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Abstract

Energy use has become a topical issue when assessing the economic growth
of countries. Indeed, energy use gives rise to greenhouse gas emissions, which
are undesirable side-products of economic growth. In this paper, we present
a non-radial multi-sector nonparametric production-frontier approach specially
tailored for addressing this issue. Our approach is consistent with previous
works and in line with recent policy and regulation implementations. We also
make use of second-stage country- and sector-level regression analyses to inves-
tigate how the efficiency results are affected by exogenous factors. We apply our
method to the case of 10 sectors in 19 European countries. Our results highlight
the need for policy and regulation implementations for each sector individually.
Indeed, our efficiency and regression results show that there exists a sector het-
erogeneity and that the room for increasing economic growth/reducing green-
house gas emissions is clearly different for each sector in every country. Finally,
our results highlight two sectors: 1) Agriculture and 2) Electricity, Gas and
Water, and that the Europe 2020 objectives are well set since they target the
most inefficient countries/sectors.
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1 Introduction

In this introductory section, we explain the relevance of our non-radial multi-sector
nonparametric production-frontier model to study economic growth of countries when
greenhouse gases are taken into account, and position our contributions in the relevant

literature.

Nonparametric production-frontier analysis. Recently, nonparametric production-
frontier models have gained in popularity in the study of economic growth. These
models, contrary to models based on Solow’s (1956) parametric decomposition of
the economic growth and/or on the Baumol (1986) — Barro (1991) cross-sectional
regressions, are not model driven.! Indeed, nonparametric production-frontier mod-
els reconstruct the production frontier without relying on any particular (typically
unverifiable) assumptions on the technology, market structure, technological change,
market imperfections or other aspects of the growth process. Therefore, these models
avoid biased results due to specific assumptions. The initial model, due to Kumar
and Russell (2002), assumes that countries use labour and capital to produce output
(i.e. GDP), and investigate for potential radial output increase (keeping capital and
labour constant). Next, Henderson and Russell (2005) and Badunenko, Henderson
and Russell (2013), inspired by the endogenous growth models of Lucas (1988) and
Romer (1990), extended the initial work of Kumar and Russell (2002) by incorporat-
ing human capital.? They used the human capital measure of Hall and Jones (1999),
which is based on the summary of returns-to-education regressions by Psacharopoulos
(1994). As Kumar and Russell (2002), they look at whether potential radial output

expansion is possible (keeping capital, human capital and labour constant).

Multi-sector nonparametric production-frontier analysis. Walheer (2016a,
b) extends the nonparametric production-frontier model of Henderson and Russell
(2005) and Badunenko, Henderson and Russell (2013) by integrating the sector het-

'Refer to Fire, Grosskopf and Lovell (1994), Cooper, Seiford and Zhu (2004), Cooper, Seiford
and Tone (2007), Fried, Lovell and Schmidt (2008) and Cook and Seiford (2009) for reviews on
nonparametric production-frontier models.

2Henderson and Russell (2005) and Badunenko, Henderson and Russell (2013) used the same
methodology. Badunenko, Henderson and Russell (2013) increase the sample (more countries and
a longer period of time) used in Henderson and Russell (2005). See also Walheer (2018d) for an
extension when (fossil and non-fossil) energy is included as an additional input.



erogeneity and interdependence. His technique keeps the same features as the pre-
vious models but reconstructs the production frontier for each sector individually.
Attractively, the multi-sector nonparametric production-frontier model does not re-
quire more assumptions on any aspect of the growth process, but, on the contrary,
increases the realism of the growth analysis and gives more detailed results.® As in
the initial paper of Henderson and Russell (2005), Walheer (2016a, b) investigates for
radial output expansion (keeping capital, human capital and labour constant), but at

both the sector and the country levels.

Energy and greenhouse gases. While the previous works have clearly revealed
their usefulness in practice to study the economic growth of countries, they ignore
two important recent aspects of the growth process, especially for advanced nations
(such as Europe in our application). On the one hand, they do not take energy
as an input. On the other hand, they do not take the greenhouse gas reduction
objective of the countries into account. Indeed, energy use gives rise to greenhouse gas
emissions, which are undesirable side-products of economic growth. Besides increasing
the economic growth, countries, and especially advanced nations (such as Europe
in our application), face greenhouse gas objectives/constraints. Recent policy and
regulation implementations include the Kyoto Protocol, the Europe 2020 strategy,
and the Paris Agreement.* As such, energy should be taken into consideration when
studying the economic growth of countries.

There are already papers related to this issue. Namely, Zhou and Ang (2008),
Zhang et al (2011), Bampatsou, Papadopoulos and Zervas (2013), Song et al (2013),
Wang, Lu and Wei (2013), Cherchye, De Rock and Walheer (2014), Apergis et al
(2015), Wang and Feng (2015), and Cantore, Cali, and te Velde (2016). Contrary
to the more standard production-frontier approach of Kumar and Russell (2002) and
followers, these authors do not make use of the radial output expansion. Bampatsou,
Papadopoulos and Zervas (2013) use a non-oriented radial nonparametric production-
frontier approach; Cherchye, De Rock and Walheer (2014) use an input-oriented radial
efficiency measurement; Cantore, Cali, and te Velde (2016) rely on a parametric
production approach; and Zhou and Ang (2008), Zhang et al (2011), Song et al
(2013), Wang, Lu and Wei (2013), Apergis et al (2015), and Wang and Feng (2015)

3See also Walheer (2018a, g) for empirical studies based on the multi-sector modelling.
4For recent studies about the Europe 2020 strategy refer, for example, to Pasimeni and Pasimeni
(2016), Rappai (2016), and Walheer (2017).



make use of a non-radial nonparametric production-frontier model. They motivate
their choice of a non-radial measurement by invoking several reasons. Firstly, it is
easy to combine both economic and environmental performances/objectives under a
unified treatment; this is not the case with radial measurements. Next, radial models
neglect slacks and, hence, do not capture all the inefficiency behaviour. Afterwards,
no transformation of the greenhouse gases is needed; nor extra assumptions about
the technology. Finally, a non-radial production-frontier model can avert the effect

of crowding out.

Contribution and application. In this paper, we consider a unifying approach
consistent with previous cited works and in line with recent policy and regulation
implementations. Firstly, our methodology is multi-sector, i.e. it models the sector
heterogeneity and interdependence. Next, human capital and (fossil and non-fossil)
energy are also present in our methodology. Afterwards, greenhouse gases, due to
the inputs and fossil energy use, are taken into account. As such, we consider both
economic and environmental objectives in our methodology, present also in policy
and regulation implementations. Finally, the links between inputs and outputs are
taken into account, which increases the realism of the approach.

We use the new methodology to investigate economic growth in Europe, taking
greenhouse gas emissions into account. We select a sample of 19 countries and 10
sectors during the period 2000-2015. Our results highlight the need for policy and
regulation implementations for each sector individually. Indeed, our efficiency results
show that there exists a sector heterogeneity and that the room for increasing the
economic growth/reducing the greenhouse gases is clearly different for each sector
in every country. Also, our efficiency results show that, on average, countries have
slowly increased their efficient behaviour for that period and that more than 50% (up
to 70%) of the countries are efficient in each sector.

We make use of second-stage regression analyses to investigate how the efficiency
results are affected by exogenous factors. We present both country- and sector-level
regressions. The country-level regression reveals that countries of the EU12 and G7
group, with higher labour productivity, a higher proportion of non-fossil to fossil en-
ergy use, and with smaller Europe 2020 energy targets and energy efficiency gaps,
have, on average, a less inefficient behaviour. As such, these countries have less room

for improvement. Policy and regulation implementations should therefore target, in



priority, countries that do not have that profile. Our regressions per sector show that
the profile is in fact sector-specific and confirm that policy and regulation implemen-
tations should be implemented for each sector in every country individually.

Finally, our efficiency and regression results highlight two sectors: Agriculture
and Electricity, Gas and Water. Agriculture is the most inefficient sector (based on
the median), and has the larger number of countries with an efficiency improvement.
For that sector, being an EU12/G7 member has a negative impact on the inefficiency
behaviour. Also, investing in more non-fossil energy use is clearly important since
it decreases the inefficiency, while the Europe 2020 renewable energy target has a
positive impact (meaning that this target is well set). Electricity, Gas and Water is
the most pollutant sector (more than 30% of total greenhouse gas emissions), but the
most efficient sector. It also presents large efficient progresses. Being an EU12/G7
member, having larger capital labour ratio, and increasing the non-fossil energy to
fossil energy use have a negative impact on the inefficiency behaviour for that sector.
Both the Europe 2020 renewable energy target and the gap between the current energy
use and the Furope 2020 energy efficiency target increase the inefficient behaviour,

meaning that these targets are well set.

Outline. The rest of the paper is structured as follows. In Section 2, we define the
non-radial multi-sector nonparametric production-frontier approach. In Section 3, we

present the results. In Section 4, we present our conclusions.

2 Multi-sector production-frontier approach

We start by defining the technology of the country in the multi-sector context. Then,
we present our efficiency measurements at both the sector and country levels, and

show how to compute these measurements in practice.

Define the technology. We assume that the sample contains J countries during 7'
periods of time. Also, we assume that each country j is composed of I sectors. Every
sector ¢ in country j at time ¢ uses labour L;;;, physical capital K;;, human capital
Hj;, fossil energy P;;; and non-fossil energy Ej;; to produce output Y;;. Capital,
labour and the two types of energy are completely allocated to the sectors since they

are specific to each sector . Human capital, which is computed with the average



number of years of education in the country (see Section 3.1), is common to the
sectors. The use of the inputs implies the emission of greenhouse gases, denoted Gjj.
While it is clear that fossil energy is directly related to the greenhouse gas emission
issue, it is perhaps less clear for the other inputs. In fact, we assume that it is the
joint use of the inputs that is the cause of the pollution. In other words, we assume
that physical and human capital and labour are also responsible (in an indirect way)
for the pollution. Clearly, non-fossil energy cannot be the cause of the emissions of

the gases. Figure 1 summarises the multi-sector setting we consider.

Figure 1: Multi-sector setting of country j in period ¢
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At this point, it is important to insist that the sectors are clearly interdependent
since they share common factors such as the government, the legal system, and the
education system of the country. (This is captured, in practice, by the presence of
common inputs to several sectors). Also, the output production and greenhouse gas
emissions are interdependent since they are produced by common inputs. Clearly,

those two interdependences make the modelling more complex but they increase the



realism of the efficiency analysis.’

As assumed in previous works (Henderson and Russell (2005), Badunenko, Hen-
derson and Russell (2013), Walheer (2016a, b)), human capital Hj; enters the tech-
nology as a multiplicative augmentation of labour input, i.e. ﬁijt = Hj;L;j;. Take

together, we observe the following data set D

A

D:{(}/;jtjG’L]t7L’L]t7KZ]t7EZ]t7P’LJt) ‘Z: 1,,I7j: 1,,J,t: 1,,T} (1)

The data set D allows us to characterise each sector in every country by its
own production technology sets. Formally, we reconstruct the set for the output
production and for the greenhouse gas emissions separately. We assume that those
sets are monotone (or free-disposal), convex and satisfy the constant returns-to-scale
assumption. These axioms are common to all the previous nonparametric growth
analysis and form a minimal attractive sets of axioms to avoid a trivial reconstruction
of the technology.® In particular, the technology set for sector 7 in country j at period

t is given for the output production by

(Y,L,K,E,P)|Y <X \jYig,
L> Z}'le )\ijtffijta
K > Z}]:1 Nije Kijt,
E > Z;]ZI it Eijt,
P> ijl it Pijis
ije > 0 Vi, V7, Vt.

Similarly, the technology set for sector ¢ in country j at period ¢ is given for the

greenhouse gas emissions by

(G, L, K, P)| G >3 G,
L> ijl ,U/ijtf/ijt?
Ti = K> Z}Izl Pije K, : (3)
P> Z}]:1 tije Pyt
Hijr > 0 Vi, V75, Vt.

5For more discussions on the interdependence between technologies in multi-output models, refer
also to Cherchye, De Rock and Walheer (2015), and Walheer (2018e, g).

SConstant returns-to-scale is a standard assumption for empirical macroeconomics. For sector-
level empirical studies, this assumption seems to be acceptable; see Walheer (2018c).



Clearly, the sets T) and T§ are interconnected since labour, capital and fossil
energy are used in both production sets. This captures, without requiring any extra
assumptions on any aspect of the production process, the interdependence between
the output production and the greenhouse gas emissions discussed before. This also
implies that it is impossible to produce output without emitting some greenhouse
gases. As a final remark, non-fossil energy is not present in the sets T since this
input is not responsible for the greenhouse gas emissions. As such, our modelling
increases the realism of the analysis since the links between the inputs and the outputs

are taken into account.

Nonparametric sector-specific efficiency measurements. As discussed in the
Introduction, we will consider that countries try to increase the output production
and reduce greenhouse gas emissions simultaneously. This is in line with recent policy
and regulation implementations such as the Kyoto Protocol, the Europe 2020 strategy,
and the Paris Agreement. We define for each sector 7 in country j at time ¢, TE;j,

the efficiency measurement as:

1 SY‘t S‘G‘t
TE;yy =1+ | =&+ =22 |. 4
" 2 <Y;jt Gijt (4)
sz’gt is the shortage in the output for sector 7 in country j at time ¢, while sgt is the

excess in the greenhouse gas emissions for sector ¢ in country j at time ¢. Clearly,
efficient behaviour implies that both s};t and sg-t are equal to zero, which gives TE,;; =
1. Greater inefficient behaviour implies that s};t and siGjt increases, making TFE,j;
greater. As such, TE;;; is bounded from below by 1. We also make explicitly used
of this interval to match the second-stage procedure in Section 3.2. Finally, the
measurement is directly related with Tone’s (2001) slacks-based measurement. In
particular, the normalisation comes from his measurement.

Our measurement presents several advantages. Firstly, it is difficult to rely on
radial efficiency measurements given the two objectives. Non-radial measurements
easily combine both economic and environmental performances under a unified treat-
ment. Next, radial models neglect slacks and, hence, do not capture all the inefficiency
behaviour. Afterwards, no transformation of the bad outputs is needed and no extra
assumptions are needed on the technology. Finally, a non-radial programming model

can avert the effect of crowding out.



Let us compare our suggested measurement with the previous studies. Kumar
and Russell (2002), Henderson and Russell (2005), Badunenko, Henderson and Russell
(2013), Walheer (2016a, b) only assume that countries try to increase the total output
and therefore rely on radial measurements. Zhou and Ang (2008), Zhang et al (2011),
Song et al (2013), Wang, Lu and Wei (2013), Apergis et al (2015), and Wang and Feng
(2015) rely on a fully non-oriented non-radial model, meaning that they assume that
countries want to increase output production, reduce greenhouse gas emissions and
also decrease all the inputs. We do not completely agree on this last part. Indeed,
reducing the labour input means creating unemployment, which is clearly not an
objective for a country. The same argument holds for human capital. For energy,
we could agree that fossil energy must be reduced (directly linked with the objective
of reducing the pollution), but not non-fossil energy. Finally, it is also difficult to
assume that countries try to reduce the capital input.

Moreover, reducing all the inputs is not an objective included in recent policy and
regulation implementations such as the Kyoto Protocol, the Europe 2020 strategy,
and the Paris Agreement. For example, two objectives of the Europe 2020 strategy
are to increase the employment rate and to increase R&D expanses (in % of GDP).
(Clearly, to meet these objectives, countries are not trying to decrease labour and the
two types of capital.

As such, our efficiency measurement TFE;;; keeps the initial objective structure
of the papers of Kumar and Russell (2002), Henderson and Russell (2005) and
Badunenko, Henderson and Russell (2013) and Walheer (2016a, b), but also takes
the reduction of greenhouse gases into account; and TFE;;; is consistent with recent
policy and regulation implementations.

Following our previous discussion, we will also consider a second efficiency mea-

surement when the reduction of fossil energy is included as a third objective:

1+ 1 <5};t + S%z)
— 2 \ Vit Gijt
TEijt - SP . (5)
_ Zigt
1 Py

sll-;t is the excess in the fossil energy for sector 7 in country j at time t. As before, an
. . . . P _ Y _ G _ . e . P

efficient behaviour implies that s;;, = s;;; = 577, = 0, making TE;;; = 1. If s, and /or

sy and/or s7, increase (reflecting more inefficient behaviour), TE;j;; will increase too.

Therefore, as TE,j, ﬁzjt is also bounded from below by 1. The two measures are



thus, in a sense, comparable since they are by definition in the same interval. Finally,
this objective is also in line with recent policy and regulation implementations since
it is present in the Europe 2020 strategy for example.

As a final remark, it is straightforward to include more objectives in the efficiency
measurement as demonstrated with ﬁiﬁ by adding the reduction of fossil energy.

The methodology we suggest does not rely exclusively on these specific objectives.

Nonparametric multi-sector efficiency measurements. Our previous mea-
surement T'F;;; provides efficiency information for each sector individually, it is also
important to provide such information at the aggregate production level, i.e. for each
country. We denote, for each country j at time ¢, the multi-sector (country-level)
efficiency measurement by MSTE ;. Clearly, as for TE;;;, MSTE; is bounded from
below by 1, with 1 indicating efficiency behaviour in country j at time t.

Let TEZ and TEjUt be the minimal and the maximal efficiency measurements of

the sector ¢ = 1,..., I in country j at time ¢, defined as follows:
TES = in By (6)
TES = e TE;j:. (7)

Then, the following clearly holds:

MSTEj, € [TEY,; TEY] (8)

Unfortunately, an easy way does not exist to aggregate the sector-level efficiency
to obtain the multi-sector efficiency. On the contrary, in the literature different ag-
gregation procedures exist that each have their advantages and disadvantages. As
it is not obvious what the best aggregation procedure is, and to avoid a particular
choice that could bias our results, we will rely on several aggregation procedures. See
Section 3.2 for more details.

The first aggregation procedure is to use a weighted sum of the sector efficiency
measurements to obtain the multi-sector efficiency measurement. On the one hand,
we could rely on pre-specified weights. For example, in a supply chain context, Liang
et al (2006) and Bichou (2011) use uniform weights. On the other hand, we could rely

on endogenous weights. For example, in a benchmarking context, Cherchye, De Rock

10



and Walheer (2016) and Walheer (2018b) obtain budget share or output share for the
weights. In their applications, they only consider one objective (and observe input
prices) so the weights are quite obvious and have nice economic interpretations.” In
our context, we have two (or three objectives) so the choice is less obvious, would
alternate the results, and the interpretation would be difficult.

Another option is to follow Walheer (2016a, b, 2018e) and give the ‘benefit of
the doubt’ to countries by evaluating each country by its least inefficient sector.
In the absence of a known aggregation procedure, it is the most favourable way
to aggregate the sector efficiency measurements in order to obtain the multi-sector
efficiency measurement. Clearly, we could also do the opposite by picking the most
inefficient sector to represent a country. This will give the least favourable case.

Finally, we could rely on non-linear aggregation procedures. An obvious choice
would be to take the median (or any quantiles) of the sector efficiency measurements in
order to obtain the country efficiency measurement. Another option would be to take
the product of the sector efficiency measurements. This multiplicative procedure has
also been used in a sub-process context in Zha and Liang (2010) and Li et al (2012).

The same procedures could be done for ﬁiﬁ. We obtain m jt, which repre-
sents the multi-sector efficiency measurement taking the three objectives into account.
MSTE ;¢ has an analogous interpretation to MSTE;, i.e. it is bounded from below
by 1, with 1 indicating efficiency behaviour in country j at time t.

As a final remark, we point out that MSTE (and MSTE ) gives a more complete
and more realistic analysis than the country-level efficiency measurements used in
previous works that are based on aggregated data; since our measurement takes the
multi-sector multi-objective setting into account; while keeping the same advantages
as their measure (i.e. no assumption on the technology and a single efficiency score

for each country).

Computing aspects. The above measure TFE;; is not directly useful since it is

based on the unknown excess/shortage. In practice, TFE; o, for io € (1,...,1),

"Similar procedures have been discussed in Fire and Zelenyuk (2003), Zelenyuk (2016), and
Walheer (2018a, f, g).
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Jjo€ (1,...,J)and ty € (1,...,T) are obtained by solving the following program:

1 sY s¢
TEiojoto = max 1 + = < + )

AigjtgHigity (TE{1,-- J}) 2 Yiojoto Giojoto

( Zoyoto Z >‘10Jt0 iojto )
( lo]oto Z )‘mjto iojtos

( Zojoto Z )‘Zojto t0jto>

( lojoto Z )‘ZOJto i0jt0>

( 1030t0 Z )‘Zojto tojtos

( mjoto Z :Ulo]to injto T s“
( ’Lojoto Z :ulojto i0jto>

( 10]oto Z :ulojto tojtos

( lo]oto Z :ulojto 05t )

(C 10 Zo]oto Zﬂloﬁo i0jto»

(C_ ) V] : )‘iojtm,uiojto Z 07
(C-12) s¥,s% > 0.

Constraints (C-1) , (C-2) , (C-3), (C-4) , (C-5) are present in the program be-
cause of the sets T}, while constraints (C-6) , (C-7), (C-8), (C-9), (C-10) are
present because of sets 7. (C-11) and (C-12) make sure that the multipliers are

positive. This program clearly shows once more our multi-objective structure. As
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a final remark, the program is directly related to Tone’s (2001) program. The only
difference is that Tone (2001) considers the inverse of TFE;;; as his objective function.
We make a different choice to be sure that our efficiency measurement is bounded
from below by 1 to match with our second-stage procedure (see Section 3.2).

Also, to obtain ﬁiojoto for ip € (1,...,1), jo€ (1,...,J)and t, € (1,...,T) we

could make use of a slightly modified version of the previous program. In fact, it

SY SG
H_% (Yiojoto +G7?0joto ; _ _
7 and modify (C-5) and (C-10)

s

suffices to replace the objective by

Pigioto
as follows:
J
(C‘5>7 Piojoto > Z /\iojtopiojto + SP7 (9)
j=1
J
(0'10)7 Piojoto 2 Z :uiojtopiojto +s". (10)
j=1

We remark that we use inequality constraints for (C-5)" and (C-10)’, instead of
equality constraints as above, to give enough flexibility to the multipliers. Clearly,
the program could be made linear by using Tone’s (2001) procedure. Given the
directness and for the sake of compactness we do not give the details here, but refer
to Tone’s (2001) paper.

3 Application

To present our application, we first discuss the specificities of our data and give the
descriptive statistics. Next, we give the efficiency results of the empirical analysis.

Finally, we present second-stage regression analyses.

3.1 Data and descriptive statistics

Data. We use the OECD Detailed National Accounts and EUROSTAT database
for the data of output (Y'), capital (K), labour (L), greenhouse gas emissions (G),
inflation and purchasing power parity. Y, proxied by the Gross Added Value, and
K, proxied by the Gross Capital Formation, are measured in millions of the current
national currency. To obtain comparable data, we correct those two variables by

inflation and by purchasing power parity. L is measured in thousands of people
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employed. G is given in tonnes of CO, equivalent. No correction is required for these
two variables.

For human capital (H), we follow the construction of Hall and Jones (1999):

Hj, = e, (11)
where ¢ is a piecewise-linear function, with a zero intercept and a slope of 0.134
through the fourth year of education, 0.101 for the next 4 years, and 0.068 for educa-
tion beyond the eighth year; and ej; is the average number of years of education of the
adult population in country j at time £. We use the most recent available database
given by Barro and Lee (2013) for ej;.

Total energy and non-fossil energy (E), both in millions in tonnes of oil equiv-
alent (toe), are taken from the OECD database. Fossil energy (P) is computed as
the difference between total and non-fossil energy, and is therefore also measured in
millions of toe.

We face two important constraints when constructing our final data set. On
the one hand, we have to restrict our analysis for the period 2000-2015 given the
availability of the data per sector (especially for G and H). On the other hand,
there exists no data for the energy use at the sector level. As such, we proxy the
sector-level fossil energy by using the relative greenhouse gas emissions per sector.
For the sector-level total energy, we make use of the relative output production per
sector. We then obtain the non-fossil energy at the sector level by subtracting the
sector-level fossil energy from the sector-level total energy. To avoid biased results due
to our approximations, we apply a modified version of the multi-sector production-
frontier approach with imprecise data from Walheer (2016b). That is, we compute
the efficiency using the most (least) favourable values for fossil and non-fossil energy
for the country under evaluation and the least (most) favourable values for the other
countries. The results are very similar for both cases for any confidence level. This
could be explained by the complexity of our model (4 inputs, 2 outputs, multi-sector,
multi-objective). Therefore, we only report one efficiency score in the following for
each country.

Our final data set consists of 19 European countries: Austria, Belgium, the Czech
Republic, Denmark, Estonia, Finland, France, Germany, Hungary, Ireland, Italy,

Luxembourg, the Netherlands, Norway, Poland, Slovakia, Slovenia, Spain, and Swe-
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den; and 10 sectors: Agriculture, Mining, Manufacturing, Electricity, Gas and Water,
Construction, Wholesale, Transport, Public Administration, Education, and Health.
Again, the missing countries and sectors (Fishing, Hotels and Restaurants, Financial
Intermediation, Real Estate, and Other Community Services) are explained by data
availability issues. Nevertheless, as shown below, we have good coverage ratios for all

variables with our final data set.

Descriptive statistics. Table 1 contains the relative shares of output, population,
labour, capital, non-fossil and fossil energy, and greenhouse gas emissions for the 19
European countries during the period 2000-2015. Table 2 gives the same relative
shares during the same period but for the 10 European sectors. Table 3 presents
the descriptive statistics for all the outputs and inputs at both levels. These three
tables highlight interesting patterns at both levels that we will relate to our efficiency

analysis in the next part.

Table 1: Relative shares per country

Country Y | POP L K E P G
Austria 257 | 239 | 218 | 232 | 5.72 | 1.79 | 2.07
Belgium 3.02 | 276 | 249 | 2.82 | 1.97 | 431 | 3.39
Czech Republic | 2.03 | 2.72 | 3.76 | 3.13 | 1.56 | 3.31 | 3.32
Denmark 1.62 | 1.42 | 1.72 | 1.55 | 2.22 | 1.25 | 2.74
Estonia 025 | 0.32 | 046 | 0.36 | 0.48 | 0.39 | 0.51
Finland 1.55 | 1.41 | 1.51 | 1.5 | 6.53 | 2.03 | 1.79
France 17.19 | 17.30 | 14.48 | 13.27 | 13.32 | 18.92 | 11.42
Germany 23.76 | 20.54 | 25.54 | 19.51 | 16.72 | 22.50 | 26.57
Hungary 1.58 | 2.67 | 263 | 1.75 | 1.16 | 1.92 | 1.71
Ireland 1.49 | 1.18 | 1.24 | 2.56 | 042 | 1.10 | 1.37
Italy 15.53 | 15.42 | 12.08 | 14.25 | 14.12 | 12.32 | 13.93

Luxembourg 0.35 | 0.17 | 0.15 | 0.32 | 0.11 | 0.39 | 0.28
Netherlands 5.55 | 432 | 4.62 | 5.15 | 211 | 591 | 5.79

Norway 229 | 1.32 | 1.74 | 251 | 956 | 1.51 | 1.73
Poland 5.18 | 9.76 | 10.01 | 822 | 3.97 | 8.06 | 9.84
Slovakia 097 | 055 | 149 | 1.36 | 0.65 | 1.32 | 1.18
Slovenia 0.04 1.34 | 0.62 | 1.85 | 0.62 | 0.52 | 0.66

Spain 11.99 | 11.86 | 10.52 | 14.52 | 7.55 | 9.84 | 9.95
Sweden 3.04 | 255 | 276 | 3.00 | 11.21 | 2.61 | 1.75

Total 100 100 100 100 100 100 100

Clearly, Germany has the larger shares of output, population, labour, capital,
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non-fossil and fossil energy and greenhouse gas emissions. After Germany, come
France, Italy and Spain with relatively high shares of the outputs and inputs. Next,
besides these four big countries, some smaller countries present particular interesting
features. Sweden, Norway, Finland, and Austria have high non-fossil energy use
shares, compared with their other shares. The Netherlands has a relatively large
share of greenhouse gas emissions. The Netherlands and Poland have high output,
labour, capital and greenhouse gas emissions shares. Belgium, the Netherlands and

Poland have relatively high shares of fossil energy use.

Table 2: Relative shares per sector

Sector Y L K G
Agriculture 2.82 5.39 | 4.86 2.71
Mining 1.34 0.42 2.01 1.51
Manufacturing 19.67 | 19.47 | 24.58 | 24.89
Electricity, Gas and Water | 2.24 | 0.84 | 5.23 | 30.45
Construction 6.47 8.25 4.89 1.27
Wholesale 13.13 | 16.27 | 9.49 1.91
Transport 6.91 6.22 | 11.69 | 13.07
Public Administration 8.27 896 | 12.57 | 0.59
Education 5.79 7.26 4.55 0.53
Health 8.99 | 10.28 | 6.04 0.66
Total 75.63 | 83.36 | 85.91 | 77.59

Manufacturing has the largest shares of output, labour, capital, and has high
greenhouse gas emissions. Wholesale also has relatively high shares of output, labour
and capital but a relatively low greenhouse gas emission share. Transport has a high
greenhouse gas emission share. Electricity, Gas and Water has a low labour share
with respect to the output share, and the biggest greenhouse gas emissions share. The
Public Administration, Education, and Health sectors have very low greenhouse gas
emission shares. The Transport and Public Administration sectors have high capital
shares. Construction and Health have large labour shares. Finally, our 10 sectors
represent around 75%-85% of the total of output, labour, capital, and greenhouse
gas emissions during the period 2008-2013 for the 19 European countries. We believe
that it is an acceptable rate that gives credit to the results of this analysis.

As a final remark, we do not present any relative shares nor descriptive statistics
for the fossil and non-fossil energy use at the sector-level in Tables 2 and 3 since,

as explained previously, these data are not available for the sectors. Using country-
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Table 3: Descriptive statistics

Per country Y L K E P G
Mean 547,168.32 | 22,657.50 | 87,498.18 | 129.17 | 1,098.31 | 160,820,488.80
Median 235,801.09 | 10,806.96 | 45,621.50 | 51.95 | 378.70 63,350,054.10

Minimum 23,420.92 673.14 4,041.79 1.92 58.70 9,099,689.00
Mazimum 2,482,983.45 | 110,058.59 | 356,061.29 | 336.25 | 4,436.78 | 811,159,518.60
Standard Dev. | 859,311.32 | 25,477.00 | 95,701.91 | 131.74 | 1,508.51 | 201,498,682.00

Per sector Y L K E P G
Mean 755,282.17 | 36,252.81 | 160,237.72 - - 258,393,305.40
Median 809,538.38 | 38,385.29 | 109,352.19 - - 63,305,974.60
Minimum 171,908.42 1,307.71 33,087.41 - - 19,600,487.50
Maximum 2,043,152.82 | 96,342.35 | 419,862.26 - - 1,030,769,887.00
Standard Dev. | 624,945.24 | 28,636.30 | 136,650.95 - - 341,393,368.82

level data, we reconstruct the sector -level data and apply a modified version of the
approach of Walheer (2016b) tailored to deal with imprecise data in a nonparametric

production-frontier approach. As such, there is no point in presenting these data.

3.2 Results

This section is divided into three parts. In the first part, we present the sector
and multi-sector efficiency results. Next, we make use of a second-stage regression
analyses. Finally, we redo all our computations when taking the extra objective of

reducing fossil energy use into account.

Efficiency results. We calculate the sector and multi-sector efficiency scores for
each country during the period 2000-2015 using the program of Section 2. Tables
4 and 5 give the results for the sector efficiency scores, while Table 6 presents the
results for the multi-sector efficiency scores.

Before interpreting the results, we first make a couple of remarks for Table 4.
Firstly, it is important to highlight that to obtain 1, a country has to be efficient during
the whole period. Next, for every sector in each country, the means and medians are
very close, which advocates for the absence of outliers in our sample.® Finally, the
sector heterogeneity is clearly present in our results. Indeed, the averages (between
1.11 and 1.32), the medians (between 1.05 and 1.36), the maximums (between 1.39

8The presence of outliers can be statistically tested as done by Walheer (2016a, 2018g) in similar
contexts.

17



Table 4: Sector-specific efficiency scores

Country A Mi | Ma | EGW | C \)\% T PA E H
Austria 1.29 | 1.00 | 1.16 | 1.35 | 1.38 | 1.12 | 1.27 | 1.02 | 1.32 | 1.00
Belgium 1.00 | 1.00 | 1.00 | 1.07 | 1.00 | 1.00 | 1.00 | 1.00 | 1.37 | 1.17
Czech Republic | 1.37 | 2.38 | 1.00 | 1.12 | 1.34 | 1.63 | 1.47 | 1.47 | 1.87 | 1.47
Denmark 1.58 | 1.36 | 1.05 | 1.14 | 1.44 | 1.00 | 1.46 | 1.15 | 1.00 | 1.00
Estonia 1.39 | 1.54 | 1.98 | 1.27 | 1.26 | 1.26 | 1.27 | 1.78 | 1.54 | 1.00
Finland 142 | 184 | 1.15 | 1.39 | 1.07 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00
France 1.52 | 1.03 | 1.17 | 1.17 | 1.07 | 1.35 | 1.00 | 1.12 | 1.47 | 1.37
Germany 144 | 1.32 | 1.02 | 1.00 | 1.03 | 1.21 | 1.21 | 1.00 | 1.86 | 1.47
Hungary 1.00 | 1.35 | 1.00 | 1.00 | 1.28 | 1.24 | 1.00 | 1.00 | 1.30 | 1.00
Ireland 1.40 | 1.38 | 1.00 | 1.15 | 1.17 | 1.00 | 1.00 | 1.26 | 1.32 | 1.24
Italy 1.36 | 1.70 | 1.03 | 1.13 | 1.33 | 1.20 | 1.12 | 1.00 | 1.00 | 1.22
Luxembourg 1.00 | 1.01 | 1.00 | 1.00 | 1.21 | 1.14 | 1.37 | 1.00 | 1.00 | 1.07
Netherlands 144 | 1.07 | 1.15 | 1.00 | 1.07 | 1.39 | 1.18 | 1.42 | 1.52 | 1.35
Norway 1.13 | 1.00 | 1.25 | 1.00 | 1.16 | 1.00 | 1.21 | 1.00 | 1.00 | 1.05
Poland 1.01 | 1.01 | 1.24 | 1.17 | 1.08 | 1.25 | 1.17 | 1.15 | 1.18 | 1.11
Slovakia 1.00 | 1.20 | 1.27 | 1.00 | 1.05 | 1.14 | 1.38 | 1.45 | 1.25 | 1.12
Slovenia 1.00 | 1.23 | 1.00 | 1.00 | 1.06 | 1.16 | 1.12 | 1.65 | 1.65 | 1.14
Spain 1.36 | 1.24 | 1.75 | 1.09 | 1.00 | 1.00 | 1.20 | 1.24 | 1.37 | 1.11
Sweden 145 | 1.24 | 1.00 | 1.09 | 1.37 | 1.10 | 1.17 | 1.00 | 1.00 | 1.00
Mean 1.27 | 1.81 | 1.17 | 1.11 | 1.18 | 1.17 | 1.19 | 1.20 | 1.32 | 1.15
Median 1.36 | 1.24 | 1.05 | 1.09 | 1.16 | 1.14 | 1.18 | 1.12 | 1.532 | 1.11
Min 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00
Maz 1.58 | 2.38 | 1.98 | 1.39 | 1.44 | 1.63 | 1.47 | 1.78 | 1.87 | 1.47
Std 0.20 | 0.35 | 0.26 | 0.12 | 0.14 | 0.16 | 0.15 | 0.24 | 0.28 | 0.16

eff 5 3 7 7 2 6 5 7 6 6

and 2.38), and the standard deviation (between 0.12 and 0.35) of the sector-specific
efficiency scores, as well as the numbers of efficient countries (between 2 and 7) are
significantly different between the 10 sectors. We give the most important results
below.

Seven countries are efficient in Manufacturing, Electricity, Gas and Water, and
Public Administration sectors. Electricity, Gas and Water is the most efficient sector,
as shown by the mean, median, maximum and standard deviation. This sector is the
most pollutant in Europe, while it has a low output share (see Table 2). The results
per country for that sector show that in several countries, there is little room to de-
crease the pollution more and/or increase the output, but there is clearly room in

Austria, Denmark, Estonia, Finland, Ireland, and Poland. Based on the mean, Agri-
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culture, Education, and Mining are the most inefficient sectors; it is also confirmed
by the medians. There are only two efficient countries in the Construction sector
(Belgium and Spain), but four countries are very close to being efficient (France, Ger-
many, the Netherlands, and Slovakia). Manufacturing, which is the most output-,
labour- and capital-intensive sector and has a large greenhouse gas emission share
(see Table 1), presents relatively good performances. Wholesale also has relatively
large shares of output, labour and capital but has a relatively low greenhouse gas
emission share (see Table 1), and presents good performances too. The Public Ad-
ministration, Education, and Health sectors present possible improvements. These
sectors have very low greenhouse gas emission shares meaning that it is most likely
the output side can still be increased.

The efficiency results in Table 4 give a good idea of the level of efficiency for
the period, but they do not show how the performances of the sectors have changed
for that period in every country. For this purpose, we make use of the efficiency
changes. Table 5 gives the efficiency change for the period. A value larger than 1
means that the performance of the sector has regressed, while a value smaller than 1
implies a performance progress. It turns out that 1 reflects the status quo in terms
of performance.

In every sector, more than 50% (up to 70% in some sectors) of the countries
present an efficiency improvement for the period 2000-2015. Also, the total average
of the efficiency changes is 1.009, which implies that on average the performances have
slowly increased. Agriculture, which has a low level of efficiency (see Table 4), has
the largest number of countries with an efficiency improvement. Health has the same
number of improvements as Agriculture. Manufacturing has the lowest mean (0.990)
and the lowest median (0.987) is for Construction. We observe the following large
regresses: Mining in Ireland, Manufacturing in Slovakia, Transport and Education in
Estonia; and progresses: Mining in Hungary and Finland, Manufacture in Austria,
Electricity, Gas, and Water in Spain and Ireland, Construction in Hungary and the
Czech Republic, Wholesale in Sweden, Eduction in Hungary, and Health in Slovakia.

Tables 4 and 5 provide efficiency information for each sector individually. We be-
lieve that it is also important to provide such information at the aggregate production
level, i.e. for each country. As explained in detail in Section 2, there does not exist
an easy way to aggregate the sector-level efficiency scores to obtain the multi-sector

efficiency score. As it is not obvious what the best aggregation procedure is and to
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Table 5: Sector-specific efficiency changes

Country A Mi Ma | EGW C \)\% T PA E H
Austria 1.000 | 1.000 | 0.620 | 0.960 | 0.970 | 0.945 | 0.945 | 0.940 | 0.980 | 1.000
Belgium 0.990 | 1.000 | 1.000 | 1.100 | 1.010 | 0.996 | 1.000 | 0.990 | 1.070 | 0.950
Czech Republic | 1.080 | 1.110 | 1.011 | 1.047 | 0.935 | 1.057 | 1.051 | 0.974 | 0.987 | 0.970
Denmark 0.980 | 1.140 | 1.016 | 1.020 | 0.987 | 1.000 | 1.002 | 1.012 | 0.999 | 1.000
Estonia 0.970 | 1.160 | 1.038 | 1.080 | 0.995 | 1.078 | 1.094 | 1.003 | 1.125 | 1.000
Finland 0.980 | 0.947 | 1.013 | 1.004 | 1.045 | 1.000 | 1.000 | 0.987 | 1.000 | 1.026
France 1.050 | 0.960 | 1.001 | 0.980 | 1.012 | 1.025 | 0.998 | 1.002 | 0.975 | 1.000
Germany 0.980 | 1.050 | 1.006 | 1.000 | 1.012 | 1.064 | 0.997 | 1.021 | 1.015 | 1.014
Hungary 1.000 | 0.920 | 1.000 | 1.000 | 0.965 | 1.003 | 1.001 | 0.999 | 0.935 | 1.000
Ireland 0.998 | 1.210 | 0.993 | 0.954 | 1.245 | 1.000 | 1.000 | 1.044 | 0.954 | 0.996
Italy 0.970 | 0.970 | 0.988 | 1.015 | 1.014 | 0.996 | 1.047 | 1.001 | 1.000 | 1.014
Luxembourg 1.000 | 1.003 | 1.000 | 1.000 | 0.970 | 1.045 | 0.999 | 0.999 | 1.001 | 1.068
Netherlands 0.980 | 1.025 | 1.008 | 0.999 | 0.965 | 1.002 | 0.987 | 0.978 | 1.002 | 1.014
Norway 0.989 | 1.000 | 1.001 | 1.000 | 0.947 | 1.000 | 1.047 | 1.001 | 1.000 | 1.000
Poland 1.001 | 1.000 | 0.978 | 1.040 | 0.962 | 0.994 | 1.087 | 0.996 | 0.987 | 1.000
Slovakia 1.001 | 1.085 | 1.150 | 1.321 | 0.954 | 0.987 | 1.075 | 1.000 | 1.012 | 0.954
Slovenia 0.999 | 0.965 | 1.000 | 1.001 | 0.954 | 1.024 | 0.958 | 0.978 | 1.008 | 0.984
Spain 1.012 | 1.080 | 0.992 | 0.410 | 1.000 | 1.000 | 1.047 | 1.054 | 1.014 | 1.024
Sweden 1.000 | 0.990 | 1.000 | 0.992 | 1.012 | 0.975 | 1.005 | 1.000 | 0.999 | 0.998
Mean 0.999 | 1.032 | 0.990 | 0.996 | 0.998 | 1.010 | 1.018 | 0.999 | 1.0053 | 1.001
Median 0.999 | 1.000 | 1.000 | 1.000 | 0.987 | 1.000 | 1.001 | 1.000 | 1.000 | 1.000
Min 0.970 | 0.920 | 0.620 | 0.410 | 0.935 | 0.945 | 0.945 | 0.940 | 0.935 | 0.950
Max 1.080 | 1.210 | 1.150 | 1.321 | 1.245 | 1.078 | 1.094 | 1.054 | 1.125 | 1.068
Std 0.026 | 0.077 | 0.094 | 0.158 | 0.065 | 0.031 | 0.040 | 0.024 | 0.039 | 0.025

#improvement 13 10 10 10 12 11 9 11 11 13

avoid a particular choice that could bias our results, we make use of five different
aggregation procedures. Best refers to the aggregation procedure that takes the most
efficient sector to represent a country. Worst is the opposite procedure, i.e. the less
efficient sector represents a country. Mean and Median are simply the mean and the
median of the sector-level efficiency scores. Multiplicative means that the multi-sector
efficiency scores are obtained as the product of the sector-level scores. We refer to
Section 2 for more details on each procedure, namely the advantages/disadvantages.
Clearly, the Best procedure is not very informative in this case since all countries,
except Poland, have at least one efficient sector, making the multi-sector score equal
to 1. For the Mean, Worst, and Multiplicative aggregation procedures it is enough to

have one inefficient sector to be inefficient, or in other words, a country is efficient only
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Table 6: Multi-sector efficiency scores

Country #efficient | Best | Worst | Mean | Median | Multiplicative
Austria 2 1.00 1.38 1.22 1.22 5.34
Belgium 7 1.00 1.37 2.22 1.00 1.72
Czech Republic 1 1.00 2.38 3.22 1.47 47.33
Denmark 3 1.00 1.58 4.22 1.15 6.22
Estonia 1 1.00 1.98 5.22 1.33 29.85
Finland 4 1.00 1.84 6.22 1.04 4.49
France 1 1.00 1.52 7.22 1.17 6.96
Germany 2 1.00 1.86 8.22 1.21 7.98
Hungary 6 1.00 1.35 9.22 1.00 2.78
Ireland 3 1.00 1.40 10.22 1.21 5.36
Italy 2 1.00 1.70 11.22 1.16 5.84
Luxembourg 5 1.00 1.37 12.22 1.01 2.05
Netherlands 1 1.00 1.52 13.22 1.27 9.09
Norway 5 1.00 1.25 14.22 1.03 2.08
Poland 0 1.01 1.25 15.22 1.16 3.52
Slovakia 2 1.00 1.45 16.22 1.17 5.10
Slovenia 3 1.00 1.65 17.22 1.13 5.24
Spain 2 1.00 1.75 18.22 1.22 7.25
Sweden 4 1.00 1.45 19.22 1.10 3.46
Mean 2.84 1.00 1.58 10.22 1.16 8.51
Median 2.00 1.00 1.52 10.22 1.16 5.34
Min 0.00 1.00 1.25 1.22 1.00 1.72
Max 7.00 1.01 2.38 19.22 1.47 47.33
Std 1.84 0.00 0.28 5.48 0.12 10.88

#Hefficient — 18 0 0 2 0

if all 10 sectors are efficient. It is why, for these procedures, no country is efficient.
The Median case could be seen as an intermediary procedure between these extreme
cases. It reveals that two countries are efficient and that the mean and median are
1.16.

At the country level, the number of efficient sectors per country is between zero and
seven. Belgium and Hungary are the only countries with seven and six efficient sectors,
respectively. Next, Luxembourg and Norway have five efficient sectors; Sweden and
Finland four, and Denmark, Ireland and Slovenia three. In fact, only Poland has no

efficient sector. The average number of efficient sectors per country is 2.84.
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Second-stage regression analysis. We investigate how the efficiency results are
affected by exogenous factors. We make use of the bootstrapping methodology for
left-truncated variables by Simar and Wilson (2007). This method has been used
extensively in the nonparametric production-frontier literature since it avoids the

problems of the OLS and Tobit regressions.” We choose eight independent variables,

summarised in Table 7.

Table 7: Independent variables

Variables Type Explanation
1 Dummy x1 = 1 if the country is a member of the EU12, ;1 = 0 otherwise
T Dummy o = 1 if the country is a member of the G7, x5 = 0 otherwise
x3 Continuous Capital-labour ratio
x4 Continuous Labour productivity
x5 Continuous Proportion of non-fossil to fossil energy use
T Continuous Renewable energy target of the Europe 2020 strategy
Ty Continuous | Energy use — energy efficiency target of the Europe 2020 strategy
g Dummy xg = 1 after the economic crisis of 2008, xg = 0 otherwise

Our dependent variable for the country-level regression is the multi-sector effi-
ciency score MSTE, and it is the sector-level efficiency score TFE for the sector-specific
regressions. These scores are in the interval [1;00), as required by Simar and Wil-
son’s (2007) procedure, meaning that a larger value implies more inefficient behaviour.
Therefore, a positive coefficient in the regression implies larger inefficiency. The re-
sults of the regressions can be found in Table 8 for the multi-sector efficiency score
and in Table 9 for the sector-specific efficiency scores. (In these two Tables, "***’
means significant at less than 1%, **" at 1%, and "** at 5%).

Clearly the values of the coefficients are different for each aggregation procedure
but what is important is that the sign of the significant coefficients are the same for all
the procedures. This implies that our results are in a sense robust to the aggregation
techniques chosen to obtain the multi-sector efficiency scores. Being a member of the
EU12 group implies that, on average, a country has a smaller inefficient behaviour.
The same holds for the G7 group. Next, the capital-labour ratio is only significant (at
5%) in one case and the coefficient is positive. The labour productivity has a negative

coefficient, meaning that a country with a higher labour productivity has on average

9We remark that there exists a debate in the literature on the proper way to evaluate the effect
of independent variables on the efficiency scores. We refer to Hoff (2007) and McDonald (2009) for
more discussion.
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Table 8: Multi-sector regressions

Variables Best Worst Mean Median | Multiplicative
constant 2.24FF | 2.708%F | 2.214** 3.185%* 15.074%*
1 -0.003*%* | -0.266* | -0.059*** -0.043 -13.415%**
T 0.006 | -1.241%* | -0.818*** | -0.475* -17.681*
T3 -0.125 | 167.148*% | 78.521* -16.919 -178.535
Ty 0.374 -17.912 3.478 -9.784%** -585.175***
x5 -0.003 -6.423% | -2.399%* | -0.891*** -81.627***
Zg -0.012 4.785* 2.157** 0.987** 68.817*
Ty 0.002%* 0.014 0.007** 0.012%* 0.354**
xg 0.25%* 0.321* 0.247 * 0.321°** 12.748*

a less inefficient behaviour. The proportion of non-fossil to fossil energy use also has
a negative impact on the inefficient behaviour, which implies that investing in greener
energy will increase the efficiency. The two targets of the Europe 2020 strategy have
the same impacts on the efficient behaviour. A country with a larger renewable energy
target has, on average, a larger inefficient behaviour; it implies that the targets are
well set. For the energy efficiency target, our results suggest that when the current
energy use is farther to the target, the inefficient behaviour increases. Finally, the
dummy variable capturing the post-crisis period is significant and positive, meaning
that the economic crisis of 2008 has had a negative impact on the efficiency of the
countries.

All in all, it means that members of the EU12 and G7 groups, with high labour
productivity and a high proportion of non-fossil to fossil energy use, with a smaller re-
newable energy target for the Europe 2020 strategy and closer to the energy efficiency
target of the Europe 2020 strategy, have, on average, a less inefficient behaviour. As
such, these countries have less room for improvement. Policy and regulation imple-

mentations should therefore target, in priority, countries that do not have that profile.

The previous conclusions are based on country-level regressions. The sector-
specific regressions clearly show another story. We focus our attention on the more
important results. Being an EU12/G7 member has a negative impact in the Agri-
culture and Electricity, Gas and Water sectors. A possible explanation is that too
many decisions are taken for these sectors at the European level, while more country-
specific decisions are needed. The capital-labour ratio has a negative impact in the

Agriculture and Electricity Gas and Water sectors, and a positive impact in the Public
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Table 9: Sector-specific regressions

Variables A Mi Ma EGW C

constant 0.816* 1.877* | 1.978%* | 1.112%* 1.432*
T 0.172** | -0.670* 0.070 0.107** 0.048
To 0.312* 1.441* | -0.122* 0.328* 0.311*
T3 -0.091** | 0.032 -0.167 | -0.112%* 0.345
T4 -0.057 -0.008 -0.009 -0.011 -0.015%**
T5 -0.717% | -3.917% | -0.672 -0.812%* 0.008
T 1.085*** | 3.312 1.078%* 1.312** 0.602
Ty 0.003 0.007* 0.031 0.018%* 0.081%**
g 0.01* 0.012 0.471** 0.000 0.214*

Variables W T PA E H

constant | 1.512*%* | 1.878* | 0.993* | 2.811*** | 1.871**
T -0.124 0.196 0.078 -0.127* 0.037
To 0.201* -0.118 -0.081 0.052 0.198
T3 -0.042 -0.008 0.017* 0.032 0.017
Ty 0.000 -0.002 | -0.032** | -0.018** -0.006*
5 -0.214 0.147 -0.781% | -2.072%** -0.147
T -0.198 0.047 0.615 0.189 -0.211
T 0.000 0.002 0.000 0.001 0.003
g 0.124* 0.471* 0.120 0.017 0.001

Administration sector. Increasing the labour productivity will lead to less inefficient
behaviour for four sectors. Investing in more non-fossil energy use is clearly important
in the Agriculture, Mining, Electricity, Gas and Water (the most pollutant sector),
Public Administration, Eduction and Health sectors; as the regression coefficients are
negative. The renewable energy targets of the Europe 2020 strategy have an impact
in the Agriculture, Manufacturing, and Electricity Gas and Water sectors. As such,
these targets seem well set since the Manufacturing, and Electricity, Gas and Water
sectors are the more greenhouse gas emission intensive sectors. The Europe 2020
energy efficiency target has a positive impact in three sectors, which confirms our

previous conclusion based on the multi-sector regressions.

Taking the fossil energy reduction objective into account. As discussed in
Section 2, we consider a second efficiency measurement by including a third objective:
reducing fossil energy consumption. We redo all the efficiency computations and
regress the obtained sector-level and multi-sector-level efficiency scores on the same

set of independent variables (see Table 7). All the detailed results are available in
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Tables 10 to 13 available the Appendix.

Clearly, adding a third objective can only increase the inefficient behaviours of
the countries and sectors. For instance, the total average is now 1.37 (it was 1.27
with two objectives), the number of efficient countries per sector is between 1 and
4 (it was between 2 and 7 with two objectives), and the number of efficient sectors
in each country is between 0 and 4 with an average of 1.37 (it was between 0 and
7 with an average of 2.84 with two objectives). Nevertheless, the efficiency results
(Tables 10 and 11) do not reveal different conclusions to those found previously. In
other words, it means that our previous findings remain valid even when including a
third objective in the efficiency evaluation exercise. This is also true when looking at
the regression results (Tables 12 and 13); there are differences when comparing with

the coefficients found before, but the signs of the coefficients are the same.

4 Conclusion

Energy use has become a topical issue when assessing the economic growth of coun-
tries. Indeed, energy use gives rise to greenhouse gas emissions, which are undesirable
side-products of economic growth. In this paper, we have presented a new non-radial
multi-sector nonparametric production-frontier approach specially tailored for ad-
dressing this issue. Our model could be seen as a unifying approach consistent with
previous works and is in line with recent policy and regulation implementations.
Firstly, our methodology is multi-sector, i.e. it models the sector heterogeneity and
interdependence. Next, human capital and (fossil and non-fossil) energy are also
present in our methodology. Afterwards, greenhouse gases, due to the inputs and
fossil energy use, are taken into account. As such, we consider both economic and
environmental objectives in our methodology, present also in policy and regulation
implementations. Finally, the links between inputs and outputs are taken into ac-
count, which increases the realism of the approach.

We have applied our method to the case of 10 sectors in 19 countries in Europe.
Our efficiency results highlighted the need for policy and regulation implementations
for each sector individually. Indeed, our efficiency results showed that there exists a
sector heterogeneity and that the room for increasing the economic growth/reducing
the greenhouse gas emissions is clearly different for each sector in every country. Also,

our efficiency results showed that, on average, countries have slowly increased their
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efficient behaviour for that period and that more than 50% of the countries are efficient
in each sector. We made use of country- and sector-level second-stage regression
analyses to investigate how the efficiency results are affected by exogenous factors.
The country-level regression revealed that members of the EU12 and G7 groups, with
a high labour productivity and high proportion of non-fossil to fossil energy use, with
smaller renewable energy targets and being closer to the energy efficiency target of the
Europe 2020 strategy , have, on average, a less inefficient behaviour. As such, these
countries have less room for improvement. Policy and regulation implementations
should therefore target, in priority, countries that do not have that profile. Our
regressions per sector showed that the profile is in fact sector-specific and confirm
that policy and regulation implementations should be implemented for each sector in
every country individually. Finally, our results highlighted two sectors: Agriculture
and Electricity, Gas and Water; and that the targets of the Europe 2020 strategy are
well set since they target the most inefficient countries/sectors.

Finally, we point out several limitations of our empirical study and indicate direc-
tions for further research. The first and main limitation we faced is clearly the issue
of data availability; although the data set we used for our application offers decent
coverage ratios (see Section 3.1). In general, sector-level data are much less complete
than country-level data. Moreover, data are not available for some sectors and coun-
tries; and the time span is rather short (i.e. 15 years). Next, other procedures could
be used to construct fossil and non-fossil energy values for the sectors; although our
results are rather robust to several specifications (see Section 3.1). Afterwards, nu-
clear energy is atypical as, contrary to other non-fossil energies, it is associated with
environmental issues. Therefore, when such data is available, the computation can
be redone with nuclear energy as a third type of energy in the production process.
Finally, more targets and objectives can be considered; as, for example, those in the
Europe 2020 and 2030 strategies.
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Appendix

Table 10: Sector-specific efficiency scores

Country A Mi | Ma | EGW | C \%% T PA E H
Austria 1.42 | 1.29 | 1.28 1.18 1.32 1 1.29 | 1.39 | 1.03 | 1.42 | 1.25
Belgium 1.06 | 1.09 | 1.42 1.12 1.06 | 1.00 | 1.42 | 1.22 | 1.03 | 1.75
Czech Republic | 1.22 | 1.52 | 1.06 1.56 1.32 | 147 | 1.39 | 1.32 | 1.78 | 1.28
Denmark 1.55 | 1.26 | 1.31 1.47 1.36 | 1.37 | 1.42 | 1.28 | 1.18 | 1.17
Estonia 1.51 | 1.45 | 1.07 | 142 | 1.51 | 1.39 | 1.32 | 1.65 | 1.75 | 1.54
Finland 1.43 | 1.89 | 1.34 1.45 1.39 | 1.00 | 1.09 | 1.42 | 1.00 | 1.00
France 1.18 | 1.15 | 1.25 1.00 1.37 | 1.15 | 1.09 | 1.31 | 1.00 | 1.01
Germany 1.00 | 1.01 | 1.02 1.12 1.08 | 1.16 | 1.01 | 1.08 | 1.00 | 1.27
Hungary 1.03 | 2.07 | 1.00 1.00 1.29 | 147 | 1.28 | 1.12 | 1.47 | 1.06
Ireland 142 | 2.63 | 1.22 | 145 | 149 | 1.15 | 1.00 | 1.47 | 1.38 | 1.17
Italy 1.51 | 1.00 | 1.00 1.12 1.12 | 1.29 | 1.09 | 0.99 | 1.05 | 1.22
Luxembourg 1.74 | 1.35 | 1.21 1.00 1.50 | 1.28 | 1.47 | 1.00 | 1.00 | 1.37
Netherlands 1.44 | 1.02 | 1.00 1.15 1.36 | 1.29 | 1.45 | 1.41 | 1.45 | 1.41
Norway 1.42 | 1.15 | 1.10 1.00 1.38 | 1.02 | 1.56 | 1.21 | 1.03 | 1.07
Poland 1.02 | 1.05 | 1.08 | 1.02 | 1.18 | 1.28 | 1.22 | 1.54 | 1.38 | 1.09
Slovakia 1.00 | 1.87 | 1.42 1.18 1.00 | 1.24 | 1.18 | 1.95 | 1.42 | 1.54
Slovenia 1.00 | 2.02 | 1.00 1.15 1.12 | 1.12 | 1.12 | 1.47 | 1.82 | 1.28
Spain 1.32 | 1.00 | 1.02 1.07 1.00 | 1.27 | 1.17 | 1.02 | 1.41 | 1.09
Sweden 1.44 | 1.36 | 1.00 1.08 141 | 1.12 | 1.32 | 1.06 | 1.27 | 1.00
Mean 1.37 | 1.48 | 1.15 1.19 1.28 | 1.25 | 1.26 | 1.29 | 1.31 | 1.24
Median 1.29 | 1.29 | 1.08 | 1.12 | 1.32 | 1.27 | 1.28 | 1.28 | 1.38 | 1.22
Min 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 0.99 | 1.00 | 1.00
Max 1.7 1 263 | 1.42 | 1.56 | 1.51 | 1.47 | 1.56 | 1.95 | 1.82 | 1.75
Std 0.22 | 0.45 | 0.15 | 0.18 | 0.16 | 0.14 | 0.16 | 0.25 | 0.27 | 0.20

#efficient 3 2 4 4 2 2 1 2 3 2
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Table 11: Multi-sector efficiency scores

Country #efficient | Best | Worst | Mean | Median | Multiplicative
Austria 0 1.03 1.42 1.22 1.29 11.97
Belgium 1 1.00 1.75 2.22 1.11 6.11
Czech Republic 0 1.06 1.78 3.22 1.36 24.87
Denmark 0 1.17 1.55 4.22 1.34 17.58
Estonia 0 1.07 1.75 5.22 1.48 40.99
Finland 2 1.00 1.89 6.22 1.37 11.32
France 2 1.00 1.37 7.22 1.15 3.86
Germany 2 1.00 1.27 8.22 1.05 2.00
Hungary 2 1.00 2.07 9.22 1.20 9.03
Ireland 1 1.00 2.63 10.22 1.40 26.87
Italy 2 0.99 1.51 11.22 1.11 3.38
Luxembourg 3 1.00 1.74 12.22 1.32 10.99
Netherlands 1 1.00 1.45 13.22 1.39 12.39
Norway 1 1.00 1.56 14.22 1.13 5.26
Poland 0 1.02 1.54 15.22 1.14 5.04
Slovakia 2 1.00 1.95 16.22 1.33 19.55
Slovenia 2 1.00 2.02 17.22 1.14 11.18
Spain 2 1.00 1.41 18.22 1.08 3.35
Sweden 4 1.00 1.44 19.22 1.20 5.94
Mean 1.37 1.02 1.69 10.22 1.24 12.19
Median 1.29 1.00 1.56 10.22 1.20 10.99
Min 0.00 0.99 1.27 1.22 1.05 2.00
Max 4.00 1.17 | 2.63 19.22 1.48 40.99
Std 1.09 0.04 0.32 5.48 0.13 9.75
#efficient — 14 0 0 0 0
Table 12: Multi-sector regressions
Independent variable | Best | Worst | Mean | Median | Multiplicative
constant 1.112% | 2.152%* | 0.987* | 1.214** 16.057*
T -0.005 | -0.662* | -0.112*%* | -0.012 -12.278*
T 0.032 1.217*% | 0.578%** 0.074 22.179*
T3 -5.917 | 82.178 -9.241 | -39.412%* -1984.921
T4 2.152*% | -23.918 3.922 8.724** 612.472
x5 -0.122% | -4.042*% | -0.991** | -0.642** -59.041*
T 0.312 | 4.891*%* | 0.952%* | 1.272%* 187.613**
x7 0.005** | -0.009 | 0.032** | 0.006** 0.666**
Ty 0.09*% | 0.214%* | 0.112* 9.478%*
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