
Vol.:(0123456789)

Journal of the Knowledge Economy
https://doi.org/10.1007/s13132-024-01770-x

1 3

Energy Consumption and Human Capital: Does Human 
Capital Stimulate Renewable Energy? The Case of Greece

Panagiotis Pegkas1,2 

Received: 14 January 2023 / Accepted: 11 January 2024 
© The Author(s) 2024

Abstract
This paper aims to empirically examine the relationship between energy consump-
tion and human capital in Greece, using annual data from 1990 to 2021. Due to the 
availability of the data, we use the autoregressive distributive lag (ARDL) approach, 
which is more reliable for studies with small samples. The results indicate that 
human capital substantially negatively affects energy consumption in the long and 
short run. When splitting aggregate energy consumption into renewable and non-
renewable our findings suggest that human capital stimulates renewable energy con-
sumption and reduces non-renewable energy consumption. Moreover, we find that 
a higher level of human capital arises from increasing the share of the advanced-
educated population, and technological progress reduces non-renewable energy 
consumption and increases renewable energy consumption. Policymakers in Greece 
should consider that investing in human capital could be the key for the country to 
reduce energy consumption and achieve a sustainable growth level by replacing pol-
luting fuels with clean energy sources in the energy mix.

Keywords  Energy consumption · Human capital · Renewable energy · Greece
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Introduction

One of the global issues that researchers and policymakers are increasingly paying 
attention to is the impact of energy consumption on the environment and economic 
growth. Concerns about the harmful effects of excessive fossil fuel energy consump-
tion have mainly focused on the current threat of climate change and global warming. 
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The energy transition from non-renewable (pollutants) to renewable (clean) sources 
is a widely accepted solution to environmental pollution and global warming. The 
importance of the transition to a renewable energy matrix is formulated in the seventh 
Sustainable Development Goal (SDG7) and the Paris Agreement. However, the tran-
sition must speed up considerably and broaden its scope to achieve SDG 7, align with 
the goals of the Paris Agreement on global climate change, and implement the 2030 
Agenda for Sustainable Development. The energy goal of the European Union (EU) 
is the reduction of net greenhouse gas emissions by at least 55% by 2030 compared 
to 1990, by increasing substantially the production of renewable energy sources. In 
2022, EU Member States agreed to set a new binding EU-level target, from the cur-
rent target of 32% to 40% of energy from renewable sources in the overall energy mix 
by 2030, which is to be updated in 2023 and 2024.

Since environmental sustainability and economic growth have become increasingly 
important policy concerns in recent years, the link between energy consumption and 
economic growth is a major issue for the formulation of optimal energy and environ-
mental policies. While energy consumption increases economic growth, the use of fos-
sil energy sources contributes to greenhouse emissions. As a result, researchers have 
focused attention on the factors that affect energy consumption and economic growth. 
One potential factor that affects economic growth and energy consumption is human 
capital. Human capital has long been recognized as a basic contributor to economic 
growth (Schultz, 1961; Denison, 1962; Lucas, 1988; Barro, 1991; Mankiw et al., 1992; 
Benhabib & Spiegel, 1994; Barro & Sala-i-Martin, 1995; Sianesi & Van Reenen, 2003; 
Psacharopoulos & Patrinos, 2004; De la Fuente & Domenech, 2006; Aghion & Howitt, 
2009). Human capital boosts labor productivity and thus transitional growth to a higher 
equilibrium output level (Mankiw et al., 1992). Also, human capital increases the inno-
vative power of an economy, as well as, the knowledge of new technologies, products, 
and processes that promote sustainable economic growth (Romer, 1990; Jones, 1995; 
Benhabib & Spiegel, 2005; Vandenbussche et al., 2006, Ang et al., 2011).

Besides economic growth, human capital generates significant fluctuations in energy 
consumption through different channels (Salim et al., 2017; Yao et al., 2019). Though 
the energy consumption-economic growth link is far from conclusive within the rele-
vant literature, many empirical findings indicate a positive relationship between them in 
several countries (Ozturk, 2010; Payne, 2010; Smyth & Narayan, 2015). In this respect, 
an increase in energy consumption may have been prompted by an increase in income 
brought about by an improvement in human capital, which is a fundamental input in the 
production function. Therefore, human capital is a channel that may influence energy 
consumption indirectly by contributing to economic growth.

Additionally, human capital may directly influence energy consumption. A higher 
human capital stock means the development of knowledge, skills, competencies, and 
health embodied in individuals would lead to a better understanding of the importance 
of environmental and energy sustainability (Gelegenis & Harris, 2014; Kandpal & 
Broman, 2014). Empirical evidence shows that better-educated individuals are more 
environmentally aware, buy environment-friendly products, continuously advocate 
environmental protection, accept strict environmental regulations, and ultimately, con-
sume less energy (Pachauri & Jiang, 2008; Démurger & Fournier, 2011; Lynn, 2011; 
Li & Lin, 2016; Broadstock et al., 2016, Li & Wang, 2018). There is also evidence 
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that firms with better-educated staff are more energy efficient (Cole et al., 2008; Lan & 
Munro, 2013; Cagno & Trianni, 2013). In addition, human capital promotes the devel-
opment of new technologies that are energy efficient and helps a country to reduce 
energy consumption (Fang & Chang, 2016; Li & Lin, 2016; Lin et al., 2023). Tech-
nological progress, resulting from human capital accumulation, is expected to have 
a positive effect on renewable energy (Awaworyi Churchill et al., 2019; Kostis et al., 
2023) and an opposite effect on non-renewable energy consumption (Elliott & Shan-
shan, 2008; Cagno & Trianni, 2013; Sinha et al., 2020).

This study aims to address several questions regarding the effect of human capital 
on energy consumption performance and to discuss its policy implications: What 
is the impact of human capital on energy consumption in the long-run and short-
run? How do aspects of different human capital indexes affect energy consumption? 
Do the results differ depending on the population’s level of education? Can human 
capital through technological progress promote the transition from non-renewable to 
renewable energy sources? We answer these questions for the Greek economy over 
the period 1990–2021. The empirical findings reveal that human capital reduces 
aggregate energy consumption in the long-run and short-run. Splitting into renew-
able and non-renewable energy consumption, human capital reduces non-renewa-
ble energy consumption and increases renewable energy consumption. The strong 
robustness of the results is due to the persistence of these relationships using dif-
ferent indexes of human capital. Moreover, we find that the benefits from human 
capital arise from increasing the share of the advanced-educated working-age popu-
lation. Also, we find that patents in the energy sector reduce aggregate and non-
renewable energy consumption while boosting renewable energy consumption.

We have chosen Greece as the research subject not only because of its rapid growth 
in both human capital and energy consumption over the last decades but also because 
it is one of the most fossil fuel-dependent countries in the European Union. Never-
theless, in the last years, Greece has exhibited a high level of utilizing renewables as 
energy production from clean sources is growing fast (Eurostat, 2022a). The growth 
patterns of energy consumption and economic growth in Greece over the examined 
period are quite similar. Gross Domestic Product (GDP) and energy consumption have 
expanded rapidly and increased by 68% and 98% in 2007, respectively, compared with 
1990. However, after 2008, GDP and energy consumption had a significant fall due to 
the global financial crisis. Also, the delay in the implementation of the reforms in the 
sector of renewable energy sources during the economic crisis was addressed by new 
legal and financial incentives that were the tools of the government’s strategy to sup-
port renewable energy technology investments and catch up with the renewable energy 
targets. In 2016, the Ministry of Energy, in cooperation with the Regulatory Author-
ity for Energy (RAE), adopted Law 4414/2016 as new support for renewable energy 
resources. In May 2020, Law 4685/2020 concerns the modernization of environmen-
tal legislation and the incorporation into Greek legislation of Directives 2018/844 and 
2019/692 of the European Parliament and Council. In 2020, Greece exceeded the target 
set for the participation of RES in the energy mix. According to Eurostat1, RES pen-
etration increased significantly to 21.7% and has almost tripled compared with 1990.

1  Data is available in the Eurostat dataset: dataset [code: nrg_ind_ren]
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Also, in Greece, social demand for tertiary education has increased rapidly dur-
ing the last three decades, and the public educational structures of all levels have 
been expanded (Pegkas & Tsamadias, 2014). In 2021, 35% of adults (25–64) and 
44% of young adults (25–34) have completed tertiary education, compared to just 
11% and 17%, respectively, in 1990 (OECD 2022b). The percentages of adults and 
young adults are close to the EU average (38%, 46%) and the OECD average (41%, 
47%). Furthermore, the Hellenic Authority for Higher Education (2020) reports that 
Greece has the largest number of university students per capita (7.4%) in the Euro-
pean Union (3.8%).

This paper contributes to the empirical literature in several ways. Most of the lit-
erature has only considered the connection between aggregate energy consumption 
and human capital. Therefore, this paper aims to fill this gap in the literature by 
distinguishing between the effects of human capital on renewable and non-renewa-
ble energy consumption. Also, we use different indexes and indicators as proxies of 
human capital stock and investigate their effects on aggregate, non-renewable, and 
renewable energy consumption. Moreover, we explicitly consider the effects of dif-
ferent levels of human capital, analyzing separately the impact of higher-educated 
and less-educated people on aggregate, non-renewable, and renewable energy con-
sumption. Furthermore, we examine the impact of technological progress on aggre-
gate, non-renewable, and renewable energy consumption. Finally, to our knowledge, 
it is the first study that performs such an analysis of the relationship between human 
capital and energy consumption in Greece. This facet of the relationship between 
human capital and energy consumption potentially could not only be critical for 
addressing gaps in the existing literature but also could serve as a guiding beacon for 
policy implications and future research.

The rest of the paper is structured as follows: “Literature Review” presents the 
literature review, while “Methodology” and “Data Set” present the methodology 
and describe the dataset, respectively. “Econometric Analysis” presents the empiri-
cal findings. Finally, “Conclusion and Policy Implications” offers some concluding 
remarks and possible policy implications.

Literature Review

The literature has extensively examined the issue of energy consumption. Most 
empirical studies have mainly focused on the relationship between energy consump-
tion (aggregate, renewable and non-renewable) environmental pollution and eco-
nomic growth (Apergis & Payne, 2010a, Ozturk, 2010; Payne, 2010; Tugcu et al., 
2012; Apergis & Payne, 2012; Salim et al., 2014; Smyth & Narayan, 2015; Dogan, 
2016; Gozgor et al., 2018; Ntanos et al., 2018; Pegkas, 2020; Caporale et al., 2021; 
Menegaki, 2021). Most research findings reveal that economic growth is positively 
associated with energy consumption and environmental pollution. Other studies 
have investigated the relationships between energy consumption and environmental 
pollution (Apergis & Payne, 2010b; Shafiei & Salim, 2014; Dogan & Seker, 2016; 
Inglesi-Lotz & Dogan, 2018; Ahmadi & Frikha, 2023). They conclude that energy 
consumption from fossil fuel sources is the major contributor to environmental 
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pollution. In contrast, renewable energy sources are the primary solution to the 
problems associated with environmental pollution and climate change.

In the empirical literature, the effect of human capital on energy consumption has 
been analyzed at the micro and macro levels. The relevant literature that has focused 
on the effect of human capital on energy consumption at the micro level suggests 
that better-educated individuals and households, as well as firms with a greater 
intensity of human capital, have a better energy performance and consume less 
energy (Pachauri & Jiang, 2008; Cole et al., 2008; Blackman & Kildegaard, 2010; 
Démurger & Fournier, 2011; Cagno & Trianni, 2013; Lan & Munro, 2013; Chai & 
Baudelaire, 2015; Broadstock et al., 2016; He & Reiner, 2016; Khanna et al., 2016; 
Yang et al., 2017).

Another part of the empirical literature focuses on the macro level. Pablo-Romero 
and Sánchez-Braza (2015), for a panel set of 38 countries over the period 1995–2007, 
found significant substitutability between energy consumption and human capital. 
This result indicates that a higher human capital could be an effective strategy for 
reducing energy use. Fang and Chang (2016) for 16 Asia-Pacific countries for the 
1970–2011 period found the existence of a cointegration relationship between human 
capital, energy consumption, and economic growth but an insignificant effect of 
human capital on energy consumption. Salim et al. (2017), for the case of China over 
the period 1990–2010, found that an improvement in human capital by 1% reduces 
energy consumption from 0.18 to 0.45%. Akram et al. (2019) investigated the case 
of India over the period 1990–2010 and found that an improvement in human capi-
tal by 1% reduces energy consumption by 1.69%. Shahbaz et al. (2019) found that 
human capital reduces energy consumption by 0.11% in the USA over the period 
1975–2016. Soukiazis et al. (2019) for a panel set of 28 OECD countries over the 
period 2004–2015 found that tertiary education positively impacts renewable energy 
consumption in the short and long-run by 0.06% and 0.32%, respectively. Yao et al. 
(2019) investigated the relationship between human capital and aggregate, renew-
able, and non-renewable energy consumption for 18 OECD countries over the period 
1965–2014. The results suggest that a one standard deviation increase in human 
capital reduces aggregate and non-renewable energy consumption by 15.36% and 
17.33%, respectively, while enhancing renewable energy consumption by 85.54%. 
Akram et al. (2020) employ data from a panel of 73 countries over the period 1990 to 
2014 and found that an increase of human capital by 1% reduces energy consumption 
by 0.21% for the aggregate sample and the region of countries by a range between 
0.85 and 1.81%. Fang and Wolski (2021) investigate the relationship between human 
capital and energy consumption in China over the period from 1965 to 2014. The 
results suggest that there is a unidirectional causality running from human capital 
to energy consumption. Alvarado et al. (2021) for a panel set of 27 developed mem-
ber countries of the OECD during the period 1980–2015 found that human capital 
stock reduces non-renewable energy consumption. Jamshid et  al. (2022) examined 
the relationship between education and renewable energy consumption in 5 South 
Asian countries for the period 1995–2015. The findings reveal that an improvement 
in human capital by 1% boosts renewable energy consumption by 0.73%. Shahbaz 
et al. (2022) examine the link between human capital and aggregate, renewable and 
non-renewable energy consumption in China over the period 1971–2018. The results 
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suggest that an increase in human capital by 1% reduces aggregate and non-renewable 
energy consumption by 1.05% and 0.89%, respectively, while enhancing renewable 
energy consumption by 2.18%. Ozcan et al. (2022), for the case of Turkey over the 
period 1980–2017, found that a 1% improvement in human capital stock increased 
renewable energy consumption by 2.35%. Also, other studies have considered the 
heterogeneous effects of different levels of human capital on energy consumption. 
They confirm that advanced human capital obtained through tertiary education has 
a different effect on energy consumption than basic human capital obtained through 
primary and secondary education (Li & Wang, 2018; Yao et al., 2019).

In summary, most studies that have examined the effect of human capital on 
energy consumption at the macro level have found that human capital has a positive 
effect on renewable energy consumption. On the other hand, they found a negative 
relationship between human capital and aggregate energy consumption as well as 
non-renewable energy consumption. Most studies focus on a sample of many coun-
tries, especially OECD countries, while a few studies have examined the case of a 
single country, especially China. Thus, the literature has failed to examine this issue 
in the case of a European country and especially a country member of the European 
Union. Also, most studies do not examine the impact of human capital on renewable 
and non-renewable energy consumption separately and do not use different proxies 
for human capital to obtain comparable results.

Methodology

Our model follows that employed in previous empirical studies (see, e.g., Pablo-
Romero & Sánchez-Braza, 2015; Li & Lin, 2016; Salim et  al., 2017; Yao et  al., 
2019) where energy consumption is expressed as a function of human capital and a 
set of controls variables designed to alleviate omitted variable bias:

where the subscript t denotes the year and εt is the error term. EC stands for per 
capita energy consumption, HC is the human capital stock and X captures the vec-
tors of control variables of energy consumption. As control variables, we use the 
per capita GDP, the per capita physical capital stock, the energy price index, and the 
energy patents.

The Autoregressive Distributed Lag (ARDL) bounds technique developed by 
Pesaran et  al. (2001) is utilized to investigate the relationships between the varia-
bles in the long and short run. This approach has some advantages compared with 
other cointegration methods. ARDL produces unbiased long-run estimators that take 
care of the endogeneity issue and is not sensitive to the size of the sample allow-
ing the estimations for a small sample size. The ARDL method suggests that both 
the dependent and independent variables are related not only contemporaneously but 
also across historical (lagged) values. If yt is the dependent variable and x1, …xk are k 
explanatory variables, a general ARDL (p, q1, … qk) model is given by:

(1)ECt = a + bHC + cX
t
+ �t
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where et is the error term, a0 is a constant term, ψi, and βj,lj are respectively the coef-
ficients associated with lags of yt, and lags of the k regressors of the independent 
variables xjt, for j = 1…., k.

From the transformation of Eq. (2), we can derive the long-run and short-run rela-
tionships between yt and the k regressors (Narayan, 2005). As such, the representation 
solves for yt in terms of xj,t is:

where c is the short-run coefficient and b is the long-run multiplier of the underlying 
ARDL model.

To test for cointegration, the bounds test is applied. The null hypothesis of no cointe-
gration is H0 ∶ b0 = bj = 0,∀j  against the alternative hypothesis of H1 ∶ b0 ≠ bj ≠ 0.

In our model, the long-run relationship between variables is expressed in the follow-
ing equation:

while the short-run interactions between variables are estimated by using the error-
correction model and can be formulated as follows:

where ECt is the per capita aggregate energy consumption and for the disaggregate 
models the per capita non-renewable energy consumption and per capita renewable 
energy consumption. HCt is the proxy of human capital stock, GDPt is the per capita 
GDP, CAPt is the per capita physical capital stock, EPIt denotes the energy prices 

(2)yt = a0 +

p
∑

i=1

�iyt−i +

k
∑

j=1

qj
∑

lj=0

�j,lj xj,t−lj et

(3)

△yt = a0 + b0yt−1 +
∑k

j=1
bjxj,t−1

+
∑p−1

i=1
c0,i △ yt−1 +

∑k

j=1

∑qj−1

lj=1
cj,lj △ xj,t−lj

+
∑k

j=1
cj △ xj,t + et

(4)

ECt = a0 +
∑

j=1

aECECt−j +
∑

j=0

aHCHCt−j

+
∑

j=0

aGDPGDPt−j +
∑

j=0

aCAPCAPt−j

+
∑

j=0

aEPIEPIt−j +
∑

j=0

aPATPATt−j + et

(5)

ΔECt = a
0
+
∑

j=1

aECΔECt−j +
∑

j=0

aHCΔHCt−j

+
∑

J=0

aGDPΔGDPt−j +
∑

j=0

aCAPΔCAPt−j

+
∑

j=0

aEPIΔEPIt−j +
∑

j=0

aPATΔPATt−j

+ bECTt−1 + et
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and PATt stands for the energy patents. t and Δ represent the time and the first differ-
ence operator, respectively. The data have been transformed into natural logarithms.

Data Set

Our empirical analysis consists of time series for the Greek economy, spanning 
annual observations for the period 1990 to 2021, due to the data availability. 
The dependent variables are the aggregate per capita energy consumption (EC), 
the non-renewable energy consumption (FEC), and the renewable energy con-
sumption (REC), in GWh. All the data on energy consumption was received 
from the database of Our World in Data (2022). We use three different prox-
ies of human capital stock and investigate their effects on energy consumption. 
First, the human capital index2 (HCI), based on the combination of the indica-
tors of average years of schooling (based on the databases of Barro-Lee, 2013 
and Cohen and Leker, 2014) and returns to education (based on Mincer equation 
estimates). The data was obtained from the Penn World Table (PWT) version 
10.0 (Feenstra et al. 2015) database. Next, the human development index (HDI) 
measures the average performance in a country in three main dimensions of 
human development: a long and healthy life proxied by the variable life expec-
tancy at birth, access to knowledge proxied by the average years of schooling 
and expected years of schooling and a decent standard of living proxied by the 
variable Gross National Income per capita. Third, we employ the indicator of 
the average years of schooling (AVE) which is a widely used measure of a coun-
try’s stock of human capital. Average years of schooling are the average number 
of completed years of education of a population aged 25 years and older. The 
data for HDI and AVE was collected from the Human Development Reports of 
the United Nations database (2022). Subsequently, we use as a proxy of human 
capital stock the indicator working-age population 15 years old and over. We 
separate into the share of the working-age population with advanced education 
(AHC) and the share of the working-age population without advanced education 
consisting of the sum of basic and intermediate education levels3 (NAHC). This 
latter stage of analysis is particularly interesting, as may provide useful findings 
about how the educational level received by the population affects renewable 
and non-renewable energy consumption separately. We capture the data from 
Eurostat’s labor force survey, (2022b). Also, we use per capita GDP at constant 
2015 prices (GDP) as a proxy of economic growth. We control for the per capita 
net physical capital stock (CAP) as physical capital is one of the primary inputs 

2  For more details on the index see the description in PWT9. Available at: https://​www.​rug.​nl/​ggdc/​docs/​
human_​capit​al_​in_​pwt_​90.​pdf
3  Based on the ISCED 2011 classification, basic education (or low education) includes levels 0–2 (less 
than primary education, primary and lower secondary education). Intermediate education (or medium 
education) includes levels 3–4 (upper secondary education, post-secondary non-tertiary education). 
Advanced education (or high education) includes levels 5-8 (short–cycle tertiary education, bachelor’s 
or equivalent level, master’s or equivalent level, doctoral or equivalent level). Further details are available 
at: https://​ec.​europa.​eu/​euros​tat/​web/​lfs/​data/​datab​ase

https://www.rug.nl/ggdc/docs/human_capital_in_pwt_90.pdf
https://www.rug.nl/ggdc/docs/human_capital_in_pwt_90.pdf
https://ec.europa.eu/eurostat/web/lfs/data/database
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into the production function that influences energy consumption and economic 
output (Lee & Chien, 2010). Data on per capita GDP and per capita net capi-
tal stock sourced from the Ameco database (2022). To proxy energy prices, we 
employ the energy component of the consumer price index (EPI). Also, as a 
measure of technological progress, we control the ratio of patents on environ-
ment technologies to total patents (PAT). Data on energy prices and patents 
obtained from OECD (2022a) database indicators. Table 1 provides the descrip-
tive statistics for the variables. We find that renewable energy consumption is 
more volatile compared to aggregate and non-renewable energy consumption. 
Human capital variables have stable volatility, except for the share of the work-
ing-age population with advanced education. Also, economic growth and capital 
stock exhibit similar volatility compared to energy consumption.

Figure  1 shows that over the examined period the indexes and indicators 
of human capital stock have exhibited an increasing trend. Also, a significant 
increase in the share of the working-age population with advanced education 
has been observed since the 1990s. On the other hand, the share of the work-
ing-age population without advanced education has significantly decreased over 
the years. Also, renewable energy consumption has steadily increased over the 
sample period. So, renewable energy consumption and human capital show co-
movements, suggesting a positive relationship between them.

Aggregate and non-renewable energy consumption, along with GDP and 
capital stock, exhibited a steady upward trend until the year 2008, which repre-
sents the beginning of the economic crisis. In the following years, they showed 
a decreasing trend until the last five years that started to grow again. As these 

Table1   Descriptive statistics

All data are in logarithms and obtained from the author’s calculations

Variables Short description Mean Std. dev Min Max

EC Aggregate energy consumption per capita (kWh) 10.34 0.10 10.11 10.53
FEC Non-renewable (fossil fuels) energy consumption per 

capita (kWh)
10.27 0.14 9.96 10.50

REC Renewable energy consumption per capita (kWh) 7.42 0.66 6.23 8.60
HCI Human Capital Index 1.04 0.06 0.92 1.15
HDI Human Development Index −0.18 0.05 −0.27 −0.11
AVE Average years of education 2.24 0.11 2.06 2.37
AHC Percentage of working-age population (15+) with 

advanced education
2.76 0.33 2.18 3.29

NAHC Percentage of working-age population (15+) without 
advanced education

4.41 0.06 4.29 4.51

GDP GDP per capita, at constant prices 2015 9.73 0.13 9.53 9.98
CAP Net capital stock per capita 11.02 0.10 10.83 11.15
EPI Energy Price Index 14.85 1.02 11.62 16.11
PAT Patents on environment technologies % total 2.37 0.43 1.29 3.14
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variables show a similar trend over time, we expect a positive association 
between them. Also, the energy price index and patents show a fluctuating trend.

Econometric Analysis

In this section, first, we check for the stationarity of the variables and next, we apply 
the ARDL bounds test to check for cointegrating relationships among the variables. 
We then continue with the estimates of the long-run and short-run dynamics.

Unit Root Tests

Initially, we check the stationarity of the data using the Augmented Dickey-Fuller 
(ADF) (1979, 1981) and Phillips-Perron (1988) tests. We test for the presence of 
unit roots specify the model first to include intercept and next to include intercept 
and trend and identify the order of integration for each variable in levels and first 
differences. The optimal lag length of the regressions is determined by Akaike’s 
(1974) criterion in the ADF test. Phillip-Perron statistics are obtained by the Bar-
tlett Kernel and the automatic bandwidth parameter approach as suggested by 
Newey and West (1994).

Fig. 1   Levels of the variables.  Source: All data are in logarithms and obtained from the authors’ calcula-
tions
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The null hypothesis is non-stationary for the variables. The results in Table 2 indi-
cate that in levels, the null hypothesis is rejected at the 5% level for the variables EPI 
and PAT, while for the other variables, the null hypothesis is rejected at the 5% level in 
the first differences. Therefore, we conclude that the variables EPI and PAT are station-
ary in levels I(0), while the other variables are stationary in first differences and inte-
grated of order one I(1).

Long‑Run and Short‑Run Relationships

The ARDL approach is employed to check for cointegration. Because we use annual 
data for a small sample size, the maximum number of lags in the ARDL was set equal to 
2. We use the Akaike information criterion for selecting the optimal lag length. The first 
stage of the ARDL approach is to conduct the bounds test (F-test) to check for cointe-
gration among the variables. If the F-statistic exceeds the lower and upper critical value 
bounds, the null hypothesis of no cointegration can be rejected. Once the ARDL bounds 
test has validated the existence of a cointegrating relationship between the variables we 
proceed to estimate the long-run coefficients. In the second stage, we estimate the short-
run relationship by using the corresponding error correction model. The dynamics of the 
cointegrated system depend on the size and the statistical significance of the lagged error 
correction term (ECT) derived from the error correction model. To determine the reli-
ability of the results, we check the model for residual serial correlation using the Breush-
Godfrey test, heteroskedasticity using the Breusch-Pagan-Godfrey test and normality 
using the Jarque-Bera test. In addition, we check for the stability of the parameters of the 
model using the Cumulative Sum of Recursive Residual (CUSUM) and the Cumulative 
Sum of Squares of Recursive Residuals (CUSUMSQ) tests (Brown et al., 1975). Finally, 
to check the robustness of the estimates we employ the Fully Modified Ordinary Least 
Squares (FMOLS) and Dynamic Ordinary Least Squares (DOLS) estimators. Like the 
ARDL approach, these estimators account for specific issues like serial correlation and 
endogeneity and allow estimations for a small sample size.

Table 3   Bounds cointegration test (aggregate energy consumption)

The optimal lag length was selected based on the Akaike (1974) criterion. Critical values are cited from 
Pesaran et al. (2001) and Narayan’s (2005): Unrestricted intercept and no trend, for 32 observations. The 
number of regressors is 6

Model F-Statistic Significance 
level

Lower I(0) 
bound

Upper I(1) bound Decision

F(EC\HCI,X) 21.60 10% 2.08 3 Cointegration
F(EC\HDI,X) 20.43 Cointegration
F(EC\AVE,X) 20.90 5% 2.39 3.38 Cointegration
F(EC\AHC,X) 15.05 Cointegration
F(EC\NAHC,X) 17.95 1% 3.06 4.15 Cointegration
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Empirical Findings

Aggregate Energy Consumption and Human Capital

The results of the stationarity tests indicate that our model’s variables could be co-
integrated. First, we test if the F-statistic exceeds the lower and upper critical bound.

The results of the bounds test reported in Table 3 show that in all the specifica-
tions, the value of the F-statistic exceeds the lower and upper critical bound at the 1% 
level of significance and so the hypothesis that there is no cointegration relationship is 
rejected. This finding permits us to proceed with estimating the ARDL model.

Table 4 reports the empirical findings. In the long run, we conclude that the human 
capital proxied by HCI, HDI, and AVE has a significant negative impact on EC. A 1% 
increase in HCI, HDI, and AVE reduces EC by 1.02%, 2.70%, and 1.37%, respectively. 
However, our results are controversial when examining the impact of different levels 
of human capital on EC. There is a significant negative association between energy 
consumption and human capital through the working-age population with advanced 
education, while we identify a significant positive association through the working-age 
population without advanced education. The coefficients of control variables have the 
expected signs in most specifications. GDP, CAP, and EPI contribute positively to EC, 
while energy patents have insignificant effects on EC.

In the short run, the findings show that the coefficients of human capital remain nega-
tive, confirming the negative impact on EC. Similarly, the results confirm the long-run 
estimates about the different effects of human capital on EC, depending on the educa-
tional level. Also, the results are in the same direction regarding the impact of control 
variables on EC. The coefficient of the error correction term (ECM) is negative and sta-
tistically significant at the 1% level in all the specifications, confirming the established 
long-run relationship between EC and its determinants. Moreover, the high value of 
ECM implies the high speed of adjustment from the short-run deviation movements 
towards the long-run equilibrium path. Also, the ARDL model in all the specifications 
passes the diagnostic tests related to serial correlation, heteroscedasticity, and normal-
ity. Furthermore, the results of the charts of the CUSUM and CUSUM SQ tests4 are 
between the critical bounds at the 5% level, confirming the stability of the model.

To check the robustness of the long-run estimates, we apply the FMOLS and 
DOLS estimators. Tables  5 and 6 present the results. The findings are consistent 
with those of the ARDL model, confirming the validity of the estimates. We fur-
ther note that the coefficient of energy patents is negative and statistically significant 
using the DOLS estimator, indicating that technological progress reduces the EC.

Non‑renewable Energy Consumption and Human Capital

Splitting aggregate energy consumption into non-renewable and renewable counter-
parts, we first examine the effect of human capital on non-renewable energy con-
sumption. The results of the bounds test presented in Table 7 indicate that in all the 

4  The results of the charts are available upon request.
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Table 4   ARDL long-run and short-run estimates (aggregate energy consumption)

The dependent variable is the aggregate energy consumption per capita (EC); *, **, and *** denote sta-
tistical significance at the 1%, 5% and 10% levels, respectively

Variables Model 1 Model 2 Model 3 Model 4 Model 5

Long-run
  HCI −1.020*

(−4.281)

  HDI −2.701*
(−6.341)

  AVE −1.375*
(−7.410)

  AHC −0.246*
(−3.807)

  NAHC 1.108*
(5.686)

  GDP 1.413*
(4.156)

1.291*
(6.244)

0.931*
(4.854)

0.850*
(3.909)

0.678*
(3.679)

  CAP −0.516
(−1.276)

0.298
(1.460)

0.762*
(3.639)

0.179
(0.696)

0.287
(1.328)

  EPI 0.023*
(5.153)

0.014*
(3.522)

0.015*
(4.384)

0.021*
(4.350)

0.020*
(5.660)

  PAT −0.008
(−0.712)

−0.022
(−1.279)

−0.008
(−1.056)

0.007
(0.585)

0.006
(0.706)

  C 4.422**
(2.477)

−6.127*
(−3.240)

−4.271*
(−3.358)

0.457
(0.766)

−4.621**
(−2.748)

Short-run
  D(HCI) −14.14*

(−4.30)

  D(HDI) −0.512
(−0.507)

  D(AVE) −1.065**
(−2.399)

  D(AHC) −0.215*
−3.279)

  D(NAHC) 1.177*
(4.455)

  D(GDP) 0.913*
(5.582)

0.926*
(4.814)

0.799*
(4.868)

0.743* 
(4.479)

0.720*
(4.672)

  D(CAP) 0.747
(0.650)

2.543** 
(2.163)

2.249*** 
(1.967)

1.751 
(1.371)

2.042* 
(3.238)

  D(EPI) 0.0003
(0.200)

−0.001
(−0.828)

−0.001
(−1.048)

0.001 
(0.025)

0.001
(0.666)

  D(PAT) −0.006
(−0.731)

−0.004
(−0.419)

−0.008
(−1.028)

−0.006
(−0.593)

0.007
(0.706)

  Ect(-1) −0.783*
(−6.329)

−0.983*
(−9.333)

−0.998*
(−14.31)

−0.873*
(−11.77)

−0.935*
(−13.52)

  Adj. R2 0.94 0.94 0.95 0.89 0.91

  Heteroscedasticity test 0.428
(0.935)

1.239
(0.258)

0.377
(0.962)

0.682
(0.727)

0.442
(0.915)

  Serial correlation test 0.554
(0.586)

1.229
(0.324)

1.159
(0.344)

2.351
(0.127)

2.395
(0.123)

  Normality test 1.373
(0.454)

1.764
(0.413)

5.122
(0.056)

1.300 
(0.521)

3.643
(0.161)

  CUSUM test Stable Stable Stable Stable Stable

  CUSUMSQ test Stable Stable Stable Stable Stable
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specifications, the value of the F-statistic exceeds the lower and upper critical bound 
at the 1% level of significance and so the null hypothesis that there is no cointegra-
tion relationship is rejected. This finding permits us to proceed with estimating the 
ARDL model.

The results in Table 8 indicate that the human capital proxied by HCI, HDI, and 
AVE has a significant negative effect on FEC. We found that a 1% increase in HCI, 
HDI, and AVE reduces FEC by 2.15%, 4.33%, and 2.46%, respectively. Also, there 
is a significant negative association between energy consumption and human capital 
through the working-age population with advanced education and a significant posi-
tive association through the working-age population without advanced education. 
The coefficients of control variables have the expected signs in most specifications. 
GDP, CAP, and EPI contribute positively to FEC, while energy patents have insig-
nificant effects on FEC. In the short run, the findings imply that the coefficients of 
human capital remain negative. Similarly, the results confirm the long-run estimates 
about the different effects of human capital on FEC, depending on the educational 
level. In addition, the effect of control variables on FEC reflected those in the long 
run. The coefficient of ECM is negative and statistically significant at the 1% level 
in all specifications, confirming the established long-run relationship between FEC 
and its determinants. Moreover, the high value of ECM indicates the sizable speed 
of adjustment of disequilibrium correction for reaching long-run equilibrium steady 

Table 5   FMOLS estimates (aggregate energy consumption)

The dependent variable is aggregate energy consumption per capita (EC); *, **, and *** denote statisti-
cal significance at the 1%, 5%, and 10% levels, respectively

Variables Model 1 Model 2 Model 3 Model 4 Model 5

HCI −1.250*
(−4.259)

HDI −2.329*
(−5.671)

AVE −1.343*
(−5.810)

AHC −0.283*
(−4.228)

NAHC 1.236*
(5.187)

GDP 0.649*
(5.854)

0.809*
(10.13)

0.711*
(8.234)

0.629*
(5.451)

0.600*
(5.865)

CAP 0.446***
(1.828)

0.689*
(2.964)

0.982*
(3.350)

0.545**
(2.041)

0.409**
(2.050)

EPI 0.002
(0.643)

0.001
(0.105)

−0.001
(−0.473)

0.001
(0.456)

0.001
(0.343)

PAT −0.016
(−0.831)

−0.016
(−0.978)

−0.006
(−0.421)

−0.015
(−0.773)

−0.012
(−0.751)

C 0.416
(0.254)

−5.525**
(−2.456)

−4.351**
(−2.142)

−0.992
(0.510)

−5.459**
(−2.256)

Adj R2 0.84 0.86 0.86 0.85 0.87
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state position. In most specifications, the coefficient of ECT is greater than one 
meaning that instead of monotonically converging to the equilibrium path directly, 
the error correction process fluctuates around the long-run value in a dampening 
manner. However, once this process is finished, convergence to the equilibrium path 
is rapid (Narayan & Smyth, 2006). Also, the ARDL model in all the specifications 
passes the diagnostic tests related to serial correlation, heteroscedasticity, and nor-
mality. Furthermore, the results from the CUSUM and the CUSUM SQ tests con-
firm the stability of the estimates.

Table 6   DOLS estimates (aggregate energy consumption)

The dependent variable is aggregate energy consumption per capita (EC); *, **, and *** denote statisti-
cal significance at the 1%, 5%, and 10% levels, respectively

Variables Model 1 Model 2 Model 3 Model 4 Model 5

HCI -1.430*
(-4.357)

HDI −2.250*
(−3.808)

AVE −1.466*
(−8.162)

AHC −0.185***
(−1.988)

NAHC 0.925**
(2.739)

GDP 1.077*
(5.496)

1.224*
(4.570)

1.041*
(7.638)

1.231*
(3.490)

0.948*
(3.127)

CAP 0.057
(0.177)

0.166
(0.380)

0.714*
(4.139)

−0.527
(−0.899)

−0.144
(−0.309)

EPI 0.019**
(2.847)

0.010
(1.233)

0.016*
(4.363)

0.001
(0.091)

0.010
(0.982)

PAT −0.063*
(−4.775)

−0.053***
(−2.098)

−0.002
(−0.159)

−0.062*
(−3.061)

−0.053**
(−3.015)

C 1.348
(0.690)

−3.813
(−1.060)

−4.590*
(3.489)

4.875
(1.379)

−1.376
(−0.343)

Adj R2 0.98 0.98 0.97 0.96 0.97

Table 7   Bounds cointegration test (non-renewable energy consumption)

The optimal lag length was selected based on the Akaike (1974) criterion. Critical values are cited from 
Pesaran et al. (2001) and Narayan’s (2005): Unrestricted intercept and no trend, for 32 observations. The 
number of regressors is 6

Model F-statistic Significance 
level

Lower I(0) 
bound

Upper I(1) bound Decision

F(FEC\HCI,X) 16.28 10% 2.08 3 Cointegration
F(FEC\HDI,X) 15.92 Cointegration
F(FEC\AVE,X) 16.84 5% 2.39 3.38 Cointegration
F(FEC\AHC,X) 9.78 Cointegration
F(FEC\NAHC,X) 17.37 1% 3.06 4.15 Cointegration
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Table 8   ARDL long-run and short-run estimates (non-renewable energy consumption)

The dependent variable is the non-renewable energy consumption per capita (FEC); *, **, and *** 
denote statistical significance at the 1%, 5%, and 10% levels, respectively

Variables Model 1 Model 2 Model 3 Model 4 Model 5

Long-run
  HCI −2.156*

(−7.088)

  HDI −4.331*
(−9.776)

  AVE −2.469*
(−10.44)

  AHC −0.490*
(−6.362)

  NAHC 2.141*
(10.28)

  GDP 1.392*
(5.132)

1.198*
(5.751)

0.970*
(4.372)

0.655**
(2.306)

0.554*
(3.061)

  CAP −0.124
(−0.398)

0.959*
(4.712)

1.515*
(6.332)

0.821**
(2.512)

0.689*
(3.348)

  EPI 0.024*
(4.428)

0.013*
(3.191)

0.013*
(3.283)

0.022*
(3.913)

0.021*
(5.703)

  PAT −0.012
(−0.912)

−0.006
(−0.398)

0.013
(1.336)

0.008
(0.563)

0.005
(0.510)

  C 1.577
(0.996)

−12.92*
(−6.691)

−10.55**
(−6.693)

−4.143**
(−2.308)

−12.50*
(−7.241)

Short-run
  D(HCI) −18.87*

(−4.411)

  D(HDI) −0.108
(−0.082)

  D(AVE) −1.661**
(−2.797)

  D(AHC) −0.512*
(−4.351)

  D(NAHC) 2.681*
(6.450)

  D(GDP) 0.929* 
(4.211)

0.737* 
(5.973)

0.754*
(3.450)

0.683**
(2.780)

0.694*
(3.597)

  D(CAP) 1.298
(0.893)

4.787*
(4.863)

3.321* 
(3.648)

3.086* 
(3.163)

2.763* 
(3.582)

  D(EPI) 0.001
(0.750)

−0.001
(−0.689)

−0.002
(−0.898)

0.001
(0.503)

0.003***
(1.830)

  D(PAT) −0.011
(−0.900)

0.006
(0.502)

0.015
(1.285)

0.009
(0.562)

0.006
(0.510)

  Ect(-1) −0.886*
(−8.352)

−1.247*
(−8.303)

−1.104*
(−12.85)

−1.043*
(−9.558)

−1.251*
(−12.73)

  Adj. R2 0.90 0.92 0.92 0.82 0.89

  Heteroscedastic-
ity test

0.401
(0.943)

0.984
(0.509)

0.834
(0.629)

0.783
(0.653)

1.052
(0.445)

  Serial correlation test 0.827
(0.456)

0.657
(0.534)

0.959
(0.408)

1.675
(0.218)

1.212
(0.323)

  Normality test 1.635
(0.267)

1.319
(0.517)

0.234
(0.889)

1.674
(0.432)

3.752 
(0.153)

  CUSUM test Stable Stable Stable Stable Stable

  CUSUMSQ test Stable Stable Stable Stable Stable
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To check the robustness of the long-run estimates, we apply the FMOLS and 
DOLS estimators. The results are presented in Tables 9 and 10. The strong valid-
ity of the estimates is confirmed by the fact that the results for each specification 
are consistent with those in the ARDL model. We also note that the coefficient of 
energy patents using the DOLS estimator is negative and statistically significant, 
implying that technological progress reduces the FEC.

Renewable Energy Consumption and Human Capital

Next, we examine the relationship between human capital and renewable energy 
consumption. The results of the bounds test presented in Table 11 indicate that in 
all the specifications, the value of the F-statistic exceeds the lower and upper critical 
bound at the 5% level of significance and the null hypothesis that there is no coin-
tegration relationship is rejected. This finding permits us to proceed with estimating 
the ARDL model.

Table  12 reports the empirical results. In the long run, human capital proxied 
by the indexes HCI, HDI, and AVE has a significant positive impact on REC. A 
1% increase in HCI, HDI, and AVE increase REC by 9.89%, 15.60%, and 7.96%, 
respectively. When we examine the effects of the different levels of human capital 

Table 9   FMOLS estimates 
(non-renewable energy 
consumption)

The dependent variable is the non-renewable energy consumption 
per capita (FEC); *, **, and *** denote statistical significance at the 
1%, 5% and 10% levels, respectively

Variables Model 1 Model 2 Model 3 Model 4 Model 5

HCI −2.445*
(−7.364)

HDI −4.303*
(−10.147)

AVE −2.437*
(−9.873)

AHC −0.552*
(−7.141)

NAHC 2.337*
(9.709)

GDP 0.694*
(5.536)

1.011*
(12.26)

0.838*
(9.098)

0.656*
(4.919)

0.615*
(5.957)

CAP 0.786*
(2.849)

1.144*
(4.765)

1.633*
(5.531)

0.977*
(3.168)

0.656*
(3.254)

EPI 0.004
(1.042)

0.001
(0.214)

−0.002
(−0.734)

0.003
(0.708)

0.002
(0.641)

PAT −0.025
(−1.178)

−0.022
(−1.324)

−0.004
(−0.256)

−0.024
(−1.064)

−0.017
(−1.009)

C −1.450
(−0.561)

−12.92*
(−5.568)

−10.38*
(−4.790)

−5.341**
(−2.378)

−13.27*
(−5.434)

Adj R2 0.88 0.90 0.90 0.88 0.91
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on REC, our findings are, however, controversial. The working-age population with 
advanced education has a significant positive association with renewable energy 
consumption, whereas the working-age population without advanced education has 
a significant negative one. All the control variables have negligible effects on REC, 
in contrast to the estimates provided by the EC and FEC models.

In the short run, the findings indicate that the coefficients of human capital remain 
positive. Similarly, the results confirm the long-run estimates regarding the effects 

Table10   DOLS estimates (non-
renewable energy consumption)

The dependent variable is the non-renewable energy consumption 
per capita (FEC); *, **, and *** denote statistical significance at the 
1%, 5%, and 10% levels, respectively

Variables Model 1 Model 2 Model 3 Model 4 Model 5

HCI −2.399*
(−6.215)

HDI −3.332*
(−3.958)

AVE −2.518*
(−10.42)

AHC −0.373*
(−3.605)

NAHC 1.646*
(4.781)

GDP 1.304*
(5.657)

1.636*
(4.286)

1.176*
(6.417)

1.458*
(3.727)

1.112*
(3.599)

CAP 0.028
(0.074)

−0.113
(−0.182)

1.292*
(5.569)

−0.605
(−0.931)

−0.285
(−0.601)

EPI 0.015***
(1.914)

−0.003
(−0.318)

0.014*
(2.815)

−0.006
(−0.469)

0.004
(0.410)

PAT −0.084*
(−5.408)

−0.053
(−1.452)

0.022
(1.089)

−0.080*
(−3.550)

−0.065*
(−3.595)

C 0.624
(0.271)

−4.799
(−0.936)

−10.03*
(−5.670)

4.136
(1.055)

−4.554
(−1.114)

Adj R2 0.98 0.97 0.97 0.96 0.96

Table 11   Bounds cointegration test (renewable energy consumption)

The optimal lag length was selected based on the Akaike (1974) criterion. Critical values are cited from 
Pesaran et al. (2001) and Narayan’s (2005): Unrestricted intercept and no trend, for 32 observations. The 
number of regressors is 6

Model F-statistic Significance 
level

Lower I(0) 
bound

Upper I(1) bound Decision

F(REC\HCI,X) 4.92 10% 2.08 3 Cointegration
F(REC\HDI,X) 3.99 Cointegration
F(REC\AVE,X) 3.97 5% 2.39 3.38 Cointegration
F(REC\AHC,X) 4.77 Cointegration
F(REC\NAHC,X) 4.58 1% 3.06 4.15 Cointegration
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Table 12   ARDL long-run and short-run estimates (renewable energy consumption)

The dependent variable is renewable energy consumption per capita (REC); *, **, and *** denote statis-
tical significance at the 1%, 5%, and 10% levels, respectively

Variables Model 1 Model 2 Model 3 Model 4 Model 5

Long-run
  HCI 9.896*

(12.296)

  HDI 15.60*
(5.658)

  AVE 7.969*
(5.356)

  AHC 2.193*
(7.570)

  NAHC −8.931*
(−7.013)

  GDP −0.003
(−0.009)

−0.926
(−1.722)

−1.349
(−1.621)

−0.400
(−0.802)

−0.294
(−0.539)

  CAP −0.686
(−0.966)

−0.910
(−0.734)

−1.738
(−0.846)

−0.962
(−0.833)

0.428
(0.401)

  EPI −0.019
(−1.694)

−0.011
(−0.627)

0.002
(0.116)

−0.014
(−7.811)

−0.015
(−0.809)

  PAT 0.055
(0.982)

0.068
(0.793)

0.014
(0.886)

0.080
(0.927)

0.063
(0.690)

  C 6.906
(1.466)

40.08**
(2.649)

21.92
(1.542)

15.88***
(1.889)

45.12*
(3.490)

Short-run
  D(HCI) 3.909

(1.350)

  D(HDI) 12.38*
(3.706)

  D(AVE) 1.980
(0.486)

  D(AHC) 2.158*
(4.209)

  D(NAHC) −8.284*
(−4.091)

  D(GDP) −0.005
(−0.009)

−1.397**
(−2.627)

0.338
(0.351)

−0.394
(−0.792)

−0.273
(−0.534)

  D(CAP) −0.959
(−0.938)

−0.910
(−0.734)

−1.587
(−0.840)

−0.947
(−0.824)

0.397
(0.399)

  D(EPI) −0.026
(−1.687)

−0.011
(−0.627)

0.002
(0.115)

−0.013
(−0.796)

−0.014
(−0.826)

  D(PAT) 0.077
(0.980)

0.069
(0.793)

−0.013
(−0.143)

0.079
(0.945)

0.059
(0.703)

  Ect(-1) −0.901*
(−4.396)

−0.793*
(−4.602)

−0.912*
(−4.787)

−0.984*
(−5.107)

−0.927*
(−4.990)

  Adj. R2 0.62 0.49 0.50 0.54 0.89

  Heteroscedasticity test 1.407
(0.250)

1.050
(0.418)

1.050
(0.430)

1.904
(0.121)

1.603
(0.189)

  Serial correlation test 0.911
(0.418)

0.161
(0.691)

1.462
(0.240)

0.013
(0.909)

0.216
(0.646)

  Normality test 0.391
(0.822)

0.785
(0.675)

0.620
(0.733)

0.643
(0.724)

0.928 
(0.628)

  CUSUM test Stable Stable Stable Stable Stable

  CUSUMSQ test Stable Stable Stable Stable Stable
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of human capital on REC, based on the educational level. In addition, the coeffi-
cients of control variables are insignificant. The established long-run relationship 
between REC and its determinants is confirmed by the negative and statistically sig-
nificant coefficient of the ECM in all the specifications. In addition, the high value of 
ECM implies the high speed of adjustment from the short-run deviation movements 
towards reaching the long-run equilibrium steady state position. Also, the ARDL 
model in all the specifications passes the diagnostic tests related to serial correla-
tion, heteroscedasticity, and normality. Furthermore, the results of the CUSUM and 
the CUSUM SQ tests confirm the stability of the estimates.

The FMOLS and DOLS estimators are applied to validate the robustness of the 
long-run estimates. Tables 13 and 14 display the results. The strong validity of the 
estimates is confirmed by the fact that the results for each specification are consist-
ent with those in the ARDL model. We further note that using the DOLS method 
the coefficient of energy patents in some specifications is positive and statistically 
significant, indicating that technological progress boosts REC.

Table 13   FMOLS estimates 
(renewable energy consumption)

The dependent variable is renewable energy consumption per capita 
(REC); *, **, and *** denote statistical significance at the 1%, 5%, 
and 10% levels, respectively

Variables Model 1 Model 2 Model 3 Model 4 Model 5

HCI 9.513*
(9.456)

HDI 15.33*
(8.476)

AVE 8.396*
(7.346)

AHC 2.183*
(12.07)

NAHC −8.541*
(−10.52)

GDP −0.603
(−1.587)

−1.883*
(−5.352)

−1.345*
(−3.152)

−0.416
(−1.337)

−0.445
(−1.278)

CAP −0.059
(−0.071)

−0.777
(−0.758)

−2.146
(−1.569)

−0.930
(−1.292)

0.864
(1.270)

EPI −0.018
(−1.313)

−0.004
(−0.280)

0.006
(0.344)

−0.012
(−1.117)

−0.010
(−0.844)

PAT 0.086
(1.307)

0.056
(0.699)

−0.015
(−0.199)

0.084
(1.594)

0.039
(0.687)

C 4.079
(0.726)

37.05*
(3.358)

25.32**
(2.523)

15.68*
(2.988)

40.03
4.861)

Adj. R2 0.92 0.91 0.90 0.92 0.92
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Discussion of the Empirical Findings

In this section, we present the overall results, compare them with previous research, 
and explain their meaning by giving some possible interpretations. The empirical 
findings provide answers to all the questions that we set as the goal of our paper 
regarding the relationship between human capital and energy consumption. These 
findings are specific to the case of Greece. However, they may be useful in a broader 
context of policy applications in other countries. Specifically, the empirical evidence 
indicates that in the long-run and short-run, there is a negative relationship between 
human capital and aggregate energy consumption. When we separate energy con-
sumption into renewable and non-renewable energy consumption, we find that 
human capital reduces non-renewable energy consumption but increases renewable 
energy consumption. The strong robustness of the results is due to the persistence of 
these relationships using different proxies of human capital. Our findings are con-
sistent with the findings of the literature review (Pablo-Romero & Sánchez-Braza, 
2015; Salim et al., 2017; Akram et al., 2019; Shahbaz et al., 2019; Soukiazis et al., 
2019; Yao et  al., 2019; Akram et  al., 2020; Jamshid et  al., 2022; Shahbaz et  al., 
2022; Ozcan et al., 2022). Also, we find that HC has a higher size effect in the long-
run than the short-run estimates. This finding may suggest that, even though HC 
rises over time, the energy mix fluctuates little in the short-run and takes a long time 
to change (Stokey, 2015; Yao et al., 2019; Soukiazis et al., 2019).

Table 14   DOLS estimates 
(renewable energy consumption)

The dependent variable is renewable energy consumption per capita 
(REC); *, **, and *** denote statistical significance at the 1%, 5%, 
and 10% levels, respectively

Variables Model 1 Model 2 Model 3 Model 4 Model 5

HCI 5.446**
(2.463)

HDI 11.76*
(4.835)

AVE 6.499*
(4.359)

AHC 1.832*
(5.578)

NAHC −7.401*
(−5.792)

GDP 4.032*
(3.054)

−0.618
(−0.646)

−0.242
(−0.237)

0.400
(0.467)

0.195
(0.244)

CAP −3.317
(−1.525)

−0.684
(−0.493)

−1.707
(−0.990)

−1.067
(−0.791)

0.569
(0.511)

EPI −0.005
(−0.113)

0.001
(0.041)

0.016
(0.551)

−0.017
(−0.738)

−0.015
(−0.733)

PAT 0.103
(1.160)

−0.036
(−0.330)

0.903*
(3.030)

0.308*
(3.067)

−0.007
(−0.077)

C 3.689
(0.280)

23.36
(1.688)

14.29
(1.177)

10.53
(1.167)

32.30*
(2.734)

Adj. R2 0.89 0.91 0.91 0.91 0.91
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Also, we find that aggregate and non-renewable energy consumption decrease, 
while renewable energy consumption increases when the share of the working-age 
population with advanced education rises, whereas results are in the opposite direc-
tion when the share of the working-age population without advanced education 
rises. As Lee and Lee (2016) suggest a credible explanation could be that different 
educational levels reflect different levels of cognitive capacity, thus affecting energy 
use in different ways. This finding is consistent with the previous studies of Li and 
Wang (2018) and Yao et al. (2019).

Regarding the results from the control variables in most specifications, we find 
that the coefficients have the expected sign. GDP and physical capital stock increase 
aggregate and non-renewable energy consumption, while having insignificant effects 
on renewable energy consumption. The latter implies that the substitution decision 
of fossil fuels with renewable energy sources was not interwoven with the economic 
growth in Greece. The findings are consistent with previous literature research 
(Apergis & Payne, 2010a, b; Ozturk, 2010; Payne, 2010; Tugcu et al., 2012; Apergis 
& Payne, 2012; Salim et al., 2014; Smyth & Narayan, 2015; Dogan, 2016; Gozgor 
et  al., 2018; Ntanos et  al., 2018; Pegkas, 2020; Caporale et  al., 2021; Menegaki, 
2021). Also, higher energy prices fail to reduce either aggregate or non-renewable 
energy consumption. This finding is consistent with the argument that the energy 
price index is related to macroeconomic trends in the long-run and that energy 
demand is inelastic in the short-run (Bradley et  al., 2015; Salim et  al., 2017). In 
Greece, over the period 1990–2021, the higher energy prices are not related to the 
reduction of energy consumption, however, soon the countries should reduce their 
energy consumption to combat rising energy costs. Also, we find that patents in 
the energy sector reduce aggregate and non-renewable energy consumption while 
boosting renewable energy consumption. This finding is consistent with the empiri-
cal evidence supporting the opinion that human capital contributes to technologi-
cal progress, enabling switching to more energy-efficient technology, which leads 
to reduced energy consumption (Elliott & Shanshan, 2008; Cagno & Trianni, 2013; 
Li & Lin, 2016; Fang & Chang, 2016; Awaworyi Churchill et al., 2019; Sinha et al., 
2020; Kostis et al., 2023).

To sum up, our main findings reveal that in the long-run and short-run human 
capital reduces aggregate energy consumption. Splitting into renewable and non-
renewable energy consumption, human capital reduces non-renewable energy con-
sumption and increases renewable energy consumption. Our results are robust to 
sensitivity tests, considering specific types of energy consumption, alternative meth-
ods of measuring human capital stock, and different estimation techniques.

Conclusion and Policy Implications

This paper aims to empirically examine the effect of human capital on energy consump-
tion in Greece over the period 1990 to 2021. It provides new insights into the impact 
of human capital and technological progress on renewable and non-renewable energy 
consumption. Our findings suggest that human capital, proxied by different indexes, 
is likely to decrease aggregate and non-renewable energy consumption and increase 
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renewable energy consumption. Moreover, we find that the benefits from human capi-
tal arise from increasing the share of the advanced-educated working-age population. 
Furthermore, we find that technological progress through energy patents reduces non-
renewable energy consumption and increases renewable energy consumption. So, by 
generating externalities for the reduction of environmental pollution through the switch 
from fossil fuels to renewable energy sources, human capital could contribute to a 
cleaner environment. Greece should design an attainable path for the transition from 
fossil fuels-based to renewable energy sources dedicated to its own economic and 
institutional structures. This conclusion resonates with the 2030 Agenda for Sustain-
able Development and the Paris Agreement, which stipulate that countries should plan 
their emission-cutting efforts through Nationally Determined Contributions (NDCs). In 
addition to the advantages of environmental pollution and global warming, the renew-
able energy transition could be the main solution to the rising energy prices and their 
short-term effects. From a policy perspective, our empirical findings indicate that 
improvements in human capital, which are mainly driven through advanced education, 
can be an efficient and less distorted approach to overcoming these obstacles. Investing 
in human capital, apart from the benefits it provides in promoting economic growth and 
improving the labor market, can additionally offer a valuable solution to environmental 
pollution and climate change. Moreover, Greece must increase funding for technologi-
cal research and development, particularly for energy-saving innovation projects, as pat-
ents encourage energy conservation and promote renewable energy. These benefits will 
be more important for future generations. For future work, we suggest that this analysis 
should be carried out at the microeconomic level for Greece using data from house-
holds and firms. Furthermore, this research issue could be examined for other individ-
ual countries or cross-country samples.
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