factors (VIFs) test for the presence of multicolinearity in linear model specification

Model Specifications VIF 1/VIF Mean VIF

Kaya Equation 2.380 0.888 1.710

Energy Intensity 1.100 0.988 1.070

Carbon Intensity 1.100 0.988 1.070

Kaya with RE 2.240 0.778 1.790

Note: In theory, multicollinearity concerns arise when VIF >10 and the Mean VIF >6.
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