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Abstract: The ratio of energy use to Gross Domestic Product (defined as energy intensity) is a major
determinant of environmental hazard and an indicator of eco-efficiency. This paper explains why
education can have an effect in reducing the energy intensity thus affecting eco-efficiency. We devise
a stylized economic model with simple and widely accepted assumptions that highlights the role of
education in decreasing energy intensity worldwide. In an empirical application that is robust to the
features of the data, we show that primary schooling contributes to a decrease in energy intensity which
has a very significant effect, even accounting for the other well-known determinants of energy intensity.
Additionally, when schooling is taken into account, income is no longer a negative determinant of
energy intensity.

Keywords: energy intensity; income; education; eco-efficiency; circular economy

JEL Classification: Q43; O17; O50

1. Introduction

The evolution of energy intensity (the ratio of energy consumption to Gross Domestic Product
(GDP)—as an indicator of eco-efficiency)—across the world has been established as one of the facts that
is related to energy and economics (see [1]). In fact, the energy intensity has been found to be declining
in time and negatively correlated with per capita output. This seems to indicate that as countries get
richer, energy intensity decreases. One possible explanation for this relationship is that the gains
in efficiency associated with economic growth improve the way the humankind uses energy, i.e.,
using it more efficiently. Thus if this interpretation is accepted, the decline in energy intensity should
occur simultaneous with economic growth, both as result of technological progress. Alternatively,
the reduction in energy intensity has also been associated with the structural transformation of the
economy. As the economy becomes more service-intensive and less industry-intensive, energy intensity
tends to be reduced (see e.g., reference [2–4]). However, [5] noted that the service sector has not been
very energy efficient when analyzed by a panel of countries. More recently, reference [6] pointed out
the role of financial markets in the reduction of energy intensity. In particular, the author noted that
energy consumption increases generally with income per capita, except for highly advanced economies
with highly developed financial markets.

It is worth noting that whatever the cause that makes energy intensity decrease with economic
growth, this stylized fact clearly contributes to the establishment of a circular economy, as it is a result
of the introduction of more sustainable practices in societies.

Despite several attempts to include environmental education within the school syllabus since
primary education (see e.g., reference [7]), the general roles of human capital, education and schooling
in decreasing energy intensity have not been studied.
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There have been very recent micro and case studies about environmental and climate change
awareness of students in response to the environmental topics included in syllabus which is
clear evidence of the rising interest of the topic. Reference [8] provides a description of the
environmental education of elementary school students in Da Nang city, Vietnam and concludes,
among other things, that students’ environmental awareness improves after environmental education
activities. Reference [9] studied students’ environmental awareness in some elementary schools in
Zonguldak, Turkey. Reference [10] analysed students awareness in high schools in Taiwan. In this study,
generally, students were relatively familiar with topics taught in schools and had a positive attitude
related to energy saving. Moreover, students with more educated parents tend to have significantly
better knowledge than others. This may be an indication of the importance of home-taken practices
and home education regarding environmental issues. Reference [11,12] studied the behaviour of
secondary and elementary students, respectively, in Greece. Both revealed the importance of education
in environmental awareness and in implementing energy saving and environmental friendly practices.
Finally, reference [13] argues that schools must build upon up-to-date curricula and classroom activities
based on cutting-edge knowledge on what drives human learning in order to increase students’
environmental awareness. The acceptance of renewable energies by communities is a related topic,
but within that topic, the importance of schooling has not been mentioned by the literature (for surveys
on this literature that support this claim please see reference [14,15]). In this paper, we use the concepts
of human capital, education and schooling in an inter-exchangeable manner while we recognize their
different scopes and measures. While human capital includes both education and in-work experience
and both can have effects in decreasing energy intensity, we really focus on the concept of education in
the model, as the families choose between consumption and education (of the offsprings). Then, in the
empirical application, we use schooling as it is the variable with the most available data. We leave the
study of other aspects of human capital in energy intensity and eco-efficiency for further research.

We have not found studies with particular concern about the relationship between education
and energy intensity at the country level. We intend to fill this gap. First, we offer an explanation
based on quite intuitive and widely accepted assumptions: (i) there is a minimum subsistence level
of consumption; (ii) families choose between consumption and education; and (iii) more knowledge
reduces energy intensity, which can be explained both from the supply or/and the demand side of
the economy.

Second, energy intensity has been analysed essentially in country or region-specific studies and
with a limited data range. The methods used were almost descriptive or, at most, applied some
basic econometric tools such as Ordinary Least Squares (OLS). We aim to broaden the study of the
determinants of energy intensity to a large panel of data from countries, focusing on the effect of
schooling. To that end, we include variables which were typically associated with energy intensity:
income per capita, the industry share in the economy, energy dependence, and we also take convergence
in energy intensity into account. We obtain a very strong significantly negative effect of schooling
in decreasing energy intensity, supporting our presented theory. In fact, we postulate that a more
educated population not only learns how to improve energy use and then to decrease its intensity
in economic activities, but also becomes more aware of issues such as global warming and pollution
problems and thus uses energy more efficiently. Besides that, when schooling is not taken into account,
the per capita income has a strong negative effect but only in the short run, and external dependence has
only a marginal negative effect on energy intensity, also in the short run. Thus, this is the first paper
highlighting the role of education in reducing energy intensity and substituting the role of income
per capita but maintaining the significance of all the other major determinants of energy intensity.

This paper has clear policy implications as the influence of education in energy use should be
taken into account when designing education policy. Furthermore, the influence of education in energy
intensity is also informative for environmental policy, as this can rely more on the educational system
to achieve environmental goals.
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The remainder of the paper is organized as follows. Section 2 presents a simple model that
highlights why education can have a negative effect on energy intensity and thus presents education
as a potential alternative determinant of the decreasing path of energy intensity. Section 3 describes
the data features, the econometric specification and the methodology. This section also highlights the
features of the econometric approach that deals correctly with the main data features. Section 4 presents
the empirical results. In this section, we present tests of the estimation goodness-of-fit, regressions
results and their analysis. Section 5 concludes the paper.

2. Why Education May Reduce Energy Intensity?

A simple application of a structural transformation model (such as the one of reference [16])
would explain the importance of de-industrialization in explaining energy intensity decline given
that industry is more intensive in energy than services. Thus, an increase in services and decrease
in industry in a given economy will directly determine the reduction in energy intensity. However,
the role of human capital in reducing energy intensity is yet to be explained. In this section, we provide
a simple explanation as to why schooling can reduce energy intensity, thus contributing indirectly
to decreasing the hazard caused by energy intensity. This explanation is linked with very intuitive
phenomena—families need a certain amount of consumption to survive; thus, the choice between
consumption and human capital implies a higher growth rate of human capital (relatively to that of
consumption). Human capital contributes to the evolution of knowledge and knowledge decreases
energy intensity. Note that in aggregate terms, the growth rate of energy intensity is proportional to
the growth rate of consumption minus the growth rate of human capital and, as a result of that, energy
intensity declines.

2.1. A Simple Model Explanation

We devised a very simple model that shows how human capital can contribute to reducing energy
efficiency and eventually to substitute the role of income, as also happens in the regressions that we
show in the following section.

The agent chooses consumption and human capital, following an utility function, U, as follows:

U = log(c− c̄) + σlog(h), (1)

where c is consumption; c̄ is the minimum level of consumption or the subsistence level of consumption
(e.g., as in reference [17]; h is the level of human capital (or education) chosen by the families; and σ

is the weight of human capital in the families’ preferences. There are various reasons why we may
include human capital (or education) in the families’ utility function: (i) because it represents the
human capital of the offspring, which is correlated with their future income (e.g., as in reference [18]);
(ii) because it is correlated with family health (e.g., in reference [19]; or (iii) because the families value
their own or the offspring’s knowledge (as in references [20] and [21]. We use this latter approach
which serves our goals without unnecessary technicalities. The economy’s resource constraint is
y = c + h, which assumes that all prices are constant and equal in this economy, which is also a
simplification without loss of generality for our purposes.

Families or society stock of knowledge evolves with the use of human capital (or schooling),
such that A = Bh (in which A stands for families or society knowledge and B is a constant), which is,
again, a simplification that does not imply any loss of generality for our purposes. In fact, a very fruitful
body of literature beginning with reference [22] has modelled knowledge accumulation as dependent
on human capital employed in the technology sector (as a supply-side explanation). However, this can
alternatively be the result of a demand-side explanation. One justification for this demand-side view
is that the incentives for new technologies to be invented depend inversely on the skilled workers’
wages, which are negatively related to human capital (see reference [23]). The lower the wages and the
higher the demand for human capital, the higher the incentive to accumulate technological knowledge
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is. Regarding the adoption of cleaner technologies specifically, reference [24] confirms that “customer
requirements are another important source of eco-innovations, particularly with regard to products
with improved environmental performance and process innovations that increase material efficiency,
and reduce energy consumption, waste and the use of dangerous substances”. In fact, the demand for
new technologies can be seen as being dependent on the level of human capital.

Finally, energy intensity (Ei) is a function of consumption and technology, such that

Ei = c$/A, (2)

where 0 < $ < 1 represents the elasticity of energy intensity to growing per capita consumption to
account for the fact that consumption positively influences energy intensity but at a decreasing
rate. From Figure 1 in reference [25]’s report, we can infer a positive effect of the increase in
per capita consumption on energy efficiency; thus, $ should be positive. However, the decreasing
rate may be explained by the growing demand for energy efficiency and for “clean” electricity
(see the same in Figure 1 in reference [25]). The same report highlights the importance of new
technologies in the falling trend of energy efficiency. There is also literature on economic growth
theory in which pollution can be decreased by technological developments ([26,27]). Reference [28]
studied the importance of developing new technologies in decreasing costs and implementing more
innovative and practical approaches to energy management. Additionally, reference [29] showed that
the increase in energy efficiency and promotion of renewable energy consumption are the main tools
to achieve the Environmental Kuznets Curve (EKC), emphasizing the negative relationship between
pollution and output growth occurrence at the world level. Otherwise, the authors concluded that the
relationship between greenhouse gas emissions and total production output would be monotonically
positive. The EKC, which is a related concept to the relationship between energy intensity and income
(but not the same), is a hump-shaped relationship between pollution and output growth that has
been extensively debated in the literature—for a critical history of the concept of the EKC see, e.g.,
Stern (2004) [30]. An increase in families or society’s stock of knowledge (including that accumulated
through home or primary schooling) is important to increase energy saving awareness and can also be
related to a decrease in energy intensity. This has been recognized by reference [10,31].

2.2. Solution of the Model

The agent maximization problem yields the optimal marginal rate of substitution between
consumption and human capital:

1
c− c̄

=
σ

h
. (3)

After substitution into the resource constraint, the following equations for the optimal quantities
for consumption and human capital are obtained, respectively:

c =
y + c̄
1 + σ

; h = σ

[
y + c̄
1 + σ

− c̄
]
= σ

[
y− σc̄
1 + σ

]
. (4)

From Equation (4), the relationship between the growth rates of consumption and human capital
(gx is the growth rate of variable x) with the output growth rate is given as follows:

gc = gy
y

y + c̄
; gh = gy

[
y

y− σc̄

]
. (5)

The following proposition highlights the main results of this stylized model.

Proposition 1. The growth rate of energy intensity is negative due to the influence of the human capital
growth rate.
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Proof. From Equation (5), it is straightforward to obtain gc < gh. Then, Equation (2) is used to obtain
gei = $gc − gh < 0, given that 0 < $ < 1.

This means that a very stylized model which considers that (i) there is a minimum level of
subsistence consumption; (ii) that energy intensity depends positively on consumption and negatively
on knowledge (the model can encompass concepts such as cleaner technologies or families awareness);
and (iii) that knowledge depend positively on education investments by families (e.g., in schooling)
explains that energy intensity should decline and that this fall should depend crucially on education
or schooling. While assumptions (i) and (iii) are quite common in economics literature, assumption
(ii) relies on recent evidence on energy intensity trends. To sum up, in aggregate terms, the growth rate
of energy intensity depends (positively) on the difference between the growth rate of consumption
and the growth rate of human capital and, as a result of that, energy intensity declines.

3. Empirical Application

3.1. Variables and Sources

We used data from the Cross-National Time Series (CNTS) Data Archive (2015 edition), also known
as Databanks International [32], to collect the variables for this article. The dependent variable was
energy intensity (energy consumption per unit of GDP). Our variable of interest is schooling measured
by the enrolment of primary schooling students as a percentage of the total population. This was
chosen as it is the most general level of education and should proxy the investment that each society
is making in educating its population towards environmental awareness. For the first time in the
literature that aims to explain energy intensity, we considered an education variable as a possible
explanatory variable.

As other explanatory control variables, we used the other determinants of energy intensity which
have been mentioned in the literature. Each of them are defined below with an explanation of the
reason for them to be included in our analysis:

• Income per capita (Gross Domestic Product per capita (factor cost)). We chose to use GDP per capita
at factor costs as this excludes the influence of taxation (and subsidization) in the economy (which
GDP at market prices would include). Most articles that explain energy intensity at the country
level (such as reference [2,4]) use income per capita as an explanatory variable.

• Percentage of GDP originating in industrial activity (or industrial share in GDP). Some papers
have analysed the effect of some sectors’ shares in the economy (e.g., reference [4]) or an industry
dummy (e.g., reference [3]) as determinants of energy intensity. To deal with this issue, reference [5]
studied energy intensity only in the services sector. Although reference [2] ignored this variable,
reference [33] exhaustively explored the relationship between industry share and energy intensity.

• External energy dependence (energy consumption minus energy production). This variable was
introduced to proxy price shocks. Prices is also a common variable to enter in regressions in
country-specific studies, as in reference [2] or [4]. However, as a substitution variable for the price
of energy comparable between different countries, which we could not obtain, we used external
energy dependence. As reference [34] stated, “by energy dependence, we mean the vulnerability
of a given Member State to energy price shocks or energy supply disruptions”.

Table 1 presents the descriptive statistics for the variables.
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Table 1. Descriptive Statistics.

Variable Observations Mean Std. Dev. Min Max

Energy Intensity 7322 0.801 1.078 0.006 17.679
GDP per capita 9503 4538.516 10622.56 18 186,243
Share of Industry 5393 27.556 14.160 0 96
External Energy Dependency 6949 −2980.458 63,021.74 −618,978 641,541
Primary Schooling 12,552 0.1134 0.0556 0.0001 0.4943

Notes: Energy intensity is measured as energy consumption per unit of GDP; GDP per capita is at factor costs
(units of US dollars); the share of industry is the ratio of the industrial output to GDP; the external energy
dependency is a trade balance of energy (energy consumption minus energy production); primary schooling
is the enrolment of students in primary schools per capita. The presented statistics were calculated for the
following number of observations.

3.2. Cross-Country Dependency and Non-Stationarity

The non-stationarity of macroeconomic variables is a well-known feature that has concerned
macro-economists, namely after reference [35]’s contribution. More recently, reference [36], for instance,
concluded that real GDP and GDP per capita are non-stationary. Additionally, variables linked with
energy (namely energy consumption) also share the same property (see e.g., [1]). This means that an
empirical approach that relates macroeconomic variables in the long-run to any other macroeconomic
variable (in particular, energy intensity) must account for the potential non-stationarity of the series.
Our approach is robust to the presence of non-stationarity in the series—see reference [37] for the
advantages of using the common correlated heterogeneous panel data estimator to deal with the
common features of macroeconomic series in large panels of data.

Additionally, income growth, energy intensity decline and structural transformation are
worldwide phenomena and are obviously correlated among different countries. International
technological shocks (such as the introduction of electricity or the computer on production) or financial
shocks (such as the sub-prime crisis) are often considered to be the sources of cross-correlation of
GDP per capita. We have historically observed that these shocks are contagious to various neighbour
countries and usually entire regions or even the global economy. Moreover, it is natural to think
that energy intensity is cross-country correlated, as it depends mostly on technological advances that
allow for more efficient methods and to the general development of the world, which includes the
spread of ideas, such as environmental protection and the dangers of global warming. The results of
reference [38]’s test for cross-country dependence for the three main variables are presented in Table 2,
and they clearly show that the three variables are highly cross-country correlated. The other variables
that enter into the analysis—schooling and external energy dependence—do not have sufficient
observations to perform this test. Despite the fact that there are reasons to believe that these variables
are also cross-country dependent, we do not need all the variables to be cross-country dependent to
ensure the validity of the application of the common correlated heterogeneous panel data estimator.

Table 2. Cross-Section Dependence.

Variable Cross-Dependence (CD) Test p-Value Countries

Energy intensity 307.89 0.000 114
GDP per capita 547.61 0.000 156
Industry share 75.85 0.000 81

Notes: The average number of time-series observations is 42.00 for the first test and 45.17 for the second and
38.16 for the third.

As reference [37] observed, “the standard empirical estimators (e.g., fixed effects, difference
and system Generalized Method of Moments (GMM)) not only impose homogeneous production
technology, but they also implicitly assume stationarity, cross-sectionally independent variables”.
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The fact that some of our variables (namely, the dependent variable, energy intensity) are non-stationary
implies that the usual stationarity error term assumption would be violated.

In the presence of cross-country dependence, individual countries cannot be viewed as
independent cross-sections, and consequently, cross-section dependence can affect both inference and
identification (see [37,39]). This literature argues that cross-country dependence implies that standard
panel data estimators are inefficient, and estimated standard errors are biased and inconsistent.
Generally, inconsistency arises as an omitted variable bias when the observed explanatory variables are
correlated with the unobserved common factors (see, e.g., reference [40]), such as the shocks mentioned
above. Due to both potential non-stationarity and cross-country correlations, traditional methods may
not be useful for evaluating the effect of income per capita, industry share, external energy dependence,
or primary schooling on energy intensity. As a result, we used the [40] common correlated effects mean
group estimator—augmented to be robust to reverse causality—to access this empirical relationship.
Along the same line, reference [37] argues that this class of heterogeneous estimators is superior to
traditional fixed-effects and instrumental variable panel estimators in macroeconomic applications.
A similar econometric approach to explain the relationship between country-risk and energy supply
was followed in reference [41].

3.3. Specification and Methods

Granger causality is an important issue when evaluating any economic relationship, because it
means that an economic series is useful for predicting the behaviour of another series. In this case, it is
useful for the determination of whether schooling is important to the prediction of energy intensity
(in the Granger sense). This also applies to the relationship between energy use, income, energy
dependency, structural transformation and schooling. To that end, we estimated our model using
an error-correction model (ECM) approach. This method distinguishes between long run effects and
short run effects of the explanatory variables on the energy intensity. According to the econometrics
literature cited above, this estimator is robust to (i) country-fixed effects, such as geography and culture
or initial technology or natural resources endowment levels; and (ii) unobservable common variables,
such as common productivity change or global energy market conditions, which are important factors
in this empirical application. In fact, the large time-series that we incorporated into our empirical
application allowed us to implement the ECM which offered the following advantages when compared
to other approaches: (i) it distinguishes between the short and long run effects of explanatory variables
on energy intensity; (ii) the error-correction term can be investigated to determine the speed of energy
use adjustment; and (iii) cointegration can be tested in the ECM by closer investigation of the statistical
significance of the error-correction term.

The equation for a baseline model to explain energy intensity could be written as follows:

Eit = δ1iEit−1 + δ2iyit + δ3iindit + δ4ineiit + δ5ischoolit + uit; uit = αi + λ′ift + εit , (6)

where Eit is the energy intensity; school is the enrolment in primary school, our variable of interest;
yit is the GDP per capita; indit is the industry share in the economy; and neiit is the net energy imported
(or energy dependence); δ1i − δ5i are the coefficients that measure the (heterogeneous) influence of
each of the explanatory variable in energy intensity. The error-correction model version of Equation (6)
can be written as follows:

∆Eit = αi + ρi(β1iEit−1 − β2iyit−1 − β3iindit−1 − β4ineiit−1 − β5ischoolit−1 − λ′ift−1) (7)

+γ1i∆yit + γ2i∆indit + γ3i∆neiit + γ4i∆schoolit + γi∆ft + υit, (8)

where β ji stands for the long run equilibrium relationship between energy intensity, income, schooling
and the other covariates, and γji stands for the short run relationship between those variables.
With β5i = γ4i = 0, we would have the ECM version without schooling, a version whose results
we will also present to compare with our baseline one. The factor ft represents the common factors
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that influence the evolution of energy intensity, GDP, industrial share (or structural transformation)
and schooling in different countries, such as technological, political, educational and energy supply
shocks. Although these factors are common to all countries, their influences in each country can be
different as λi and γi are country-specific coefficients. Along these lines, the model incorporates the
full heterogeneous effects of GDP, structural transformation and schooling on the energy intensity
across countries. The estimated equation can thus be re-written as

∆Eit = π0i + π1iEit−1 + π2iyit−1 + π3iindit−1 + π4ineiit−1 + π5ischoolit−1 + π′Fift−1+

+π6i∆yit + π7i∆indit + π8i∆neiit + π9i∆schoolit + π′f i∆ft + υit,
(9)

where π1i = ρi.
From the regression results, the long run coefficients, β ji, in (8) can be obtained dividing the

estimated coefficients from Equation (9), πji by ρi (β ji=−
πji
ρi

), which is the speed of convergence of the
energy intensity to its long run equilibrium. Inference on the coefficient for the lagged energy intensity
will indicate the presence of a long run equilibrium relationship. If ρi = 0, there will be no error
correction and the model will reduce to a regression with variables in the first-differences (the level
term in brackets in Equation (8) disappears). However, if ρi 6= 0, we observe error-correction, meaning
that following a shock, the economy returns to its energy intensity long run equilibrium path and thus,
cointegration exists between the variables and processes in brackets (in Equation (8)). As noted above,
we also estimated a restricted model with π5i = π9i = 0, i.e., without school in the regression.

In accordance with the econometric literature ([40,42]), we added cross-section averages of all
variables in the model (energy intensity, GDP per capita, industry share and primary school enrolment)
to Equation (9). This procedure replaces the unobservable and omitted elements of the cointegration
relationship. However, reference [43] showed that this approach may suffer from a small sample
bias, especially in panels with time-series of moderate dimensions. Thus, they offered a strategy
to deal with weakly exogenous regressors which is robust to reverse feedback. As argued by the
mentioned authors, the inclusion of lags will strengthen the estimations to reverse causality, meaning
that the estimated coefficients may be regarded as measuring the effect of schooling (and of the other
explanatory variables) on energy intensity and not the other way around. In fact, the study of a
potential effect of energy intensity on schooling is beyond the scope of this article. However, the effect
of energy consumption (related to energy intensity) has been study by others (e.g., reference [44]) and
is also beyond the scope of this study. We followed their suggestion including further lags of the
cross-section averages mentioned above.

p

∑
l=1

τ1il∆yt−p +
p

∑
l=1

τ2il∆indt−p +
p

∑
l=1

τ3il∆neit−p +
p

∑
l=1

τ4il∆schoolt−p +
p

∑
l=1

τ5il∆Et−p. (10)

In particular, we followed the rule of thumb in that reference ([43]) to choose the number of lags
to be included (p = T1/3). In a time-series of near 40 years on average, that rule of thumb indicated a
value between 3 and 4. In ECM, this corresponds to adding two or three lagged differences. We chose
to include three lagged differences.

4. Results

We estimated Equation (9) and show the results in Table A1. Columns (1) and (2) show the model
specification without schooling and column (3) shows the model specification with primary schooling
as an explanatory variable.

4.1. Estimation Quality Tests and Evidence

We estimated regressions from a large panel database with more than 1200 observations and an
average of more than 30 time-series observations for nearly 40 countries. In general, data included
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in regressions began in 1950 and ended in 2009, although this varied across countries as is natural
for an unbalanced panel. In the Appendix, we include a list of the countries that were used in the
analysis with information about their respective time spans. Note that due to the availability of data,
the database is mostly composed of developed and developing countries, including very few poor
countries. This is the largest database ever reported in the literature—in both time-series and cross-section
dimensions—to approach the determinants of energy intensity. There was evidence of error-correction.
The lagged energy intensity variable was highly statistically significant and negative with an implied
half-life—an indicator of the speed of adjustment of energy intensity following a shock, computed as
ln(0.5)/ln(1+π1i)—of 1 year and 7 months. In any event, these are very fast speeds of adjustment for the
energy intensity. Thus, this study confirms the high convergence of energy intensity found in the literature
using other methods (e.g., in reference [2]). In the table, we present diagnostic tests related to stationarity
and cross-section dependence, the issues for which the used method is particularly robust. The Stat-test
(res) rejected the unit-root null hypothesis for the error term which indicates that the econometric approach
corrected for the non-stationarity found in data, as expected. Concerning the cross-correlation of the
error term, we present the CD-test (res). From the analysis of the results, we can say that all the residuals
presented less evidence of cross-sectional correlation than the dependent variable did (compare with the
results in Table 2), in line with what has been argued by, e.g., reference [45]. Notably, in the regression
of column (3) with schooling included, the test did not reject the null of no cross-sectional dependence,
suggesting that in this case, the method completelly corrected for cross-sectional dependence. Finally,
the Wald test indicated the overall significance of the regressions.

An important (and not so common) feature of these estimations is that there was a high number of
observations per country but not much oscillation between them (the minimum number of observations
per country was 26 or 31 depending on the regression, and the average was 32 or 33, respectively.
This feature of the data is important as it deals with the point raised by reference [46] which argued
that the estimator in reference [40] is adequate for panel databases with a large-T dimension, in order to
avoid the small sample bias. Also, reference [43] showed that the cross-sectionally averaged augmented
common correlated effects (CCE) estimator (used in the estimations in Table A1) performs quite well in
the presence of heterogeneous coefficients, weakly exogenous regressors and persistent factors, but can
be affected by the time-series bias if T is small. Additionally, references [43,46] argued that the bias
affecting regressors (in our case, GDP per capita, schooling and industry share) other than the lagged
dependent variable (in our case the lagged energy intensity) is just a proportion of the bias affecting
the lagged dependent variable. Applying these arguments to our empirical application and given a
quite large T-dimension in our database, we argue that the coefficients on income, schooling, industrial
share and energy dependence should not be affected (much) by the time-series bias.

4.2. Interpretation of the Regression Results

When primary schooling was considered (column 3), there were long run negative effects of
primary schooling (on energy intensity), industrial share (positive on energy intensity), and external
energy dependence (negative on energy intensity). We tested the same regressions by substituting
primary schooling by secondary and tertiary schooling (from the same source of data) and these two
last variables were revealed to be not statistically significant—see the results in the Appendix. In the
light of the discussion of the effect of schooling in environmental awareness which we made in the
Introduction, there is not a consensus on the micro and case studies for which of the level of education
is more important. Thus, our contribution highlights primary schooling to be the most important.
We thank a referee for calling our attention to this issue. A short run positive effect of energy external
dependence also appeared in this regression. Quantitatively, a one percentage point increase in primary
school enrollment reduced the energy intensity by 0.05% of the GDP per capita. A one percentage point
increase in primary school enrolments is completely feasible in the process of development of a country.
Looking at Table 1, the standard deviation for primary school enrolments is nearly 5 percentage points,
meaning that just a one standard deviation increase in primary schooling enrolment would decrease
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the energy intensity by 0.25% of the GDP per capita. For example, India grew by nearly 8 percentage
points in primary school enrolments just between 2000 and 2008. When looking at the values of Table 1,
one could observe that the energy intensity ranges from 0.6% of GDP (minimum) and has an average of
80% of GDP. This means that an average country, that in one year grew roughly 1 standard deviation in
primary school enrolment per capita, decreased from 80% of GDP (taking the mean as the initial point)
to 79.75%. In 8 years, this should amount to nearly 78%. In 30 years, this means that a country could
decrease its energy dependency to 72.5%, representing almost 10% of the initial value. If a country
departs from an initial value of 20% of energy intensity, a decrease of 8.5% represents almost halving
the initial value, which can only be regarded as a quantitative meaningful effect—and this could be
obtained just with the effect of schooling. In the following paragraph, we analyse the quantitative
effects of other variables.

An increase of one percentage point in the share of industry contributed to an increase in energy
intensity of 1.8% of the GDP per capita which is a very important effect when we recall that energy
intensity ranges from 0.6% of GDP (minimum) and has an average of 80% of GDP. Finally, a 1 USD
increase in energy dependency decreased the energy intensity by 0.001% of GDP per capita in the long
run and increased it by 0.001% in the short run. Again, looking at Table 1, the standard deviation of
energy dependency was 63021 USD; thus, a standard deviation increase in external dependency would
decrease energy intensity by 63.02% of GDP per capita in the long run and increase it by 63.02% in the
short run, which is undoubtfully a high quantitative effect.

Interestingly, in this regression, the income variable was not statistically significant in explaining
the decline in energy intensity, in the short, nor the long run, which was a common result in previous
empirical work on energy intensity. This may indicate that schooling tends to substitute income in
explaining the decline in energy intensity.

Because of that and to better assess the effect of schooling in explaining energy intensity,
we wanted to compare the results with the models in which we excluded schooling from the set
of regressors (columns (1) and (2)). While in the case presented in column (1), we used all the available
data after excluding schooling, in column (2), we fixed the same database that was used in the baseline
regression in column (3) so that, in this case, differences in results were not dependent on differences
in the database.

In the regression presented in column (1), a 1 unit increase in income per capita variations decreased
the energy intensity by 0.07% of GDP per capita in the short run. However, an increase in the net energy
dependence variation of 1 USD would increase energy intensity by 0.003% of GDP per capita in the short
run. Thus, in this regression, only statistically significant results were shown in the short run. In column
(2), also without schooling, but with the same sample as in the regression with schooling, all results were
maintained (here, a 1 unit increase in income per capita variations decreased energy intensity by 0.05%
of GDP per capita in the short run), but there was an additional statistically significant result—external
energy dependence also decreased the energy intensity in the long run by 0.002% of GDP per capita.

When comparing one regression to another, it seems that primary schooling and
deindustrialization are the most important explanations for the decline in energy intensity in the
long run after the second half of the 20th century, while the external energy imbalance seems to have
been the most influential variable both in the long and in the short run, working to decrease energy
intensity in the long run but increasing it in the short-run.

The effect of schooling as a substitution for income as a (negative) determinant of energy efficiency
was not determined by the different samples in the regressions. In fact, column (2) shows a relationship
that does not include schooling but maintains the smaller sample. This confirms that the negative
effect of income on energy intensity vanishes when schooling is introduced, even when exactly the
same sample is maintained.
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5. Shortcomings, Limitations and Prospects for Future Research

This study presents the limitations relative to the single econometric method and the dataset
that were used. However, we think that the method used was quite appropriate to the nature of data
(see, again, reference [37]), as it is robust to non-stationarity, cross-dependency and heterogeneous
effects. Additionally, the method also accounts for the omitted variable bias and reverse causality due
to common factors but has heterogeneous effects inside different countries—all important issues that
affect macroeconomic data in general and in our dataset in particular. In fact, causality was approached
with the error-correction method and by the introduction of lags of the explanatory variables, which is
the general approach for dealing with causality in econometrics (e.g., in other dynamic or system
GMM panel estimators, as initiated by reference [47]). However, it should be noted that the method
accounts for causality à la Granger (schooling helps to predict energy intensity) which does not exactly
mean that schooling cause energy intensity (decreasing it). This is a problem caused by the use of
secondary data and econometric methods. Future research may overcome this issue in the field of
experimental economics or through the study of cases monitoring the effective causality between
schooling (or education for environmental awareness) and the future behaviour of children or young
adults. Studies using twins could handle this issue. In fact, as argued by reference [48], the study of
twin pairs is consistent with a causal effect of lifestyle factors on important late-life outcomes, which
may be the object of future work.

As argued in reference [45], non-linearities are difficult to deal with this method and in order to
apply the correct methodology to address non-linearities we would need a larger database than the
one used in this paper. Note that a larger database would come in the expense of dropping covariates
that were already tested in econometric explanations of energy intensity which would lead to obvious
omitted variable bias.

The used data came from a credible database that is widely used in macroeconomics. Additionally,
after various attempts to improve coverage by concatenating different data sources, this was the one
that provided the widest possible panel for the variables used. However, it had also some drawbacks.
In particular, it is important to note that a reasonable proportion of the countries data ends in 1980 (see
Appendix for a complete description of the countries and years covered). In fact, data ends in 1980 for 17
out of 52 (33%) countries in column (1) (Table 3) and 12 out of 39 in columns (2) and (3) (31%). To overcome
this issue, country studies which using quarterly data on energy intensity and schooling may be an avenue
to be pursued by future research.
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Table 3. Schooling, income and energy intensity.

(1) (2) (3)
Without School-Enlarged Sample Without School-Same Sample With School

Income per capitat−1
−0.0001 −0.0001 −0.0001
(0.313) (0.188) (0.384)

∆ Income per capitat
−0.0007 *** −0.0005 *** −0.004

(0.000) (0.000) (0.192)

Industry Sharet−1
−0.009 −0.005 0.018 **
(0.140) (0.458) (0.027)

∆ Industry Sharet
0.004 0.03 0.015

(0.425) (0.574) (0.236)

External Dependencet−1
−0.0000 −0.00002 ** −0.0001 *
(0.174) (0.023) (0.100)

∆ External Dependencet
0.00003 *** 0.00003 ** 0.091 **

(0.003) (0.010) (0.034)

Primary Schoolt−1
— — −0.0005 ***

(0.002)

∆ Primary Schoolt
— — −0.0001

(0.615)

Error Correction Coefficient Ei t−1
−0.353 *** −0.355 *** −0.350 ***

(0.000) (0.000) (0.000)

N Observ. 1631 1266 1266

Avr. N Obs. 31.4 32.5 32.5

Min–Max 26–35 31–35 31–35

Number Countries 52 39 39

Wald 152.22 *** 136.85 *** 65.31 ***

CD-test (res) 2.98 *** (0.003) 2.52 ** (0.012) -0.36 (0.718)

Stat-test (res) rejects I(1) rejects I(1) rejects I(1)

Note: The dependent variable is energy intensity (energy consumption/GDP). Values in parentheses below
the coefficients are p-values from robust (clustered) standard errors. The regressions include two lags of
lagged differences of cross-section averages. Level of significance: *** for p-value < 0.01; ** for p-value < 0.05;
* for p-value < 0.1. The Wald test is a joint significance test for the regressors. The CD-test is a Pesaran (2004)
cross-section dependence test on the null value of cross-section independence done on the residuals from the
regression (p-value presented in parentheses). The stat-test is the [49] unit root test made on the residuals.
This test used four lags and rejected I(1), which means that in all lags, the test of the unit root rejects with and
without a trend. The list of countries that were used in the regressions is available upon request.

6. Conclusions and Policy Implications

The energy intensity (the ratio of energy use or consumption to GDP—which can also be seen as
an indicator of eco-efficiency) is one of the most debated indicators that relate to development and
environment protection and thus, to the creation of a circular economy. In this paper we illustrate that
schooling can have an effect on decreasing energy intensity, thus improving worldwide eco-efficiency
and helping to establish a circular economy. If levels of schooling prove to be effective in decreasing
the intensity in the use of energy, then they are contributing to a more ecologically efficient world.
The establishment of a circular economy depends crucially on the capacity to minimize the use of
non-renewable resources, pollution and waste for which ecological efficiency is a necessary condition.

First, we devised a simple model that explains the effect of schooling based on the trade-off
between consumption and schooling and on the influence knowledge should have in decreasing the
intensity in the use of energy. In aggregate terms, the growth rate of energy intensity was shown to be
dependent (positively) on the difference between the growth rate of consumption and the growth rate
of human capital and, as a result of that, energy intensity declined.

In an empirical application, we used an econometric estimator that is indicated for macroeconomic
large panel databases—with non-stationary data and cross-section dependence—which has recently
became available in the econometrics literature to address the determinants of energy intensity, namely
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schooling. Our results presented a significantly negative long run effect of primary schooling enrollment
on energy intensity. Furthermore, there was a negative influence of income on energy intensity in the
short run that vanished, however, when primary schooling enrollment was included in the regression.
This effect of primary schooling as a substitute for income per capita in explaining the diminishing energy
intensity that has been verified around the world may be explained by the effect that this level of schooling
has on the demand for new cleaner technologies that help to decrease energy intensity. At least two
reasons may be attributed to be beyond the importance of primary schooling: (i) the primary schooling
enrolment is a proxy for the investment a society is making on basic education, and environmental
awareness belongs to the set of basic education concepts; and (ii) basic education of children, including
environmental awareness, influences whole families to decrease their energy use or intensity (i.e., children
influence their own families’ behaviours). However, further research is needed to establish this in case or
experimental studies. The satisfaction of basic consumption needs at low income levels may justify why
energy intensity decreases only for higher development levels.

All in all, it seems that primary schooling and deindustrialization are the most important
explanations for the decline in energy intensity in the long run after the second half of the 20th
century, while the external energy imbalance seems to be the most influential variable both in the long
and in the short run, working in order to decrease the energy intensity in the long run but decreasing
it in the short run.

Our results highlight important policy implications. In the design of public educational policy,
policy makers should be aware of this effect of primary schooling on the decrease of energy intensity,
such that educational policy (targeted at primary schooling) may be seen as a substitute to public
efforts to reduce the consumption of energy and to increase environmental protection. Thus, the use
of revenue from taxes on energy consumption may have reinforcing effects if applied in primary
schooling. Also, the primary schooling syllabus should include issues related to energy use and
consumption, environmental responsible behaviour, environment protection and the danger of global
warming, as these should affect future generations’ behaviour towards energy use and thus, worldwide
eco-efficiency and the establishment of a truly circular economy.

This paper open the prospect of further research on the empirical relationship between education
and energy efficiency, substituting the focus that the literature has on the relationship with income.
Analysis of this relationship, both in micro and experimental studies, may complement the evidence
presented here.
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Appendix A. Alternative Results: Secondary Schooling

Table A1. Schooling, income, and energy intensity: alternative results to secondary schooling.

(1) (2) (3)
Without School-Enlarged Sample Without School-Same Sample With School

Income per Capitat−1
−0.0001 −0.0001 −0.0002
(0.313) (0.134) (0.461)

∆ Income per Capitat
−0.0007 *** −0.0007 *** −0.0003

(0.000) (0.000) (0.794)

Industry Sharet−1
−0.009 −0.004 0.0002
(0.140) (0.488) (0.119)

∆ Industry Sharet
0.004 0.02 −0.0004

(0.425) (0.663) (0.103)

External Dependencet−1
−0.0000 −0.00001 ** −0.00001 *
(0.174) (0.023) (0.058)

∆ External Dependencet
0.00003 *** 0.00003 *** 0.00006 ***

(0.003) (0.007) (0.000)

Secondary Schoolt−1 — — −0.0003
(0.461)

∆ Secondary Schoolt — — −0.0003
(0.794)

Error Correction Coefficient Ei t−1
−0.353 *** −0.367 *** −0.363 ***

(0.000) (0.000) (0.002)

N Observ. 1631 1266 1266

Avr. N Obs. 31.4 32.5 32.5

Min–Max 26–35 31–35 31–35

Number Countries 52 39 39

Wald 152.22 *** 67.41 *** 67.41 ***

CD-test (res) 2.98 *** 2.54 ** 0.71
(0.003) (0.011) (0.480)

Stat-test (res) rejects I(1) rejects I(1) rejects I(1)

Note: The dependent variable is energy intensity (energy consumption/GDP). Values in parentheses below
coefficients are p-values from robust (clustered) standard errors. The regressions include two lags of lagged
differences of cross-section averages. Level of significance: *** for p-value < 0.01; ** for p-value < 0.05;
* for p-value < 0.1. The Wald test is a joint significance test for the regressors. CD-test is a Pesaran (2004)
cross-section dependence test on the null value of cross-section independence done on the residuals from the
regression (p-value presented in parentheses). The Stat-test is the Pesaran (2007) unit root test made on the
residuals. This test used four lags and rejected I(1) meaning that in all lags, the test of the unit root rejects with
and without a trend. The list of countries were used in regressions is available upon request.

Appendix B. Sample Coverage: Countries and Years

Appendix B.1. Column 1

Argentina (1950–1980); Australia (1950–1980); Belgium (1950–1980); Bolivia (1950–2006);
Brazil (1950–2008); Bulgaria (1950–2009); Burma (1952–1980); Canada (1950–2009); Chile (1950–2009);
China PR(1959–2008); Colombia (1950–2008); Costa Rica (1953–2008); Czechoslovakia (1950–1980);
Denmark (1950–2008); Ecuador (1950–2008); El Salvador (1955–2008); Finland (1957–2008);
France (1950–2008); German DR (1953–1980); German FR (1953–1980); Greece (1950–2008);
Guatemala (1950–2008); Hungary (1950–2008); India (1951–1980); Indonesia (1953–2008);
Iran (1950–2007); Ireland (1950–1980); Italy (1950–2008); Japan (1956–2008); Korea, South (1952–2008);
Liberia (1950–1980); Mexico (1950–2008); Netherlands (1950–1980); Nicaragua (1950–2008);
Norway (1950–2008); Pakistan (1951–2008); Peru (1950–1980); Philippines (1950–2008);
Poland (1957–2008); Portugal (1950–2008); South Africa (1950–2008); Spain (1950–2008);
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Sweden (1950–1980); Switzerland (1950–1980); Thailand (1957–2008); Turkey (1950–1980);
USSR (Russia) (1950–1980); United Kingdom (1950–2008); United States (1950–2008);
Uruguay (1950–2008); Venezuela (1950–2008); Yugoslavia (1955–1980).

Appendix B.2. Column 2

Argentina (1950–1980); Australia (1950–1980); Belgium (1950–1980); Bolivia (1950–2006);
Brazil (1950–2008); Bulgaria (1950–2009); Burma (1952–1980); Canada (1950–2009); Chile (1950–2009);
China PR(1959–2008); Colombia (1950–2008); Costa Rica (1953–2008); Czechoslovakia (1950–1980);
Denmark (1950–2008); Ecuador (1950–2008); El Salvador (1955–2008); Finland (1957–2008);
France (1950–2008); German DR (1953–1980); German FR (1953–1980); Greece (1950–2008);
Guatemala (1950–2008); Hungary (1950–2008); India (1951–1980); Indonesia (1953–2008);
Iran (1950–2007); Ireland (1950–1980); Italy (1950–2008); Japan (1956–2008); Korea, South (1952–2008);
Liberia (1950–1980); Mexico (1950–2008); Netherlands (1950–1980); Nicaragua (1950–2008);
Norway (1950–2008); Pakistan (1951–2008); Peru (1950–1980); Philippines (1950–2008);
Poland (1957–2008); Portugal (1950–2008); South Africa (1950–2008); Spain (1950–2008);
Sweden (1950–1980); Switzerland (1950–1980); Thailand (1957–2008); Turkey (1950–1980);
USSR (Russia) (1950–1980); United Kingdom (1950–2008); United States (1950–2008);
Uruguay (1950–2008); Venezuela (1950–2008); Yugoslavia (1955–1980).

Appendix B.3. Column 3

Argentina (1950–1980); Australia (1950–1980); Belgium (1950–1980); Bolivia (1950–2006);
Brazil (1950–2008); Bulgaria (1950–2009); Canada (1950–2008); Chile (1950–2009);
Colombia (1950–2008); Costa Rica (1953–2008); Czechoslovakia (1950–1980); Ecuador (1950–2007);
France (1950–2008); Greece (1950–2007); Guatemala (1950–2008); Hungary (1950–2008);
Iran (1950–2007); Ireland (1950–1980); Italy (1950–2008); Korea, South (1952–2008);
Liberia (1950–1980); Mexico (1950–2008); Netherlands (1950–1980); Nicaragua (1950–2008);
Norway (1950–2008); Pakistan (1951–2008); Peru (1950–1980); Philippines (1950–2008);
Portugal (1950–2008); South Africa (1950–2008); Spain (1950–2008); Sweden (1950–1980);
Switzerland (1950–1980); Turkey (1950–1980); USSR (Russia) (1950–1980); United Kingdom (1950–2008);
United States (1950–2008); Uruguay (1950–2008); Venezuela (1950–2008).
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