A Service of

[ ) [ J
(] [ )
J ﬂ Leibniz-Informationszentrum
° Wirtschaft
o Leibniz Information Centre
h for Economics

Make Your Publications Visible.

Fiifi Eshun, Samuel; Ko¢enda, Evien; Okwoche, Princewill; S¢asny, Milan

Working Paper

Price and income elasticities of industrial energy demand

in New EU member states

IES Working Paper, No. 11/2025

Provided in Cooperation with:

Charles University, Institute of Economic Studies (IES)

Suggested Citation: Fiifi Eshun, Samuel; Kocenda, EvZen; Okwoche, Princewill; §Easny, Milan (2025) :
Price and income elasticities of industrial energy demand in New EU member states, IES Working
Paper, No. 11/2025, Charles University in Prague, Institute of Economic Studies (IES), Prague

This Version is available at:
https://hdl.handle.net/10419/331349

Standard-Nutzungsbedingungen:

Die Dokumente auf EconStor durfen zu eigenen wissenschaftlichen
Zwecken und zum Privatgebrauch gespeichert und kopiert werden.

Sie dirfen die Dokumente nicht fiir 6ffentliche oder kommerzielle
Zwecke vervielféltigen, 6ffentlich ausstellen, 6ffentlich zugénglich
machen, vertreiben oder anderweitig nutzen.

Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen
(insbesondere CC-Lizenzen) zur Verfiigung gestellt haben sollten,
gelten abweichend von diesen Nutzungsbedingungen die in der dort
genannten Lizenz gewahrten Nutzungsrechte.

WWW.ECONSTOR.EU

Terms of use:

Documents in EconStor may be saved and copied for your personal
and scholarly purposes.

You are not to copy documents for public or commercial purposes, to
exhibit the documents publicly, to make them publicly available on the
internet, or to distribute or otherwise use the documents in public.

If the documents have been made available under an Open Content
Licence (especially Creative Commons Licences), you may exercise
further usage rights as specified in the indicated licence.

Mitglied der

Leibniz-Gemeinschaft ;


https://www.econstor.eu/
https://www.zbw.eu/
http://www.zbw.eu/
https://hdl.handle.net/10419/331349
https://www.econstor.eu/
https://www.leibniz-gemeinschaft.de/

INSTITUTE
OF ECONOMIC STUDIES

Faculty of Social Sciences
Charles University

PRICE AND INCOME ELASTICITIES
OF INDUSTRIAL ENERGY DEMAND
IN NEW EU MEMBER STATES

Samuel Fiifi Eshun
Evzen Kocenda
Princewill Okwoche
Milan S¢asny

IES Working Paper 11/2025



Institute of Economic Studies,
Faculty of Social Sciences,
Charles University in Prague

[UK FSV - IES]

Opletalova 26
CZ-110 00, Prague
E-mail : ies@fsv.cuni.cz
http://ies.fsv.cuni.cz

Institut ekonomickych studif
Fakulta socidlnich véd
Univerzita Karlova v Praze

Opletalova 26
110 00 Praha 1

E-mail : ies@fsv.cuni.cz
http://ies.fsv.cuni.cz

Disclaimer: The IES Working Papers is an online paper series for works by the faculty and
students of the Institute of Economic Studies, Faculty of Social Sciences, Charles University in
Prague, Czech Republic. The papers are peer reviewed. The views expressed in documents served
by this site do not reflect the views of the IES or any other Charles University Department. They
are the sole property of the respective authors. Additional info at: ies@fsv.cuni.cz

Copyright Notice: Although all documents published by the IES are provided without charge, they
are licensed for personal, academic or educational use. All rights are reserved by the authors.

Citations: All references to documents served by this site must be appropriately cited.
Bibliographic information:

Eshun S.F., Kocenda E., Okwoche P., S¢asny M. (2025): " Price and Income Elasticities of
Industrial Energy Demand in New EU Member States " IES Working Papers 11/2025. IES FSV.

Charles University.

This paper can be downloaded at: http://ies.fsv.cuni.cz



mailto:IES@Mbox.FSV.CUNI.CZ
http://ies.fsv.cuni.cz/
mailto:IES@Mbox.FSV.CUNI.CZ
http://ies.fsv.cuni.cz/
mailto:ies@fsv.cuni.cz
http://ies.fsv.cuni.cz/

Price and Income Elasticities of
Industrial Energy Demand in New EU
Member States

Samuel Fiifi Eshun?
Evzen KocendaP
Princewill Okwoche¢
Milan Sé¢asny®*

¥Institute of Economic Studies, Charles University, Prague, Czech Republic. Email:
samuel.fiifi.eshun@fsv.cuni.cz. ORCID ID: 0000-0002-7161-8962

bInstitute of Economic Studies, Charles University, Prague, Czech Republic; Environment
Centre, Charles University, Prague, Czech Republic; CESifo Munich; IOS Regensburg. E-
mail: evzen.kocenda@fsv.cuni.cz. ORCID ID: 0000-0003-4110-1169

‘Environment Centre, Charles University, Prague, Czech Republic; Namibia University of
Science and Technology, Windhoek, Namibia; School of Economics, University of Cape
Town. E-mail: princewill.okwoche@uct.ac.za. ORCID ID: 0000-0002-1887-9688
*Corresponding Author: Institute of Economic Studies, Charles University, Prague, Czech
Republic; Environment Centre, Charles University, Prague, Czech Republic. E-mail:
milan.scasny@czp.cuni.cz. ORCID ID: 0000-0001-5040-1281

June 2025
Abstract:
We analyze the determinants of industrial energy demand in five new European
Union member states (Czechia, Lithuania, Poland, Romania, and Slovenia) with a
focus on the effects of energy prices, sectoral output, energy-saving investment, and
technological progress. Using a panel dataset covering 16 industrial sectors over
more than two decades (1995-2018), we employ advanced estimation approaches
employed in related literature to address issues of heterogeneity, cross-sectional
dependence, and persistence, often overlooked in studies relying solely on fixed
effects. Our empirical results show that output levels and energy prices consistently
drive energy consumption, with their effects amplified when cross-correlations are
accounted for. From our preferred estimation procedure (Dynamic Common
Correlated Effects - Mean Group), we obtain evidence of intuitively relevant values:
the energy price elasticity is -0.42, and the output elasticity is 0.32. Energy demand



exhibits moderate levels of persistence, showing that past consumption patterns
drive current energy consumption. Energy-saving investments tend to increase
energy use, as they often accompany industrial growth or modernization, whereas
research and development show only a limited effect. These findings provide
valuable insights to policymakers on energy solutions to influence energy demand
and mitigate the pressures of industrial growth.

JEL: C23, 052, Q41, Q43, Q48
Keywords: Energy demand; cross-sectoral dependency; income elasticity; price
elasticity

Acknowledgement: We are grateful for comments from Louis-Marie Harpedanne de
Belleville, Pablo Anaya Longaric, Abdiaziz Ahmed, and presentation participants in
Prague (Czech Republic), Rethymno (Greece), and Bergen (Norway). We
acknowledge the research support from the Technology Agency of the Czech
Republic, grant number SS04030013 “SEEPIA: Centre for Socio-Economic Research
on Environmental Policy Impact Assessment. The secondments of all authors were
supported by the European Union’s Horizon 2020 Research and Innovation Staff
Exchange program under the Marie Sklodowska-Curie grant agreement No. 870245
(GEOCEP). The usual disclaimer applies.



1. Introduction

The new members of the European Union have experienced substantial economic and political
changes since the 1990s, with underlying economic transitions from centrally planned economies
to market-driven ones and integrating into European structures (Endre, 2024). Both transformation
processes have triggered swift economic growth, significant restructuring of their economies, and
changes in firms' behaviour (Baumohl et al., 2020), leading to changes in energy consumption and
industrial emissions (S¢asny et al., 2021). The implementation of the European Union’s (EU) Fit-
for-55 policy package and energy transition towards carbon neutrality will significantly change
the energy balance and energy flows, resulting in high investment. For instance, the energy
transition and implementation of the National Energy and Climate Plan in the Czech Republic will
induce investment in green projects of over 630 billion EUR by 2050 (Recka et al., 2023; S¢asny
et al., 2025). Although a part of these investments will be subsidized from the revenues from the
EU’s Emission Allowances,! financing the energy transition will affect the structure and the level
of the EU’s economies.

Understanding the factors underlying energy demand is essential for designing effective
energy policies and anticipating their broader economic implications. According to Tsitsiklis and
Xu (2015), the dynamics of energy demand are closely tied to price fluctuations, which may stem
from market dynamics or energy-related governmental policies. Hence, in this paper, we aim to
analyze the price and output elasticities of energy demand in five new EU member states that had
to go through a complex transition process before their EU accession (Lizal & Kocenda, 2001).
We particularly incorporate the effect of investment in energy-saving technology and research and
development (R&D) expenditures to contribute to the literature and analyse energy demand in
these five new EU countries: the Czech Republic, Lithuania, Poland, Romania and Slovenia. To
the best of our knowledge, this article offers the first analysis of energy demand in these five new

EU member countries.?

! The revenues from the sold EUA Emission Allowances for the Czech Republic are predicted by the macro-
econometric E3ME model at 286 billion EUR over the period 2023-2050 (S¢asny et al., 2025).

2 As we discuss in section 4.2, in our empirical analysis we also aim to provide the recent estimates of the energy
demand parameters that would complement those of the global macro-econometric E3ME model. So far, this model
has been using the estimates for the price and the income elasticities in the so-called Western European countries (old
EU members), while a ‘shrinkage method’ has been applied to adjust the energy demand elasticities for new EU
member countries (Kiss-Dobronyi et al., 2021; Pollitt et al., 2021; géasn}'f et al., 2009).



We chose these five countries by considering several criteria. First, during the 1990s, these
countries underwent two significant transformations (Uzagalieva et al., 2012). They shifted from
centrally planned economies to market-based systems and also began the process of joining the
European Union. This shift was accompanied by major policy reforms, including the restructuring
of industries and infrastructure (Estrin et al., 2009), which had a direct impact on energy
consumption patterns and efficiency. Second, the process of joining the EU required these
countries to meet 25 key conditions under the acquis communautaire’ (Baumohl et al., 2020).
These conditions covered areas under economic, political, cultural, and energy cooperation that
aimed to align candidate countries with EU standards. Third, the countries pursued rapid
privatization programs and the so-called “Europe Agreement” during this period. This agreement
restructured their industrial sectors and promoted modernization (Kocenda et al., 2006). Fourth,
these five countries form a similar group of economies, with shared traits in their level of economic
development that are also reflected in how their production systems are structured (Kocenda,
2001).

Despite the above similarities, there exist differences related to energy consumption. In
Figure 1 (panel A), we show that the selected five countries followed somewhat different energy
consumption trends compared to regional averages. For example, the Czech Republic and
Romania have reduced their energy use in a more pronounced way with respect to the average for
Central and Eastern Europe (CEE) as well as the EU. In contrast, Slovenia has shown less
favourable results, as its dynamics in energy use are higher than CEE and EU averages (see Section
3 for further discussion); similar variability exists among energy productivity paths (panel B). Such
differences in trends underline how an inadequate understanding of energy demand dynamics can
have far-reaching consequences for effective policy-making. Without precise knowledge of how
industrial energy consumption responds to price and income changes, policymakers risk
implementing ineffective or counterproductive policies that could either fail to achieve
decarbonization targets or unnecessarily harm economic competitiveness (Adeyemi & Hunt,
2007). For instance, carbon pricing policies that are calibrated based on elasticity estimates from

Western European countries may prove either too weak to drive behavioral change or too

3 The acquis communautaire is the full set of laws and rules that govern the EU. It includes treaties, regulations,
directives, decisions, and case law from the Court of Justice. This set of laws and rules represents all the legal
obligations and rights that EU member states have agreed to adhere to.



aggressive, potentially leading to carbon leakage and industrial relocation (Martin et al., 2016).
Furthermore, the lack of sector-specific elasticity estimates hampers the design of targeted energy
efficiency programs, potentially resulting in suboptimal allocation of limited public resources for
energy transition investments (Gillingham et al., 2009; Allcott & Greenstone, 2012).

Currently, the energy mix in the EU region is heavily reliant on fossil fuels (Kosowski et
al., 2023). At the same time, energy demand is projected to keep increasing, driven by economic
expansion, industrial development and structural factors (Thomas & Rosenow, 2020). Policies
targeting energy demand must consider how consumption responds to price and income changes,
as reflected in price and output elasticities (Labandeira et al., 2017). Price elasticity measures the
responsiveness of energy consumption to price changes, while output elasticity captures the
relationship between energy demand and economic activity.

Existing studies in this area have offered valuable insights but often fall short of addressing
critical dimensions. Some studies concentrate on specific countries using time-series data (Bentzen
& Engsted, 1993; Hunt & Ninomiya, 2005), which limits the ability to account for cross-country
heterogeneity and the influence of country-specific factors. Others employ panel data but often
aggregate energy consumption at the national level (Al-Rabbaie & Hunt, 2006; Adeyemi & Hunt,
2007; Lee & Lee, 2010), masking the diverse energy usage patterns across industrial sectors.
Furthermore, few studies consider the long-term effects of energy-saving investment and R&D
expenditure on energy demand, missing their role in fostering innovation and driving efficiency.

The body of literature on sectoral energy demand also has notable gaps. Many studies
group energy demand into broad categories such as residential, industrial, and transportation (e.g.,
Agnolucci et al., 2017; Subbiah et al., 2017; Galindo, 2005), often overlooking differences within
industrial sub-sectors. For example, Chang et al. (2019), in a study on OECD countries, divided
industries into energy-intensive and less energy-intensive groups. They found significant
differences in price and output elasticities between these groups, highlighting the need for more
targeted energy policies. Similarly, Okwoche and Scasny (2025) find variations in elasticities for
industrial sectors in Central and Eastern Europe using Stochastic Frontier Analysis. However, it's
still unclear how these findings apply to the new EU member states, where industrial structures
and energy intensity have distinct characteristics.

We build on well-established demand theories, beginning with Marshall (1890) work on
price responsiveness. Modern studies, such as those by Agnolucci et al. (2017) and Bhattacharyya



(2019), expand this understanding by including industry-specific factors and the role of
technological innovation. A wide range of studies finds that energy demand responds slowly to
price changes in the short term but becomes more elastic over time as behaviours adjust (e.g.,
Conway & Prentice, 2020). Labandeira et al. (2017) highlighted that price often has a stronger
influence on energy demand than economic growth, although these effects vary by region.

Because of diverse economic, industrial, and structural factors characterizing the new EU
member states, in terms of methodology, we follow the best practice approaches described in
Pesaran and Smith (1995), Cuddington and Dagher (2015), and Chudik and Pesaran (2015). First,
unlike traditional fixed effects models, which assume homogeneity of slopes across all cross-
sections, we allow for slope heterogeneity. In addition, we address the issue of cross-sectional
dependence (CSD) in our data due to shared global shocks, regional spillovers and institutional
linkages due to the EU membership. We adopt the Common Correlated Effects Mean Group (CCE-
MG) model and its dynamic version (Dynamic Common Correlated Effects Mean Group; DCCE-
MGQG) to account for unobserved common factors associated with cross-sectional dependence and
the lagged dependency in energy demand. The DCCE-MG estimator effectively integrates cross-
sectional averages and their lags, yielding consistent and efficient results. Neglecting cross-
correlations distorts elasticity estimates, as interconnected economic, political, or environmental
factors may impact energy demand trends across multiple EU countries (Coakley et al., 2006).

In our analysis, we make significant contributions to literature in five ways: First, we
analyze the elasticities of energy demand in a fairly homogeneous group of countries that
experienced a transition from planned to market economies and managed to join the EU rapidly
after their transformations. Second, we employ a detailed panel dataset from the five new EU
countries, representing various regions, which allows for a robust estimation of energy demand
elasticities while controlling for unobserved country-specific effects. Third, we disaggregate our
analysis into sectors, recognizing the heterogeneity in energy use patterns across different sectors.
Fourth, following the theoretical underpinnings sketched above, we explicitly include investment
in energy-saving technology and R&D expenditures as explanatory variables in the energy demand
model. We hypothesize that investment in energy-saving technologies and R&D can significantly
alter the responsiveness of energy demand to price and output changes. Last, we draw upon newly
established econometric estimation that accounts for cross-sectional dependence to avoid biased

and inconsistent estimations.



Finally, with respect to the United Nations Sustainable Development Goals (SDGs), our
analysis of industrial energy demand elasticities contributes to research agenda related to achieving
SDG 7.3's target of doubling energy efficiency improvements by 2030 and is also linked to the
SDG 9.4's objective of upgrading industries with clean technologies (Pradhan et al., 2017). Our
focus on new EU member states is particularly relevant given their importance in achieving the
EU's climate neutrality targets by 2050, as drawn in the European Green Deal. Our analysis also
aligns with global SDG 13.2’s commitments of integrating climate change measures into national
policies, strategies, and planning because the sectoral energy demand elasticities are fundamental
for designing effective carbon pricing mechanisms and energy transition policies that can reduce
greenhouse gas emissions while maintaining economic competitiveness (Bhattacharyya &
Timilsina, 2010).

The remainder of the paper is structured as follows: Section 2 reviews the relevant literature
on energy demand elasticities, highlighting key findings and gaps in the existing research. Section
3 describes the data and variable measurement. Section 4 explains the methodology and model
specification, including econometric models and estimation techniques. Section 5 presents
empirical findings, discussing the implications of the results in the context of the new EU
countries. Section 6 presents the results of our robustness tests. Finally, Section 7 concludes the
paper, summarizing the key findings and offering recommendations for future research and policy

development.

2. Literature Review
This review examines three foundational theories underlying energy demand elasticity analysis.
The theory of demand explains how consumers respond to price changes, with market structure
significantly influencing elasticity values. Price signals transmit efficiently in competitive markets,
yielding more elastic demand (Asche et al., 2002), while barriers may reduce responsiveness
(Hirst, 2001). This is particularly relevant for new EU Member States transitioning from centrally
planned to market economies (Filippini & Hunt, 2011).

Modern interpretations incorporate additional factors affecting price responsiveness, including
energy-saving technologies and R&D activities that alter production factor substitutability and

efficiency (Marchi et al., 2019). Energy demand shows varying elasticity patterns across sectors



due to differences in technological constraints, input costs, and substitution possibilities
(Agnolucci et al., 2017; Bernstein & Madlener, 2015; Bhattacharyya, 2019).

Heesterman's (1972) dynamic adjustment theory highlights gradual adaptations to economic
shocks rather than instant equilibrium adjustments. Energy demand patterns respond to both short-
term price shocks and long-term structural changes such as technological advancements
(Antosiewicz & Witajewski-Baltvilks, 2021). Dahl (2012) confirms that energy demand adjusts
gradually to price changes, underscoring the need for models capturing these delayed responses.

Recent studies show energy demand responds differently to price changes across time
horizons. In the short term, electricity demand is nearly inelastic (Zhu et al., 2018), though
consumers may respond to extreme price changes (Alberini et al., 2019). Over time, as consumers
adopt efficiency measures, demand becomes more elastic. Price changes typically influence energy
demand more significantly than economic activity changes (Labandeira et al., 2017; Agnolucci et
al., 2017). Recent empirical evidence also supports the Induced Innovation Hypothesis (IIH) in
energy contexts.

The Induced Innovation Hypothesis of Hicks (1932) provides a third foundational theory for
understanding energy demand dynamics. The hypothesis suggests that changes in relative factor
prices induce firms to innovate in ways that economize on the factor that has become relatively
more expensive. In the context of energy demand, the IIH posits that rising energy prices create
strong incentives for firms to direct R&D investments toward energy-saving technologies and
processes (Popp, 2002). In line with empirical evidence, Churchill et al. (2021) show that R&D
has a positive impact on non-renewable energy consumption, although this has been observed
since 1998. On the renewable side, the uptake of R&D is associated with positive and significant
effects until 1996, where the effect reverts to negative. Energy-related R&D significantly
contributes to reducing overall energy demand by improving energy productivity, advancing clean
energy technologies, and increasing energy efficiency (Zhu et al., 2021).

Price elasticity estimates generally range from -0.1 to -0.3 (Gao et al., 2021), with OECD
countries showing greater sensitivity (between -0.2 to -0.3) than non-OECD countries (on average
negative, but highly statistically insignificant) due to stricter regulations and efficiency awareness
(Liddle & Huntington, 2020). Chang et al. (2019) note that energy-intensive industries are less

responsive to price fluctuations than other sectors, suggesting the need for sector-specific policies.



These findings support our first hypothesis: Energy prices have a long-run negative effect on
energy demand.

Income/GDP elasticity of energy demand typically ranges from 0.6 to 0.8 and has declined
since the 1990s (Gao et al., 2021). Burke & Csereklyei (2016) report the aggregate GDP-energy
elasticity at 0.74. However, they also found a significant variation across sectors, with relatively
inelastic responses found for residences and the agriculture sector (0.33 and 0.50) and stronger
associations in transport, industries, and services (0.86, 0.88, and 1.08), see also Csereklyei (2020).
Huang et al. (2024) find substantial variation across European countries, from zero in Germany to
0.94 in Romania, with the average at 0.57. Developing economies show higher income elasticities,
with Li et al. (2022) reporting 0.89 for residential electricity in China, and Bose and Shukla (1999)
finding values as high as 1.27 in India's commercial sector. These differences correspond to
structural shifts as economies become mature and potentially reflect environmental awareness and
climate policies (Burns, 2021). Liddle and Huntington (2020) also confirm that the GDP elasticity
of energy varied substantially from country to country, however, they also conclude that this
heterogeneity was not due to GDP. Their ‘ground’ average GDP elasticity is between 0.6 and 0.7
for the OECD countries, while it is around 0.7 for the non-OECD countries, a finding supporting
their evidence that the GDP elasticity of energy does not change with GDP per capita. This leads
to our second hypothesis: GDP/Output elasticity of energy demand is positive, especially in the
long term.

Investment in energy-saving technology significantly impacts energy demand. As recently
found by Kopecna et al. (2020), the capital-energy elasticity of substitution is greater in the new
EU Member States compared to its counterpart estimated for Western Europe. Liao et al. (2022)
show that a 1% increase in energy-saving investment correlates with a 0.08% rise in energy use,
particularly in energy-intensive sectors like construction. While these investments theoretically
should reduce energy consumption by improving efficiency and promoting renewable energy
adoption (Recka et al., 2023), they may paradoxically increase consumption through expanded
production or the rebound effect (Dahlqvist et al., 2021). For instance, Okwoche & Scasny (2025)
demonstrate that ICT intensity negatively affects energy efficiency in Central and Eastern Europe.
Nevertheless, we hypothesise that higher levels of energy-saving investment decrease energy

demand.



R&D expenditure also shapes energy demand dynamics. Karimu and Brannlund (2015)
estimate that a 1% increase in R&D reduces aggregate energy demand by approximately 0.03% in
OECD countries, with significant cross-country variation. Wong et al. (2013) distinguish between
R&D types, showing that renewable energy R&D reduces fossil fuel consumption by 0.055%,
while fossil fuel R&D reinforces its own demand. Churchill et al. (2021) highlight time-varying
elasticity of energy demand to R&D spending, initially negative but shifting positive after 2010.
Their disaggregated analysis reveals that R&D effects vary by energy type: a 1% increase in
renewable energy R&D reduces fossil fuel demand by 0.056%, while a 1% rise in total energy
R&D decreases renewable energy demand by 0.019%. Results from a stochastic energy demand
frontier study then indicate that R&D intensity has a consistently significant efficiency-enhancing
effect in Central and Eastern European countries (Okwoche & Scasny, 2025). Based on these
findings, we investigate whether R&D expenditures are linked to a decrease in energy demand.

Table 1 provides a summary of selected studies on price and income elasticities, including their

main findings, estimated elasticities and relevant country or sectoral contexts for easy reference

3. Data

Our empirical analysis employs a country-sector annual panel dataset from five new EU member
states (Czech Republic, Lithuania, Poland, Romania and Slovenia) from 1995 to 2018 (T=24). We
study how energy demand (dependent variable) is affected by four explanatory variables (output,
price, energy saving investment, and R&D) specific to 16 sectors (also referred to as fuel users) in
each of our five countries (N=80). All variables are described presently with details provided in
Appendix Table B1.

The sectors included in the analysis are detailed in Appendix Table B2, covering key areas
such as manufacturing, transportation, civil works, own users, and other industries. Manufacturing
includes energy-intensive industries like iron and steel, chemicals, textiles, food and drinks, paper
and pulp, and non-metallic products. The transportation sector encompasses road, rail, and air
transport, while the civil works sector includes construction and engineering. The category of own
users covers industries that produce and consume energy for their internal operations rather than
for final industrial or commercial use. Other industries include sectors that do not fall into these
specific categories. Although these sectors primarily represent energy users, we categorized them

as industrial sectors. This approach aligns with Bernstein and Madlener (2015), who used a similar



classification approach to analyze electricity demand elasticity at the sub-sectoral level in
Germany.

The sample countries represent a diverse cross-section of newly included countries in the
EU from the Central and Eastern European (CEE) region. It includes the most industrialized
economy (Czech Republic), the largest economy in the CEE (Poland), a Baltic (Lithuania) state, a
Balkan (Romania) state, and a Eurozone member located in the Mediterranean area (Slovenia).
These states represent regions following different final energy use and energy productivity
profiles. While Czechia and Romania reduced energy consumption more sharply than the CEE’s
average, the trend in energy use was less positive in Slovenia compared to the remaining four case
countries as well as the CEE’s and EU27’s average, see Figure 1, Panel A. Energy productivity,
as expressed in EUR(2010) output per kg of oil equivalent, tripled in Romania and Lithuania
during 1995-2019, while it increased by 1.66 and 1.8 times only in Slovenia, and Czechia,
respectively, with Poland in the middle with 2.48 energy productivity increase, see Figure 1, Panel
B.

Data before 1995 is excluded because the sampled countries were transitioning to
standardized central accounting systems during this time, which raises concerns about data validity
and reliability during earlier years. We also do not employ post-2019 data, partly due to their
inconsistent availability and partly to mitigate the unwanted impact of the COVID-19 pandemic
on energy use and energy productivity (see trends during 2020-2023 in Figure 1), as this non-
standard period is not our primary concern. Hence, we intentionally focus on the period of 1995—
2018 to capture the critical post-transition era characterized by significant market reforms and
integration into the EU, which is particularly relevant for analyzing energy use patterns. The choice
of sectors is determined by data availability and relevance to the study’s objectives. The data are
sourced from the International Energy Agency Energy Balances and Energy Statistics, Eurostat,
the Organization for Economic Co-operation and Development’s National Accounts and Structural
Analysis (STAN) database. Appendix Table B1 lists the variables used in the study, along with
their measurements and sources. All monetary variables are recalculated in 2010 Euros.

Energy demand, the dependent variable, is measured as total energy consumption across
sectors and expressed in thousand tons of oil equivalent (TOE). The variable captures the aggregate
energy use by industries, covering consumption from 12 primary energy carriers (see Appendix

Table B2). Energy prices are expressed in euros per thousand TOE. The variable is derived as a



weighted average of the prices of individual energy carriers. The weights correspond to each
carrier's share in total energy consumption by the respective energy users and countries. Income is
measured as economic activity using sectoral gross output. This measure helps to analyze how
energy demand reacts to structural shifts in economic production. The sectoral output here is
equivalent to turnover as it captures the total value of production, including intermediate inputs,
unlike gross value-added, which measures only the net contribution by excluding inputs purchased
from other sectors. Energy-saving investment reflects sector-specific capital expenditures on
energy-saving technologies, efficiency improvements, and the adoption of cleaner technologies.
This variable is measured using gross fixed capital formation in energy-saving technologies.
Research and development (R&D) is measured as R&D expenditures per sector. The expenditure
measure accounts for technological innovation and also captures the expenditures in the
engineering and vehicle sectors, adjusted for international spillover effects.

Table 2 presents the descriptive statistics of the key variables used in our analysis. Energy
prices average 484 euros per thousand toe (SD = 275), with a wide range from 42 to 1,783 euros,
highlighting large price differences. The mean sectoral output is 19,207 million euros
(SD=57,899). Investment in energy-saving technologies averages 1,104 million euros (SD=4,566).
The minimum and maximum values show that some energy users do not invest at all, while others
spend significantly higher amounts. R&D expenditure, averaging 60 million euros (SD=249),

exhibits considerable variation in commitment to energy-saving technology development.

4. Model Specification and Estimation Technique

4.1. Model specification

We investigate the factors affecting energy demand in the new EU countries and follow the
modelling approach by Cuddington and Dagher (2015). While Cuddington and Dagher (2015)
assume that energy demand depends solely on its own real price (p), the real price of substitutes
(ps), and real income (y), we make a slight modification in their specification by replacing the real
price of substitutes with energy-saving investment and R&D. We then specify our model in a log-

log form as:

Eijt = Bo+ B1Yije + B2Pije + BsKije + BaRDyjje + a;j + wyjy, (1)

10



where the dependent variable E;;; denotes industry-level total final energy consumption in country
J» sector i, year t; Yy, stands for sectoral output; P;;; represents energy prices; K;;; denotes energy-
saving investment, and RD;;; measures expenditure in research and development; 7 identifies each
sector, j represents each country, while ¢ captures time in years.

Equation 1 often exhibits serially correlated errors, which is generally seen as strong
evidence that dynamic factors play a crucial role in modelling demand for many commodities,
including energy (Cuddington & Dagher, 2015). We follow the approach of Liddle and Huntington
(2020) to account for delayed responses to changes in variables by incorporating lagged effects.
Models like the flexible panel autoregressive distributed lag (ARDL) framework are particularly
valuable because they let the data determine these relationships without imposing restrictive
assumptions (Cuddington & Dagher, 2015). Hence, we re-specify our equation (1) as a dynamic

model, by including the lag of the dependent variable (energy consumption)}—ADL (1,0,0,0,0):

Eijt = Bo+ PB1Yije + B2Pije + B3Kije + BaRDjje + BsEije—1 + aij + uyj¢ (2)

In equations (1) and (2), §; are the parameters of interest to be estimated; a;; captures the
unit-specific heterogeneities while u;j; is the error term. As a robustness check, similar to Liddle
and Huntington (2020), we estimate a dynamic model with all lagged explanatory variables
—ADL (1,1,1,1,1). Moreover, if the variables are cointegrated (i.e., a stable long-run relationship
exists), the ARDL can be reparametrized into an Error Correction Model (ECM), which directly
separates Short-run (SR) adjustments from Long-run (LR) equilibrium effects. The panel ARDL

can be expressed in a canonical form as an ECM:
-1
AEjje = yo + A (Eije—1 — 61Yije—1 — 02Pije—1 — 03Kije—1 — O4RDyje_1) + X _1 OrAEje_y +
-1
Zj?zl( P1AYje—j + B2AP;ji—j + B3AK;ji—; + BaARD;je— ) + aj + Uyt 3)
In model (3), AE;j; denotes the change in energy consumption for country i, sector /, at time £ The

SR elasticities are captured by the coefficients on the first-differenced terms

(AYjt, AP;je, AK;ji, ARD;je), while the LR elasticities (6:, 0, 65 04 are derived from the

11



cointegrating vector in the error correction term. Further, the speed of adjustment (1) must satisfy

the condition —1 <A <0 to ensure convergence toward equilibrium.

4.2. Estimation technique

Several related studies have relied on the traditional fixed effects methods, which are capable of
exploiting variations over time, although the estimated coefficients are assumed to be the same for
all cross-sections — the so-called assumption of slope homogeneity (e.g., Ajayi & Reiner, 2020;
Bernstein & Madlener, 2015). Nevertheless, we hypothesize that the elasticities will vary across
sectors. As such, we begin with a test for slope homogeneity as proposed by Pesaran and Yamagata
(2008).* Table 3 presents our results for the test of slope homogeneity. Our estimation results reject
the null hypothesis of slope homogeneity in favour of slope heterogeneity (delta=6.324, p=000).
Treating the five countries as heterogeneous is justified due to the diverse economic, industrial,
and structural factors characterizing each country. Although these countries share certain historical
and regional characteristics, they exhibit differences in their industrial composition, regulatory
environments, and levels of economic development, all of which likely lead to varying responses
to energy use.

The panel dataset also shows significant cross-sectional dependence, as suggested by the
test results of Tables 4 and 5. We show in Table 4 that all variables, except energy use, show alpha
values above 0.5, indicating significant CSD. Theoretically, cross-sectional dependence arises
when shocks or unobserved factors affect multiple cross-sectional units simultaneously. These
dependencies arise because interconnections are taking place through economic linkages such as
trade, financial flows, and shared policy environments. This is especially relevant for the industrial
sectors of the new EU member states due to their shared historical, political, and economic
characteristics, which likely induce similar responses to certain global or regional influences like
EU energy policies, technological spillovers, and market dynamics. Ignoring cross-sectional
dependence in the sample can result in biased and inconsistent estimators (Coakley et al., 2006).

In view of this, we adopt the mean-group (MG) method as our preferred estimation approach in

% Pesaran and Yamagata (2008) state that this is applicable provided that the autoregressive coefficient is less than one
in absolute value. The test is important especially in large panels and controls for dynamics and cross correlations. In
the context of panel data, "large N, large T" refers to having a sufficiently large number of cross-sectional units (N)
and time periods (T) to ensure reliable and consistent estimates (Thombs, 2022).
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accord with the standard practice (Chudik and Pesaran, 2015) and elaborate more on our approach
presently. Essentially, the MG technique estimates separate regressions for each panel and
averages the coefficients across all units to derive an overall long-run panel effect.

To enhance robustness and enable comparison, we also estimate an error correction mean
group model (ECM) following Pesaran and Smith (1995). With this, we aim to capture both short-
run dynamics and the long-run adjustment process, while accounting for the heterogeneity
observed in real-world economic behaviour. Essentially, the model’s inclusion of an error
correction term aims to capture the speed at which energy demand returns to long-run equilibrium
after a shock. The study emphasizes that allowing for heterogeneous long-run and short-run
responses enables robust inference in large dynamic panels. In this respect, our approach follows
a thorough exposition of the estimation of energy demand elasticities in a panel error correction
framework provided by Cuddington and Dagher (2015); for application in a similar context, see,
for example, Isiksal and Assi (2022).

The dataset used in this study is well-suited for examining both the assumptions of slope
heterogeneity and cross-sectional dependence (CSD) (see Appendix 1A). Hence, we employ the
Common Correlated Effects Mean Group (CCE-MG) estimator, which accounts for cross-
sectional dependence by incorporating cross-sectional averages; for application in a similar
context, see, for example, Bokosi (2022). This estimator assumes a static model, which does not
fully align with the theoretical framework, necessitating the inclusion of a lagged dependent
variable. Hence, we follow Chudik and Pesaran (2015) and employ the Dynamic Common
Correlated Effects Mean Group (DCCE-MG) estimator, which incorporates lags of cross-sectional
averages, leading to consistent estimates and accounting for endogeneity (Chudik and Pesaran,
2015). Further, since our data exhibit strong cross-sectional dependence and low heterogeneity
across variables, the DCCE-MG estimator can be effectively applied in our setting with large
cross-section dimension (N=80) and a moderate time dimension (T=24). Even with a smaller
number of cross-sectional units, the estimator remains robust, as long as the units share common
factors influencing their dynamics. In cases of low heterogeneity, where the units exhibit similar
structural characteristics, the need for complex unit-specific dynamics is reduced, making the
DCCE-MG estimator well-suited for capturing the shared shocks or factors across units (Pesaran,
2006). Both characteristics above can be applied to our panel set. Empirical studies in

macroeconomics and finance have successfully applied such estimators to even small panels,
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demonstrating the validity of the approach in small-sample settings (Chudik et al., 2011).
Consequently, with our panel parameters, the estimator can provide consistent and reliable results
while addressing common shocks and cross-sectional dependence. For supplementary estimation
details, refer to Appendix 1A.

Furthermore, the DCCE-MG estimator accounts for potential endogeneity that could arise,
for example, due to a reverse causality between energy demand and prices. The approach controls
for unobserved common factors and dynamic feedback effects by incorporating cross-sectional
averages and their lags.” Finally, the dynamic specification reduces simultaneity concerns,
especially given that some of our explanatory variables (e.g., investment and R&D) are expected

to affect energy demand with a lag rather than contemporaneously.

5. Empirical Results

We present the results of our estimations as detailed in Table 6, which examines the elasticities of
energy demand to energy price, sectoral output, R&D, and energy-saving investment. The results
are presented for various estimations, including the Mean Group (MG), Common Correlated
Effects Mean Group (CCE-MG), and Dynamic Common Correlated Effects Mean Group (DCCE-
MG). Following the assumptions of the estimation technique detailed in sub-section 4.2, we
provide the results of our preferred model. We also report on the results of our robustness checks

to verify their validity.

5.1. Comparative Evaluation across Estimation Methods

The traditional MG estimation accounts for sector-specific heterogeneity by assuming parameter
heterogeneity across panels but does not address cross-sectional dependence. This leads to
potential biases, as evident in the significant cross-sectional dependence detected in MG residuals
(p-value < 0.01), see Table 6, column (A). The CCE-MG and DCCE-MG estimation methods
incorporate cross-sectional averages or explicitly model common dynamics, addressing the cross-

sectional dependence issue. These adjustments improve model fit, as indicated by the reduction in

3 We acknowledge that instrumental variable (IV) methods are often employed to address endogeneity, but they present
significant challenges in country-sector panels. Most importantly, finding strong and valid instruments that vary over
time and are uncorrelated with the error term across all cross-sections is not feasible in our dataset. Moreover, the use
of weak instruments can introduce further biases, particularly in panels with a moderate time dimension, as is the case
here. In contrast, the DCCE-MG estimator avoids these complications while still offering consistent estimates under
weak exogeneity of regressors. Therefore, while we recognize the theoretical appeal of IV-based methods, we
deliberately employ the DCCE-MG framework due to its robust handling of cross-sectional dependence,
heterogeneity, and dynamic feedback, without relying on potentially problematic and weak instruments.
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the root mean square error (RMSE) from 0.18 in MG to 0.11 in CCE-MG and 0.13 in DCCE-MG.
See the results in Table 6, columns (B) and (C). The cross-sectional dependence test p-values
(CCE-MG: p=0.13; DCCE-MG: p = 0.37) further confirm that these methods effectively mitigate
cross-sectional dependence. Hence, the DCCE-MG is our preferred estimation, given its ability to
both address cross-sectional dependence and capture persistence through the lagged dependent
variable. The DCCE-MG provides insight into the path dependency that the static estimators (MG
and CCE-MQ) fail to detect.

Output elasticity is consistently higher in the CCE-MG and DCCE-MG estimation methods
compared to the MG estimator. This observation highlights the dampening effect of ignoring cross-
sectional dependence in the baseline MG methods. Similarly, the absolute value of energy price
elasticity becomes larger as cross-sectional dependence is addressed. The positive impact of
investment in energy-saving technologies diminishes slightly in the CCE-MG and DCCE-MG
estimators. These results indicate that the MG estimation may overstate sectoral effects. As for the
estimate of R&D expenditures, it turns out that its significance in the MG estimation disappears
once cross-sectional dependence is controlled for.

Finally, we also present the results from the error correction version of the model (ECM)
that captures both the short-run and long-run effects.® Table 6, column (D) presents the estimation
results of the model, showing that in the case of output and energy price effects, the long-run
coefficients are consistent with the other MG results in terms of both direction and magnitude. A
statistically significant negative price coefficient (-0.44) indicates that the long-run impact of
energy prices is linked with a decline in energy consumption. If we combine the absent impact of
output on energy consumption (due to a statistically insignificant coefficient) with a negative price
effect, the finding indirectly indicates the potential of energy-saving processes taking place in
various industry sectors. This finding has to be paired with a statistically insignificant short-term
energy price effect. This evidence corresponds to the fact that energy demand dynamics in a
running economy are not principally affected by short-term energy price fluctuations. Further,
energy-saving investments and R&D expenditures display more pronounced long-run effects, as
reflected in their significantly larger coefficients relative to the long-run MG results reported
earlier. Specifically, increases in energy-saving investments are linked with larger energy

consumption, and the coefficient (1.57) hints at the intensity of such an effect. Despite its increase,

® The ECM does not account for cross-sectional dependence, though.
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energy consumption can be paired with more nature-friendly rises in energy-saving investments.
Finally, the long-term R&D advancements are linked to a substantial decline in energy
consumption (-1.56), a positive environmental impact, indeed. In the short run, we show that most
coefficients are, on average, not statistically significant at any conventional level. However, the
signs align with theoretical expectations. This highlights the dominant influence of long-run
dynamics in this model and supports our preferred estimation technique, which emphasises the
long-run heterogeneous effects. This is further supported by a negative and statistically significant
error correction term, which points to a stable long-run relationship. Intuitively, the statistically
significant error correction coefficient (-0.56) indicates that approximately 56% of any deviation
from the long-run equilibrium is corrected in the subsequent period. The magnitude of this
adjustment rate highlights the effectiveness of the estimation method in capturing the return to

equilibrium over time.

5.2.  Preferred Estimation: Dynamic Common Correlated Effects Mean Group (DCCE-
MG)
We present the results for our preferred estimation method, namely the Dynamic Common
Correlated Effects Mean Group (DCCE-MG), in Table 6, column (C). We show that the coefficient
of the lagged dependent variable is approximately 0.26 and statistically significant. The findings
align with the Dynamic Adjustment Theory, which suggests that energy use patterns are path-
dependent and that current energy demand decisions are influenced in part by past consumption
levels (Heetsterman, 1972). It highlights the presence of adjustment frictions that prevent industrial
energy demand from fully responding to contemporaneous drivers like price or output within a
single period. The estimated degree of persistence in this study is relatively low compared to
previous findings: for example, Chang (2015) reports values between 0.76 and 0.86 for 53
emerging markets and developing countries; Gaies (2019) finds coefficients between 0.374 and
0.70 for MENA countries; and Sadorsky (2010) reports values ranging from 0.95 to 0.98 for 22
advanced and emerging economies. This comparatively lower persistence observed for the five
New EU member states can be attributed to their structural change as transitioning economies.
Since joining the EU, these countries have undergone substantial institutional and policy reforms,
including alignment with EU regulatory standards, liberalization of energy markets, and adoption
of more stringent environmental policies. These could have reduced structural rigidities and

improved responsiveness to market signals, resulting in faster adjustment of energy demand.
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However, it is important to acknowledge that this is not a universal outcome across all
transitioning contexts. As Halicioglu (2009) shows in the case of Turkey, institutional gaps,
delayed environmental reforms, and sectoral reliance on emissions-intensive activities can sustain
a higher degree of inertia in energy demand, even in the presence of economic modernization.
Stern (2012) similarly cautions that limits to substitution between capital and energy, particularly
at the macroeconomic level, may persist in economies where energy-intensive capital stock
remains dominant or where innovation is biased toward energy-using technologies. Thus, while
the new EU countries appear to have overcome many frictions that lead to persistent energy
demand, this result is contingent on successful and sustained institutional reform, technological
upgrading, and policy alignment with the broader EU framework.

The long-run price elasticity of energy demand is negative and statistically significant,
consistent with the theory of demand (Marshall, 1890). As shown in Table 6, column C, the
elasticity is estimated at -0.417 (SE = 0.072) and significant at the 1% level, indicating that
industrial sectors in the new EU economies are relatively responsive to price signals. This suggests
that rising energy prices are likely to encourage firms to invest in energy-saving measures and
adjust operational practices to reduce costs (Gamtessa & Olani, 2018). Among all controls, the
price effect emerges as the strongest determinant of energy demand in the sample country-sectors.

This degree of responsiveness aligns with findings from prior studies focused on industrial
sectors. Chang et al. (2019) report long-run elasticities ranging from —0.128 to —0.529 across 16
OECD energy-intensive industries, with less energy-intensive industries typically exhibiting
stronger responsiveness (ranging from -0.010 to -0.151). Wakashiro (2019) similarly finds an
average elasticity of -0.40 for Japan’s manufacturing sector, with higher values for electricity-
intensive sub-sectors such as textiles and non-metallic minerals. Csereklyei (2020) documents EU-
wide long-run elasticities ranging from —0.75 to —1.01 and highlights the influence of competitive
markets and policy reforms on price responsiveness. Taken together, these comparisons suggest
that the —0.417 estimate for new EU countries reflects not only the importance of price in shaping
industrial energy demand but also structural changes that have brought these economies closer to
the energy-use patterns observed in mature industrial markets.

In examining the comparison, we observe that our estimated elasticity falls within the upper
mid-range of values reported in the literature. The result may reflect the effects of market

liberalization and regulatory convergence with EU standards, which appear to be strengthening
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price transmission mechanisms in the region’s industrial sectors. Further support for this
interpretation comes from studies focused specifically on CEE countries. Using stochastic frontier
analysis, Okwoche and S¢asny (2025) report a price elasticity of approximately -0.33 across all
sectors, with lower responsiveness in energy-intensive industries. While their estimate is broadly
consistent with ours, differences in how energy prices are measured and in methodological
approach account for some divergence. Kopecna et al. (2020) further show that although energy
and material inputs are partially substitutable in the EU, CEE countries exhibit relatively higher
substitutability overall, with energy-intensive sectors showing more limited flexibility.

The long-run elasticity of sectoral output is both positive and significant, with an estimated
output elasticity of 0.323 (SE=0.084). In other words, a 10% increase in sectoral output leads to a
3.2% increase in energy use through economic expansion. This makes sense given that sectoral
output elasticity may operate through the scaling of production processes. Hence, as sectoral output
level increases, driven by factors such as economic growth and higher consumer demand (Shahbaz
et al., 2018), energy use correspondingly rises. Compared to the broader literature, this estimate
falls to the lower end of the spectrum for industrial sectors. Sectoral output elasticities range from
0.76 to 1.08 across EU industrial sectors (Csereklyei, 2020). In contrast, Martins et al. (2024)
estimate a much lower long-run output elasticity of approximately 0.25 for Brazil, attributing the
lower response to stagnation in industrial activity and structural inefficiencies. Output elasticities
tend to be higher in wealthier countries with access to modern fuels and technology (Burke &
Csereklyei, 2016). The relatively moderate elasticity observed in the New EU countries may reflect
their dual position as transitioning but reform-oriented economies: while energy demand still
scales with production, it does so less intensively than in more energy-reliant industrial systems.

The results in Table 6 (column C) indicate a positive long-run elasticity of 0.194 for
investment in energy-saving technology. The coefficient is significant at the 10% level (SE=
0.113). While economic transition and modernization have the potential to reduce energy
consumption, the expansion of industrial capacity and a shift toward energy-intensive
manufacturing often drive overall energy use higher (Filippini & Hunt, 2011). During the transition
period and integration into the EU, investments in energy-saving technology were initially energy-
using rather than energy-saving. Technological transitions are often characterized by a lag between
initial investment and the realization of efficiency gains, so energy use typically rises before these

benefits are realized (Stern, 2012). Finally, the long-run elasticity of energy demand to R&D
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expenditures is negative (-0.123, SE=0.101). However, the effect cannot be properly assessed as
the coefficient estimate is not statistically significant.

The results reveal a meaningful distinction between energy-related investment and R&D
expenditures in impacting long-run energy demand. While investment, measured as a stock
variable, shows a statistically significant long-run effect, R&D expenditure, captured as a flow,
does not. This difference can be interpreted in light of the temporal nature of these variables. Stock
variables like machinery and equipment accumulate over time and capture long-lived
technological improvements, making their long-run impact more visible and measurable. In
contrast, R&D expenditures occur more frequently and in smaller increments, often reflecting
short-term research cycles or incremental innovations. As such, their impact may be harder to
detect in long-run equilibrium models, particularly if the benefits of R&D are diffused, delayed,
or not directly linked to immediate changes in energy use. We therefore highlight the importance
of considering the time horizon and accumulation characteristics of explanatory variables when

evaluating their influence on industrial energy demand.

5.3.  Country-Specific Results
Table 7 presents country-specific estimates using the Common Correlated Effects Mean Group
(CCE-MQG) and Dynamic Common Correlated Effects Mean Group (DCCE-MG) estimators. The
results show considerable heterogeneity in price and output elasticities and in the magnitudes of
dynamic effects across the five New EU member states. The coefficients of lagged values in the
DCCE-MG model exhibit a comparable extent of persistence among the four countries (0.15 to
0.20), while the persistence is twice as strong in Romania (0.35). This pattern correlates with the
fact that economically less-developed Romania joined the EU only in 2007. Hence, Romania
began implementing the EU standards later than its peers in our sample, and that accounts also for
energy generation and use standards.

Across countries, the output elasticity of energy demand is positive and significant in most
cases. Under the CCE-MG estimator, Romania exhibits the highest output elasticity (0.433),
followed by Poland (0.396) and the Czech Republic (0.359), though the Czech estimate is not
statistically significant. Lithuania and Slovenia show moderately lower elasticities (0.269 and
0.278, respectively), both significant at conventional levels. When dynamic effects are
incorporated in the DCCE-MG method, output responsiveness increases in all countries, with

Poland (0.667) and Romania (0.557) showing the most pronounced income elasticities, both
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significant at the 1% level. Similarly, as Liddle and Huntington (2020), we do not find any pattern
between a country’s GDP per capita and the GDP-energy elasticity. We conjecture that differences
in the GDP-energy elasticity might be due to different fuel mix and other structural factors. In fact,
Poland and Romania, during the period under research, were major producers of fossil fuels (coal,
oil), which they used to generate electricity. This was not the case in the other three countries,
whose GDP growth was driven by less carbon-intensive energy use. Indeed, the income elasticities
in Lithuania, Slovenia, and the Czech Republic amount to comparable values (0.32—-0.38), which
are quite similar to the aggregate estimate for the pooled data (0.32).

Comparison of the two models (CCE-MG and DCCE-MG) points to the importance of
accounting for dynamic adjustments in modelling energy demand. The DCCE-MG approach, by
incorporating lagged dependent variables and common dynamics, captures stronger output effects,
which are likely to reflect delayed energy demand responses to production changes. With higher
elasticities in Poland and Romania, energy demand pressures may be stronger during industrial
growth, highlighting the need for targeted efficiency strategies.

The results for energy price elasticity reveal notable variation across countries and between
model specifications. Under the CCE-MG estimator, the Czech Republic exhibits the strongest
price responsiveness at -0.58 (significant at 5%). This result is followed closely by Poland and
Romania, with estimates of -0.43 and -0.42, significant at the 1% and 10% levels, respectively.
Lithuania presents a weaker estimate of -0.239, which is significant at the 10% level. In contrast,
the DCCE-MG estimates present a somewhat different pattern: Slovenia and Poland are highly
price responsive, with implied own energy price elasticity at negative values of 0.49 and 0.45,
respectively. Price elasticity for Lithuania is modest (-0.28) and weakly statistically significant.
Assessment of the price elasticity for Romania and the Czech Republic is precluded due to the
statistical insignificance of the coefficients in the dynamic specification.

These findings highlight important differences in how industrial sectors across the five
New EU countries adjust to energy price signals. The stronger and more significant price effects
under the DCCE-MG estimator, particularly for Slovenia and Poland, suggest that accounting for
lagged effects and cross-sectional dependence better captures the full scope of behavioural
responses. Countries with high price elasticities likely have more flexible production systems,
greater exposure to market-based energy pricing, or stronger policy incentives for energy

efficiency. Conversely, the muted price effects in Romania and the Czech Republic under the

20



dynamic model may reflect slower adjustment mechanisms or the influence of non-price factors

such as regulation and subsidies.

5.4. Robustness Check

In addition to our main estimations, we perform various robustness checks. First, we explore
whether our estimates are sensitive to broadly defined economic sectors. Second, we examine the
effect of the lagged explanatory variables. Third, we perform alternative fixed effects estimations
for the determinants of energy demand. Findings are reported in Appendix C. Overall, the results
from the three robustness checks are consistent and not qualitatively different from our baseline

results.

Sectoral Analysis

The first robustness check employs a compressed sample of sectors, merging 16 sectors into five
key groups. We present the results of our analysis for the three key estimation methods, Mean
Group (MG), Common Correlated Effects Mean Group (CCE-MG), and Dynamic Common
Correlated Effects Mean Group (DCCE-MG). The findings are reported in Appendix Table CI.
We show that sectoral output remains a key driver of energy demand, with coefficient estimates
increasing in the estimation methods that account for cross-sectional dependence. Specifically, the
output elasticity rises from 0.121 in the MG estimator to 0.254 in the CCE-MG estimator and 0.191
in the DCCE-MG estimation method. The inclusion of a lagged dependent variable in the DCCE-
MG estimation method reveals persistence in energy demand (0.228). This result again reaffirms
the argument that current energy consumption depends significantly on past levels. Energy prices
consistently exhibit negative and significant effects across all estimation methods. The DCCE-MG
estimator, with an elasticity of -0.303, suggests a stronger price responsiveness when cross-
sectional dependence and dynamics are accounted for. The coefficient for energy-savings
investment is positive and significant in all three models, though its impact diminishes slightly
when cross-sectional dependence is controlled for, as seen by the DCCE-MG results. This is
consistent with the findings from our main estimations. Once again, R&D expenditure remains

insignificant across all specifications.

21



Lagged Explanatory Variables

As an additional robustness check, we incorporate the lags (by one year) of all explanatory
variables. See Appendix Table C2 for the results. Considering the lagged variables instead of
entering their present counterparts stems from the idea that energy demand responds to the factors
with some inertia. However, we find that the signs remain intact, and the effects are mostly
indistinguishable from zero, with a few exceptions. In our preferred estimation, i.e., the DCCE-
MG estimation, the lagged dependent variable presents a significant estimate of 0.22 compared to
the baseline estimate of 0.26. Similarly, output has a significant estimate of 0.22 compared to 0.32
in the baseline model. The lower estimates in this specification are not unexpected. When using
current values, one assumes that changes in the variables immediately impact energy use
contemporaneously. In contrast, using lags highlights that the effects are spread over time (slow
adjustment) rather than occurring all at once. This results in a weaker impact being detected in any

single period.

Fixed Effects Specifications

Further, Appendix Table C3 presents the results for the models with one- and two-way fixed
effects. The results reported in columns (A) and (B) assume cross-sectional independence, while
those reported in columns (C) and (D) employ the Driscoll and Kraay (1998) standard errors, which
are robust to cross-sectional dependence. The coefficient estimates remain virtually unchanged
across both the one-way and two-way fixed effects specifications, regardless of whether cross-
sectional dependence is addressed. However, the precision of the estimates improves substantially
when cross-section dependence is accounted for, as evidenced by the smaller standard errors under

the Driscoll-Kraay specification (columns C and D).

EU Membership Impact

Finally, we assess the impact of EU membership on energy demand elasticity. We introduce a
dummy variable covering each country’s EU accession period. We present the results in Appendix
Table C4 using our preferred DCCE-MG estimation method. We find that EU membership
produces a positive and significant estimate of 0.128, meaning that EU accession is associated
with an increase in energy demand in the new EU member states. This finding may reflect the
initial economic expansion and industrial modernization that typically accompany EU integration

processes, as noted in Section 1 and supported by S¢asny et al. (2021). The positive EU
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membership effect aligns with empirical evidence suggesting that economic integration initially
increases energy intensity as countries modernize their industrial base and align with EU standards,
before efficiency gains materialize in the longer term (Uzagalieva et al., 2012; Kocenda et al.,
20006)

Importantly, the inclusion of the EU membership dummy does not materially alter our main
findings. Output elasticity increases slightly but remains positive and significant. Price elasticity
becomes more negative, indicating stronger price sensitivity when EU membership is accounted
for. The lagged dependent variable shows continued persistence in energy demand, though slightly
reduced. Energy-saving investment loses statistical significance, while R&D expenditure remains

insignificant but with a more obvious negative effect.

6. Conclusions

We explore the long-run drivers of industrial energy demand in five new EU member states,
focusing on their own price and income elasticities. We also account for the effects of investment
in energy-saving technology and R&D. Despite the policy relevance, empirical evidence focused
on the new EU member states remains limited. We perform a comprehensive empirical analysis
employing sectoral-level data from 1995 to 2018. We further employ the DCCE-MG panel data
estimation to address cross-sectional dependence and incorporate dynamic adjustments in energy
demand modelling. We show that the long-run effects play a dominant role in shaping industrial
energy demand in the new EU member states. For our preferred model, GDP-energy elasticity is
0.32, and energy price elasticity is -0.42. Complementary evidence from an error correction model
shows a significant and correctly signed error correction term of -0.56, indicating that 56% of the
deviation from the long-run equilibrium is corrected in the subsequent period. In sum, we confirm
the presence of a stable long-run relationship and suggest that deviations from equilibrium are
gradually corrected, with over half of the gap closing in the following period. This aligns with the
finding from our preferred estimation (DCCE-MG) model that past energy consumption influences
current demand; i.e., 26% of current energy use is explained by energy use in the past. The model
further presents insignificant short-run results, indicating that energy use does not adjust
immediately to economic changes. However, the long-run energy price elasticity in the MG-ECM
model is -0.44, which is almost identical (not significantly different at any convenient level) to the

value of price elasticity calculated in the DCCE-MG model (-0.42). The combination of both
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results leads to a robust and valid estimate of the long-term price response of industries. Together,
these results suggest that effective policy design should prioritize long-term strategies over short-
term interventions.

When comparing our long-run estimates to those reported in earlier studies, we find that
both the price elasticity and output elasticity fall within the range typically observed in other
studies. The results are broadly consistent with previous research conducted in OECD countries
and EU regions, though methodological differences and sectoral focus may account for some
variations in magnitudes. For example, studies tend to produce slightly higher or lower values,
depending on whether they account for heterogeneity and dynamics. Within our study, a separate
comparison across estimation methods also shows the strengths of the DCCE-MG estimator. The
traditional MG estimator does not account for cross-section dependence, which leads to biased
results as reflected in its relatively high RMSE. In contrast, the CCE-MG and DCCE-MG
estimators address this issue, leading to better model fit and more reliable estimates. For instance,
both output and price elasticities increase in absolute value when using the DCCE-MG compared
to the MG. The significance of R&D also disappears once cross-section dependence is addressed,
suggesting that the MG may overstate some effects. The DCCE-MG estimator additionally
captures persistence through the lagged dependent variable, making it better suited for identifying
long-run dynamics and providing more robust inference. This observed persistence in energy
demand highlights structural features of industrial energy use and points out the need for stable
and sustained policy efforts to influence industrial energy consumption.

Our findings show that investment in energy-saving technologies has a significant positive
long-run effect, while R&D expenditure does not. This may reflect the different nature of these
variables. Investment is measured as a stock, representing long-lived capital improvements, while
R&D is a flow variable that may have more diffuse or delayed effects. We highlight that energy-
saving investment requires time and stable financing, and its effects on energy demand evolve
gradually. Additionally, in the new EU context, R&D activities may be concentrated within
foreign-owned firms, with limited domestic spillovers. These factors may contribute to the lack of
a significant relationship between R&D and energy demand in our model.

We acknowledge certain limitations in our dataset related to data coverage. Due to data
constraints, our analysis focuses on five newer EU member states. Although our dataset spans

1995-2018, extending the time series further in either direction would have been beneficial, given
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the requirements of heterogeneous panel models that rely on long temporal dimensions. However,
data prior to 1995 were excluded due to concerns regarding their validity and reliability. During
the early transition period, many of the sampled countries were still shifting to centralized
accounting systems, and data collection was often marred by measurement errors, inconsistent
reporting standards, and structural disruptions such as firm closures and sectoral reclassifications.
These issues undermine the empirical validity of pre-1995 data. We further do not employ post-
2019 data because we want to mitigate the unwanted impact of the COVID-19 pandemic as this
non-standard period is not our primary concern. Hence, we intentionally focus on period of 1995—
2018 to capture the critical post-transition era characterized by significant market reforms and
integration into the EU, which is particularly relevant for analyzing energy use patterns. Our aim
is not to present the most recent assessment, but rather to deliver a consistent and methodologically
robust analysis of the structural drivers of sectoral energy demand. Future research can build on
our findings by incorporating newer data, and the effects of recent shocks can be assessed in a
longer-term framework.

The findings point to several important policy implications for new EU member states on
the response of energy demand to changes in energy prices, output, and energy-saving investments.
We confirm the significance of price-based policies, such as taxes or levies on energy
consumption. Hence, price mechanisms, like the EU Emission Trading System (ETS), will
continue to be an effective tool for energy transition and decarbonization of the economies in these
countries. This aligns with the goal of delivering the European Green Deal. That is, revenues
generated from ETS auctions, channeled through the Modernization Fund and Innovation Fund,
could subsidize energy efficiency retrofits and renewable energy adoption in energy-intensive
sectors. Moreover, the credibility and predictability of carbon pricing should be strengthened to
ensure that firms incorporate future carbon costs into investment and operational decisions. When
industries are confident that carbon prices will remain high or increase over time, they are more
likely to invest in cleaner technologies and adjust their operations to use less energy. However, the
observed positive elasticity of energy-saving investment necessitates measures such as binding
efficiency standards, as observed in the EU Fit-for-55 policy package, and incentives for circular
economy practices under the Circular Economy Act are necessary. Such policies may ensure that

savings from energy-saving investments translate into net energy demand reductions.
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Efforts should be made to decouple energy use from industrial output. Energy users with
high output growth potential should be targeted for energy efficiency programs. The European
Commission’s Clean Industrial Deal, which emphasizes electrification, grid modernization, and
sector-specific decarbonization pathways, offers a blueprint for this transition. Targeted support
for low-carbon technologies, such as renewable hydrogen and carbon capture, perhaps under the
Hydrogen Bank and Industrial Decarbonization Accelerator Act, could mitigate energy demand
pressures. Energy users with high output growth potential could be targeted for these energy
efficiency programs. Another policy response could be the provision of subsidies, low-interest
loans, or tax incentives to encourage the adoption of green technology and mitigate the energy use
associated with industrial expansion.

Our paper provides energy demand elasticities that are intended to support impact
assessment modeling, capturing the overall long-term patterns in the CEE countries. As
highlighted by Kopecna et al. (2020), estimates of the CES production function in CEE countries
exhibit temporal variation, converging towards the CES values observed in Western Europe for
energy-intensive sectors, while diverging for energy non-intensive sectors. Investigating whether
similar trends apply to the price and income elasticities of energy demand represents a promising
direction for future research. Additionally, future work could focus on deriving elasticity estimates
specific to individual industrial sectors, provided that sufficiently long-term and detailed data

become available.
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Figure 1. Energy trends in the CEE region and the EU27.
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Tables

Table 1. Selected Studies on Price and Income Elasticities of Industrial Energy Demand

Author (s) Study Area Variables used Main Findings
Bose & Shukla | 19 Indian States Electricity =~ consumption, | The short-run price elasticities vary: -1.35 in the agriculture sector, -0.65 in the
(1999) (1985 —-1994) income, electricity tariff, | residential sector, -0.26 in the commercial sector, -0.45 in the high voltage
price of diesel, reliability of | (HT) industry, and -0.32 in the industrial sector.
power supply Income is elastic in the commercial (1.27) and HT industry (1.06), while it is
inelastic in the residential (0.88), agriculture (0.82) and low & medium voltage
(LT) industries (0.49). Overall Industry: 0.73.
Burke & Ashani | United States State-level electricity | Short-run price elasticity is very inelastic (-0.1). Long-run elasticity is near -1,
(2017) (2003 —2015) demand, price of electricity | with industry being the most price-sensitive sector in the long run.
in residential, commercial
and industrial sectors.
Burke & 132 countries Annual country-level | The aggregate energy-GDP elasticity is 0.74, with a lower responsiveness by
Csereklyei (1960-2010 by | energy use, with GDP, | residences and agriculture (0.33 and 0.50) and a higher effect for transport
(2016) decades) gasoline price, temperature, | (0.86), industry (0.88), other (0.98) and services (1.08).
precipitation, land and | Gasoline price elasticity is -0.28
population used as the
explanatory variables.
Chang et al., 16 industries from 20 | Energy consumption, | Short-term price elasticities of the total final energy consumption ranged from
(2019) OECD countries value-added, and energy- | —0.010 to —0.151. Long-term price elasticity estimates ranged from —0.047 to
(1978 —2013) price index —0.234. The long-term price elasticities for energy-intensive groups range from
-0.128 to -0.529.
Csereklyei, European Union Sectoral Electricity Price, | Long-run price elasticity for residential electricity is between -0.53 and -0.56,
(2020) (1996 — 2016) GDP per capita, population | while for industry, it is between -0.75 and -1.01. Long-run income elasticity is

density,
precipitation,
Environmental tax.

temperatures,
and

around 0.61 for residential and between 0.76 and 1.08 for industrial.

Dahl (2012)

Global
countries)
(1990-2007)

(100+

Gasoline and diesel prices,
income per capita,
urbanization, labour force

Gasoline price elasticities range between -0.11 and -0.33, while diesel price
elasticities range between -0.13 and -0.38. Income elasticities ranged between
1.26 and 0.66.
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participation, industrial
production, price of transit,
etc.

Gao et al.,
(2021)

65 countries
(1960 - 2016)

Income (GDP per capita),

total final energy
consumption (energy
demand) and Price

(residential index)

Income elasticity is generally in the range of 0.6 to 0.8. Price elasticity ranges
between —0.1 to —0.3. Income elasticity has been declining since the 1990s.

Huntington et al.

Lower-income

Prices and income

Price and income elasticities for liquid fuels are generally less than one, except

(2019) industrializing for the long-run income effect for transportation, which can range widely by
economies (Brazil, country between 0.24 and 1.75, averaging 0.94 for all countries.
China, India,
Mexico, Russia)
(Empirical  studies
after 2000)
Liddle & 37 OECD and 41 | Total energy consumption, | Taking the average of all the regressions, GDP elasticity is between 0.6 and
Huntington non-OECD countries | end-use energy prices, and | 0.7 for OECD countries, and likewise 0.7 for non-OECD countries; however,
(2020) (1960 —2016) GDP per capita it is only sometimes below one at a high level of statistical significance. The
average price elasticity for OECD countries is between -0.2 and -0.3; it is, on
average, negative, but highly statistically insignificant, for non-OECD
countries.
Okwoche & 8 CEE countries | Stochastic energy demand | Output elasticity is 0.82, with 0.20 for less energy-intensive sectors and a non-
S¢asny (forthc.) | (CZ, EE, HU, LT, | frontier analysis, with | significant estimate for energy-intensive sectors. Energy price elasticity is -
LV, PL, RO, SK, SI) | lagged explanatory | 0.32, with -0.34 for the former and -0.25 for the latter.
(2012-2020) variables
Tran et al. India Per  capita  electricity | The long-run price elasticity is smaller than one in absolute value for the
(2023) (1981 —2020) consumption, per capita | aggregate sector (—0.606), the residential sector (—0.83), and the industrial sector

income, electricity prices

(—0.63), but it is statistically insignificant for the commercial sector

van Benthem &
Romani (2009)

24 non-OECD
countries and three
(3) sectors

Total final consumption
(TFC), sectors. GDP per

The income elasticity of energy demand is high and increases with income.
Price elasticity of energy demand increases with the price level and is more
responsive to end-use price than international oil price changes.
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(1978 —2003)

capita, End-use prices
index, Oil price index

Wang et al.
(2021)

China, 32 industries
(1995 —2015)

Weighted total energy price

The yearly weighted average price elasticity increased over the sample period
from —0.586 to —0.759. Sectoral price elasticities of demand ranged from 0.03
to 0.97, with a sample mean of —0.658.
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Table 2. Descriptive Statistics

Mean Standard Minimum Maximum Observation

Deviation

Energy Demand 759.760 1,189.830 1.000 6929.000 1920
Sectoral Output 19,206.550 57,899.200 0.800 473,273.440 1920
Energy Prices 483.750 275.070 42.000 1,783.490 1920
Energy-saving 1,103.550 4,566.040 0.050 54,630.220 1920
Investment

Research & 60.110 249.380 0.000 3,417.470 1920
Development

Table 3. Test for slope homogeneity

Delta p-value
Model 1: 11.311 0.000
Model 2: 6.324 0.000

Note: Null hypothesis: slope coefficients are homogenous; Model 2 differs from 1 in that it includes R&D

Table 4. Estimates of the exponent of Cross-sectional dependence (CSD) (Bailey et al.,
2016, 2019)

Variable Alpha Standard error 95% CI1

D.Energy Demand 0.472 0.044 0.385-0.559
Lag Energy Demand 0.717 0.036 0.647-0.787
Sectoral Output 0.967 0.036 0.896-1.040
Energy Price 0.803 0.015 0.772-0.833
Energy-savings Investment 0.927 0.031 0.867-0.987
Research & Development 0.925 0.045 0.835-1.010

Table 5. Weak Cross-sectional dependence (CSD) test (Ditzen, 2018, 2019)

Variable CSD p-value N T
D.Energy Demand 20.719 0.000 80 23
Lag Energy Demand 4.558 0.000 80 23
Sectoral Output 94.770 0.000 80 24
Energy Price 13.210 0.000 80 24
Energy-savings

Investment 67.960 0.000 80 24
Research &

Development 64.810 0.000 80 24




Table 6. Results for Mean group estimations

Variables MG - Baseline CCE-MG DCCE-MG MG-ECM
A) (B) © (D)
Lag Dependent Variable 0.259%%**
(0.036)
Sectoral Output (0.235%** 0.351%** 0.323%** 0.436
(0.077) (0.079) (0.084) (0.302)
Energy Price -0.305%** -0.387%** -0.417%%* -0.438***
(0.08) (0.071) (0.072) (0.151)
Energy-savings Investment 0.314%** 0.226** 0.194* 1.569*
(0.121) (0.111) (0.113) (0.808)
Research & Development -0.205* -0.130 -0.123 -1.556*
(0.116) (0.108) (0.101) (0.910)
Constant 3.358%** 0.220 -1.672 -2.995
(0.923) (2.375) (2.786) (4.473)
Short-run estimation
Error Correction Term (ECT) -0.56%**
(0.042)
D.Sectoral Output 0.072
(0.092)
D.Energy Price -0.016
(0.057)
D.Energy-savings Investment 0.050
(0.134)
D.Research & Development -0.086
(0.101)
RMSE 0.180 0.110 0.130 0.150
Cross-sectional dependence test  3.700 [0.000] 1.530[0.130] 0.890 [0.370] 1.210[0.230]
Wald test (joint sig) 38.200 [<0.010] 84.100 [<0.010] 1.590 [<0.010] 1.560 [0.000]
Observations 1920 1920 1760 1840

Standard errors are in parentheses; *** p<0.010, ** p<0.050, * p<0.100; Whereas the baseline MG estimator A assumes no
cross-sectional dependence, the alternative estimators B and C assume cross-sectional dependence and control for it; variables
with “D.” refer to the short-run estimates, RMSE denotes the root mean square error;, ECT is the error correction term which
determines the speed of adjustment. Energy demand as a dependent variable represents total energy consumption across all
sectors, measured in thousand tonnes of oil equivalent (thousand toe). Sectoral output denotes gross economic output at the
sectoral level, measured in 2010 million euros (mEUR). Energy price captures the weighted average of sector-specific energy
carrier prices, measured in euros per toe. Energy-saving investment refers to gross fixed capital formation by sector to energy-
saving technologies, measured in 2010 mEUR. Research & development indicates sectoral expenditure on research and
development, also measured in 2010 mEUR.
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Table 7. Country-by-country estimations

CCE-MG DCCE-MG
CZ LT PL RO SI CZ LT PL RO SI
Lag Dependent 0.168*  0.198***  (.172%*  0.346%** 0.147*
Variable (0.087)  (0.064) (0.070) (0.118) (0.085)
Sectoral Output 0.359 0.269**  0.396%*  433%**  (0278* | 0.378*%  0.354%**  0.667***  (.557%** 0.315%*
(0.284)  (0.136) (0.172) (0.141) (0.146) | (0.213)  (0.098) (0.2006) (0.152) (0.169)
Energy Price -0.580**  -0.239*  -0.430*** -0.419* -0.308 | -0.231 -0.278*  -0.446%*** -0.294  -0.493%*x*
(0.258)  (0.129) (0.1406) (0.225) (0.189) | (0.306)  (0.160) (0.114) (0.283) (0.173)
Energy-savings -0.088 0.076 0.055 0.132 0.114 | -0.290 0.013 0.015 0.150 0.190
Investment (0.140)  (0.050) (0.067) (0.091) (0.198) | (0.199)  (0.030) (0.073) (0.102) (0.243)
Research & 0.128 -0.032 -0.026 -0.014  -0.178 | 0.274 0.007 0.036 0.066 -0.249
Development (0.128)  (0.033) (0.024) (0.083) (0.191) | (0.315)  (0.029) (0.047) (0.080) (0.247)
Constant 1.921 -0.576 1.852 0418  -2.113 1.230 -1.315 2.600 -3.740 -3.084
(2.954)  (3.051) (1.771) (2.300) (3.744) | (1.793)  (2.620) (1.730) (2.330) (4.492)
Observations 384 384 384 384 384 352 352 352 352 352

Standard errors are in parentheses; *** p<0.010, ** p<0.050, * p<0.100; CZ, LT, PL, RO, and SI represent country codes for the Czech
Republic, Lithuania, Poland, Romania, and Slovenia. Energy demand as a dependent variable represents total energy consumption across
all sectors, measured in thousand tonnes of oil equivalent (thousand toe). Sectoral output denotes gross economic output at the sectoral
level, measured in 2010 million euros (mEUR). Energy price captures the weighted average of sector-specific energy carrier prices,
measured in euros per toe. Energy-saving investment refers to gross fixed capital formation by sector to energy-saving technologies,
measured in 2010 mEUR. Research & development indicates sectoral expenditure on research and development, also measured in 2010

mEUR
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Appendix A
Appendix Al - Supplementary Estimation Details

Common Factor Framework

Our results in Table 5 present an unusually high cross-sectional dependence (CSD) level, which
suggests that a common factor framework should be adopted to account for the unobserved factors
influencing the dataset. We follow the framework proposed by Eberhardt (2012), Eberhardt and
Teal (2010), and Coakley et al. (2006) to model the unobserved common factors that contribute to
CSD. In this framework, the error component u;; in equations (1) and (2) is decomposed into
unobserved fixed effects and error terms that capture common factors. This decomposition allows
us to control for the influence of these unobserved factors in the regression model.

Basic panel estimators, such as two-way fixed effects (2FE), address cross-sectional
dependence by including period dummies or fixed effects under the assumption that common
shocks affect all units similarly. However, this assumption is often too restrictive. The Driscoll and
Kraay (1998) method adjusts standard errors for cross-sectional dependence but does not address
potential bias and inconsistency in the estimates. In contrast, the Mean Group (MG) estimator,
Pesaran and Smith (1995), averages unit-specific coefficients, avoiding the pooling assumption.
However, it does not directly account for cross-sectional dependence. While the Mean Group
estimator is robust to slope heterogeneity, it assumes that cross-sectional dependence is absent or
that a linear trend can capture unobserved factors. To better address cross-sectional dependence,
the Common Correlated Effects Mean Group (CCE-MG) estimator (Pesaran, 2006) incorporates
cross-sectional averages of the regressors and dependent variables, effectively controlling for
unobserved common factors.

However, the Dynamic CCE-MG estimator (Chudik & Pesaran, 2015) further refined this
approach by explicitly modelling lagged dependencies in the common factors. This method
provides a more accurate model by incorporating the dynamic aspects of the cross-sectional

dependencies, ensuring both efficiency and consistency.

Handling of Large N and Large T Panels

Although the cross-sectional dimension of our baseline panel dataset is more than three times the
time dimension (N=80, T=24), we classify it as a large N, large T panel, following the criteria
established in the literature (e.g., Eberhardt, 2012). This classification allows for group-by-group
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estimation. The Mean Group estimators are particularly suited for "moderate-T, moderate-N macro
panels," as noted by Eberhardt (2012), and for this study, the conditions are met for such an
estimation. To test the robustness of our results, we also create a smaller dataset by aggregating the
data into five major sectors—construction, manufacturing, own use, transportation, and other
industries—resulting in a panel dataset with N=25 and T=24. This compression allows us to assess
whether sample size affects our results. When incorporating a lagged dependent variable in the
dynamic specification, the time dimension reduces to T=23. Furthermore, including both the levels
and lags of cross-sectional averages in dynamic panels further reduces the time dimension to T=22

but still provides a sufficiently large time dimension for the Mean Group estimations.

Stationarity and Cointegration Tests

To ensure the validity of our estimations, we conduct tests for stationarity using first- and second-
generation panel-data unit root tests. In the first category, we apply the Im et al. (2003) test, which
is more flexible than alternative tests like the Breitung (2005) test, as it allows for different
autoregressive parameters across panels. For second-generation tests, we use the extension of the
IPS test proposed by Pesaran (2007), which accounts for cross-sectional dependence. The results
of these tests, reported in Appendix Table B3, show that sectoral energy use and activity levels are
stationary in the first differences (I(1)), while variables like energy-saving investment, energy
price, and R&D are stationary in levels.

Cointegration is tested using both first-generation (Westerlund, 2005) and second-
generation approaches (Westerlund, 2007). The first-generation test allows for the subtraction of
panel-specific averages to mitigate cross-sectional dependence. Also, the second-generation test
employs an error correction framework with bootstrapped p-values robust to cross-sectional
dependence. The results of these tests, shown in Appendix Table B4, confirm the existence of
cointegration between the I(1) variables (energy use and activity levels). The results imply that
these variables move together in the long run, which is crucial for our analysis of the long-term
effects of energy prices, sectoral output, energy-saving investment, and R&D on energy

consumption.

Common Factor Framework Specification

To model the unobserved common factors, we use the following system of equations:

Eije = XiBi + wjq “4)
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Uije = Tij + 6jjft + €ijie (5)

Xije = mij + O ft +pi;gc + Vije (6)

In equation (4), E;;; represents the dependent variable, and X;; is the vector of observed regressors.
B; 1s a vector of sector-specific coefficients for the regressors. Equation (5) further shows that the
composite error term u;j, includes panel-specific fixed effects (z;;), capturing the time-invariant
heterogeneities, the unobserved factor structure (f;j¢), whose coefficients (6;;) denote the factor
effects comprising the time-varying heterogeneities and cross-sectional dependence, and the
idiosyncratic error terms ¢;;;. The regressors specification in (5) presents X;j; the linear functions
of the unobserved common factors f; and g, whose factor loadings are panel-specific. The
presence of these factor loadings in (5) and (6) induces endogeneity as changes in E;;; and X;; are
being driven by some of the same common factors, making it difficult to identify g, apart from the
factor loadings (Eberhardt, 2012; Eberhardt & Teal, 2010; Coakley et al., 2006). Equation (6)
specifies the evolution of the unobserved common factors, including the possibility of nonlinearity
and nonstationary.

If unobserved common factors are nonstationary (I (1)), they can prevent cointegration. In
such cases, spurious regressions may arise because the covariance between errors and regressors
does not diminish with larger time dimensions (T). While individual time series regressions under
these conditions are unreliable, panel data methods, as shown by Phillips and Moon (1999) and
Kao (1999), can yield consistent estimates of average effects as the cross-sectional dimension (N)

grows, averaging out the noise.
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Appendix B

Appendix Table B1 — Description of variables and measurement

Variable

Measurement

Data Source

Energy Demand

Sectoral Output

Energy Price

Energy-savings
Investment

Research &
Development

Total energy consumption across all sectors in
thousand tonnes of oil equivalent (thousand
toe)

Gross economic output for most sectors (total
production within a sector) (2010 mEUR)

Weighted average of sectoral energy carrier
prices (in euros per toe)

Gross Fixed capital formation by sector to
energy-saving technologies (2010 mEUR)

R&D expenditure by sectors (2010 mEUR)

IEA Energy Balances
(1995-2018)

OECD National Accounts
(1995-2018)

IEA Energy Statistics
(1995-2018)

OECD National
Accounts, OECD STAN
database

(1995-2018)

Eurostat, OECD STAN
database

(1995-2018)

Appendix Table B2 — List of the sample of 16 energy sectors and fuel types

Energy Sector (Fuel Users) Fuel Types

1. Manufacturing 3. Transportation Hard coal
Textiles, Clothes & Footwear ~ Road Transport Other coal
Non-Metallic Rail Transport Crude oil
Food & Drinks Air Transport Heavy fuel oil
Iron & Steel Middle distillates
Paper & Pulp 4. Own Use Other gas
Chemicals Power Own Use Natural gas

Energy Own Use Electricity
2. Civil Works Ore extra Heat
Construction Other Final Own Use Combustible waste
Engineering Biofuels

5. Other Industries Hydrogen

Other industrial users
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Table B3. Unit root test

In levels
First generation Second generation

Variable Test statistic p-value Test Crit value

statistic (5%)
Energy Demand -0.154 0.439 -1.649 -2.160
Sectoral Output -0.321 0.374 -2.019 -2.160
Energy Price -2.123* 0.017 -2.549%* -2.160
Energy-saving Investment -5.763* 0.000 -2.451%* -2.160
Research & Development -1.058 0.145 -2.285%* -2.160

In first difference

Energy Demand -8.957* 0.000 -4.647* -2.160
Sectoral Output -5.348* 0.000 -4.209* -2.160

Note: Unit root tests indicate stationarity at first differences for all variables. Variables marked with * are
stationary at the 5% level. Second-generation tests account for cross-sectional dependence.

Table B4. Cointegration test results

Statistic Value
Westerlund (2005)

All panels -2.906**
Westerlund 2007 with CSD robust standard errors

Gt -1.864 **
Ga -7.108**
Pt -11.560**
Pa -3.797**

Note: Westerlund (2007) test employs bootstrap techniques in calculating the standard errors in the presence
of cross-sectional dependence. ** indicates significance at the 5% level.



Appendix C

Appendix Table C1. Robustness Check using a compressed sample: Mean group
estimations

Variables MG CCE-MG DCCE-MG
Lag Dependent Variable 0.228%**
(0.060)
Sectoral Output 0.121 0.254* 0.191*
(0.103) (0.130) (0.108)
Energy Price -0.229%** -0.273%%* -0.303%**
(0.094) (0.076) (0.090)
Energy-saving Investment 0.196** 0.149%** 0.116**
(0.079) (0.058) (0.047)
Research & Development -0.052 0.025 0.022
(0.043) (0.022) (0.025)
Constant 14.750%** 0.729 -1.824
(5.328) (4.630) (7.253)
RMSE 0.380 0.210 0.240
Cross-sectional dependence test 2.640 [0.010] -1.380 [0.170] -1.430[0.150]
Wald test (joint sig) 32.900 [<0.010] 31.800[<0.010] 2.320 [<0.010]
Observations 600 600 550

Standard errors are in parentheses;, *** p<0.010, ** p<0.050, * p<0.100;, Whereas the baseline MG estimator
assumes no cross-sectional dependence, the alternative estimators, CCE-MG and DCCE-MG, assume cross-sectional
dependence and control for it; RMSE denotes root mean square error;, Compressed sample recategorizes the full
sample into 5 sectors (namely civil works, manufacturing, own use, transportation and other industries) for 5 countries
spanning 1995-2018. Energy demand as a dependent variable represents total energy consumption across all sectors,
measured in thousand tonnes of oil equivalent (thousand toe). Sectoral output denotes gross economic output at the
sectoral level, measured in 2010 million euros (mEUR). Energy price captures the weighted average of sector-specific
energy carrier prices, measured in euros per toe. Energy-saving investment refers to gross fixed capital formation by
sector to energy-saving technologies, measured in 2010 mEUR. Research & development indicates sectoral
expenditure on research and development, also measured in 2010 mEUR.
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Appendix Table C2. Robustness checks including the lag of the regressors

MG CCE-MG DCCE-MG
Lag Dependent Variable 0.215%%**
(0.046)
Sectoral Output 0.147* 0.222%%* 0.219*
(0.077) (0.085) (0.114)
Energy Price -0.194 % -0.196%** -0.007
(0.062) (0.048) (0.063)
Energy-saving Investment 0.293 % 0.034 -0.039
(0.109) (0.077) (0.089)
Research & Development -0.187* 0.090 0.109
(0.110) (0.058) (0.075)
Constant 3.504*** 1.440 -0.798
(0.898) (1.593) (2.059)
Observations 1840 1840 1760

Standard errors are in parentheses; *** p<0.010, ** p<0.050, * p<0.100. Energy demand as a dependent
variable represents total energy consumption across all sectors, measured in thousand tonnes of oil equivalent
(thousand toe). Sectoral output denotes gross economic output at the sectoral level, measured in 2010 million
euros (mEUR). Energy price captures the weighted average of sector-specific energy carrier prices, measured
in euros per toe. Energy-saving investment refers to gross fixed capital formation by sector to energy-saving
technologies, measured in 2010 mEUR. Research & development indicates sectoral expenditure on research

and development, also measured in 2010 mEUR.
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Appendix Table C3. Fixed effect estimations result

Assumes independence

Assumes CSD
One-way Two-way FE  One-way FE Two-way FE

FE
Sectoral Output 0.137%* 0.236** 0.137%%** 0.236%**
(0.081) (0.092) (0.038) (0.044)
Energy price -0.101** -0.105** -0.1071%*** -0.105%**
(0.049) (0.050) (0.026) (0.028)
Energy-saving Investment ~ 0.133%** 0.123%* 0.133%** 0.123%**
(0.050) (0.047) (0.016) (0.021)
Research & Development -0.024 0.000 -0.024%** 0.000
(0.034) (0.031) (0.009) (0.010)
Constant 4.3]18%*** 3.738%** 4.318%*** 3.588%**
(0.702) (0.786) (0.307) (0.323)
Rsquared 0.530 0.510 0.530 0.510
Panel fixed effects Yes Yes Yes Yes
Time fixed effects No Yes No Yes
Observations 1920 1920 1920 1920

Robust standard errors are in parentheses; *** p<0.010, ** p<0.050, * p<0.100; the first two columns assume
no cross-sectional dependence; Columns 3-4 employ the Driscoll-Kraay (1998) standard errors, which are
robust to cross-sectional dependence. Energy demand as a dependent variable represents total energy
consumption across all sectors, measured in thousand tonnes of oil equivalent (thousand toe). Sectoral output
denotes gross economic output at the sectoral level, measured in 2010 million euros (mEUR). Energy price
captures the weighted average of sector-specific energy carrier prices, measured in euros per toe. Energy-
saving investment refers to gross fixed capital formation by sector to energy-saving technologies, measured in
2010 mEUR. Research & development indicates sectoral expenditure on research and development, also

measured in 2010 mEUR.
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Appendix Table C4. Robustness Check on the impact of EU membership on energy demand

Variables DCCE-MG
Lag dependent variable 0.201%*%*
(0.044)
Sectoral Output 0.371%**
(0.085)
Energy Price -0.482%#*
(0.079)
Energy-saving Investment 0.214
(0.138)
Research & Development -0.155
(0.129)
EU membership 0.128%*
(0.074)
Constant -2.362
(3.314)
RMSE 0.130
Cross-sectional dependence test 0.890[0.371]
Wald test (joint sig) 1.320 [<0.010]
Observations 1760

Standard errors are in parentheses; *** p<0.010, ** p<0.050, * p<0.100; the DCCE-MG estimator assumes
cross-sectional dependence and controls for it; RMSE denotes the root mean square error. Energy demand as a
dependent variable represents total energy consumption across all sectors, measured in thousand tonnes of oil
equivalent (thousand toe). Sectoral output denotes gross economic output at the sectoral level, measured in 2010
million euros (mEUR). Energy price captures the weighted average of sector-specific energy carrier prices,
measured in euros per toe. Energy-saving investment refers to gross fixed capital formation by sector to energy-
saving technologies, measured in 2010 mEUR. Research & development indicates sectoral expenditure on
research and development, also measured in 2010 mEUR.
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