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A B S T R A C T   

This paper assesses the relative eco-efficiency changes in the electricity and gas sector (E&G)’ production and 
consumption chains in 28 European countries. We propose a novel robustness assessment for the productivity 
index, specifically adjusted to value-based data envelopment analysis. Overall, results indicate that total factor 
productivity gains have been mainly driven by the catch-up effect across all chains of the E&G sector. When a 
more demanding perspective concerning negative environmental externalities is adopted, we find that the 
number of European countries that achieved productivity gains across all chains decreases. Besides, results depict 
the existence of lower productivity gains for the direct production chain when compared with the direct and 
indirect supply chains of the E&G sector. Germany, Luxembourg, and Belgium were consistently viewed as in-
novators across all chains, according to the environmental perspective. Several Eastern Europe countries usually 
viewed as policy laggards that resisted adopting the ambitious European decarbonization targets, showed total 
factor productivity gains in the supply chain of the E&G sector under a more environmental demanding 
perspective. Czechia was the only country with productivity losses across all chains, due to increasing coal-fired 
electricity generation in the time horizon assessed. The current partial return to coal as a source of electricity, 
due to the geopolitical tensions between Russia and Europe, brings additional challenges to the enhancement of 
the eco-efficiency of the European E&G sector.   

1. Introduction 

The electricity and gas (E&G) sector is of paramount importance 
both to the economy and to the environment, motivating a pervasive 
interest in the assessment of energy systems, explicitly addressing their 
eco-efficiency [1], including country-level analyses of European coun-
tries [2,3]. Eco-efficiency is intrinsically related to sustainability as it 
couples at least two of its pillars, i.e., economics and the environment 
[4]. In this context, Data Envelopment Analysis (DEA) can be especially 
useful because it allows for the integration of multiple axes of sustain-
ability evaluation into a single indicator, thereby facilitating policy 
decision making [5]. 

The DEA methodology has been largely employed in the evaluation 
of the efficiency of the energy sector, as reviewed by Ref. [1]. Ref. [6] 
tackled two of the shortcomings identified in the articles examined by 
Ref. [1] and suggested how to mitigate them. They applied the Direc-
tional Distance Function (DDF) model with the Economic Input-Output 

Life Cycle Assessment (EIO-LCA) tool to address the eco-efficiency 
evaluation of the E&G industry of 28 European countries between 
2010 and 2014. Later, Ref. [7] employed the Value-Based DEA (VBDEA) 
approach in the conversion of decision-makers’ (DMs’) preferences into 
value functions in the eco-efficiency evaluation of the E&G sector. One 
of the key innovations in their work was the use of value functions 
inspired by Ref. [8], but with the zero-state as the reference state. 

VBDEA is an efficiency assessment method that combines the addi-
tive model of DEA with Multiple Criteria Decision Aiding (MCDA) [9]. 
By extending the traditional additive DEA method, VBDEA allows con-
verting inputs and outputs into value scales. This can be particularly 
convenient not only for taking into consideration the preferences of the 
DMs but also for easily handling negative or null data. 

Despite the fact that VBDEA can be useful in a variety of situations (e. 
g., Refs. [7,10–15] ), no prior work has addressed productivity change 
within the VBDEA framework in the E&G sector, nor has it contrasted or 
explored the impact of distinct stances toward the environment by using 

* Corresponding author. Polytechnic of Coimbra, Coimbra Business School | ISCAC Quinta Agrícola, Bencanta, 3040-316, Coimbra, Portugal. 
E-mail addresses: mgouveia@iscac.pt (M.C. Gouveia), chenriques@iscac.pt (C.O. Henriques), lmcdias@fe.uc.pt (L.C. Dias).  

Contents lists available at ScienceDirect 

Socio-Economic Planning Sciences 

journal homepage: www.elsevier.com/locate/seps 

https://doi.org/10.1016/j.seps.2023.101609 
Received 16 December 2022; Received in revised form 4 April 2023; Accepted 8 May 2023   

mailto:mgouveia@iscac.pt
mailto:chenriques@iscac.pt
mailto:lmcdias@fe.uc.pt
www.sciencedirect.com/science/journal/00380121
https://www.elsevier.com/locate/seps
https://doi.org/10.1016/j.seps.2023.101609
https://doi.org/10.1016/j.seps.2023.101609
https://doi.org/10.1016/j.seps.2023.101609
http://crossmark.crossref.org/dialog/?doi=10.1016/j.seps.2023.101609&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


Socio-Economic Planning Sciences 87 (2023) 101609

2

value functions that model different perspectives concerning environ-
mental impact. This work aims to fill this void. 

In classical DEA, the Malmquist Index and the Luenberger Produc-
tivity Indicator have been established to appraise changes in efficiency 
over time [16]. These productivity indices are obtained from the effi-
ciency scores computed with DEA models and allow measuring total 
factor productivity (TFP). TFP can be decomposed into Technical 
Change and Efficiency Change [17]. Technical Change evaluates shifts 
in the production frontier, also known as “frontier shifts”. Efficiency 
Change assesses changes in the position of a Decision-Making Unit 
(DMU) regarding the efficient frontier (the catching-up effect). 

The Malmquist-Luenberger Productivity Index (MLPI) is commonly 
used to assess environmental efficiency and productivity change over 
time when desirable and undesirable factors coexist. Concerning spe-
cifically the electricity sector, Ref. [18] studied the progress of pro-
ductivity in Illinois electric utilities by developing an input-based 
Malmquist productivity index based on Shephard’s input distance 
function. Also, Ref. [19] estimated the MLPI to measure the productivity 
in Japan’s steam power-generation sector in 1978–2003. Similarly, 
Ref. [20] used the MLPI approach and ANOVA to evaluate the dynamics 
of productivity changes in the Australian electricity industry. In a similar 
vein, Ref. [21] suggested a new slacks-based DEA measure to compute 
the meta-frontier MLPI to gauge the productivity change in three 
different categories of 48 Iranian thermal power plants over eight years. 
Later, Ref. [22] developed a new approach by integrating the 
slacks-based measure to enhance the MLPI through a material balance 
condition, using data from Iranian gas-fired power plants from 2003 to 
2010. 

The model used in this work follows the rationale of the Luenberger 
Productivity Indicator because it matches better the non-oriented and 
non-radial nature of VBDEA and has other advantages over the Malm-
quist Index [16,23,24]. Since the Luenberger indicator is a 
difference-based measure whereas the Malmquist index is a ratio-based 
measure, it does not have the same well-known issues related to infea-
sibility; the Luenberger indicator does not account for slacks; and it also 
does not have the validity issues associated with the production of un-
desirable outputs [25]. 

Hence, the present work introduces three main contributions: it 
proposes the use of the VBDEA productivity index for assessing which 
factors are behind the relative eco-efficiency changes of the E&G sector, 
thus allowing to further understand if efficiency enhancements were the 
result of pure efficiency (movements toward the frontier) or technology 
improvements (frontier shifts); it develops a novel robustness assess-
ment for the productivity indicator; and it applies the model to data from 
the E&G sector of 28 European countries, illustrating the effect of using 
different value functions for the factors representing negative external-
ities to the environment from a “neutral” perspective and nonlinear 
value functions for an “environmentally demanding” perspective. 

The remainder of this paper is organized as follows: Section 2 further 
describes the methodological approaches used and developed in this 
study; Section 3 presents the data employed to demonstrate the useful-
ness of the proposed methodology; Section 4 presents the value func-
tions representing different evaluation perspectives in this context; 
Section 5 presents the results; Section 6 provides the robustness 
assessment of the results obtained; Section 7 discusses the results ob-
tained; and Section 8 draws some conclusions. 

2. The methodological approach 

The next sections provide a description of the VBDEA methodolog-
ical approach and its main underpinning assumptions. 

2.1. VBDEA 

The VBDEA model [9,26] tackles both the scaling bias and the 
absence of interpretation of the scores obtained through the DEA 

additive model [27]. This is accomplished by combining the DEA and 
MCDA frameworks, embedding the DMs’ preferences, and translating 
the performances of the DMUs into value scales. 

Consider the set of n DMUs {DMUj : j= 1,…, n} that are being 
evaluated based on their performance on q criteria. Each DMUj (j = 1,…,

n) is thus characterized by a performance vector (x1j, …, xmj, y1j, …, ypj) 
with q = m + p elements, such that xij (i= 1,…,m) are minimized (in-
puts and undesirable outputs), and yrj (r= 1,…, p) are maximized 
(outputs). The transformation of inputs and outputs is based on Multi- 
Attribute Utility/Value Theory (MAUT/MAVT) [28] and consists of 
building partial value functions {vc(.), c= 1,…, q} that represent the 
DM’s preferences. Specifically, each of the partial functions indicates 
how much the DM values each performance level, according to a [0, 1] 
value scale, so that the performance of DMU j in criterion c (pcj) has the 
value 0 in the worst case and the value 1 in the best case. The value 
function is increasing if the criterion represents a desirable output pro-
duced, and it is decreasing if it represents the level of consumption of an 
input, or an undesirable output. Therefore, the DM wishes to maximize 
all the value functions. These q functions are aggregated into a global 
value function according to an additive model, 

V
(
DMUj

)
=
∑q

c=1
wcvc

(
DMUj

)
, (1)  

where wc ≥ 0, ∀c = 1, …, q and 
∑q

c=1wc = 1. In the spirit of DEA, each 
DMU can choose the weight vector that places it in the best possible light 
when compared to its peers. Namely, the weights (scale coefficients) w1,

…,wq of the additive value function are set in such a way that each 
alternative minimizes the value difference to the best alternative, 
following the min-max regret rule [29]. 

After converting all the criteria into a value scale, the VBDEA re-
quires two phases. Phase 1 consists of solving the linear program (2) to 
obtain the efficiency score, d∗

k, and the corresponding weighting vector, 
w∗

k, for each DMUk (k = 1, …, n): 

min
dk ,w

dk  

s.t.
∑q

c=1
wcvc

(
DMUj

)
−

∑q

c=1
wcvc(DMUk)≤ dk, j= 1,…, n; j∕= k  

∑q

c=1
wc = 1  

wc ≥ 0, ∀c = 1,…, q (2) 

The optimal value of the objective function, d∗
k is the value difference 

to the best of all DMUs (note that the best DMU will also depend on w), 
excluding itself from the reference set (i.e., computing a superefficiency 
score). If d∗

k is negative, then DMUk under evaluation is efficient, and the 
more negative the value d∗

k, the more efficient is DMUk. 
VBDEA, like other non-radial models (e.g., the Range Adjusted 

Measure [30]) makes no assumption about returns to scale and therefore 
can be considered a benevolent perspective towards efficiency, when the 
DMUs use a constant returns to scale technology. We can note, however, 
that since VBDEA is not ratio based and the variables undergo a trans-
formation, it does not allow considering scale in the usual sense. 

The VBDEA method can also include a Phase 2, omitted here, to 
compute the corresponding projected point on the efficient frontier of 
the DMUk under evaluation (for further details, see Ref. [9]). 
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2.2. Productivity index 

The TFP indicator for VBDEA is obtained as follows [14]1: 

TFPt+1
t,k =

1
2
{
− d∗ t ( DMUt+1

k

)
− d∗ t+1 ( DMUt+1

k

)
+ d∗ t ( DMUt

k

)
+ d∗ t+1( DMUt

k

)}

(3)  

where t refers to year t and t + 1 refers to a later year, respectively. Here, 
d∗t

(DMUt
k) and d∗t

(DMUt+1
k ) represent the (in)efficiency scores of DMUk 

in years t and t + 1, according to the efficiency frontier in year t. Iden-
tically, the (in)efficiency scores of DMUk in years t and t + 1, are 
expressed by d∗t+1

(DMUt
k) and d∗t+1

(DMUt+1
k ), according to the effi-

ciency frontier in year t+1. 
Ref. [17] proposed the decomposition of TFP into technical change 

(TC) and efficiency change (EC). By adapting this decomposition in the 
framework of the VBDEA, we define formulations (4) and (5): 

TCt+1
t,k =

1
2
{

− d∗ t( DMUt+1
k

)
+ d∗ t+1( DMUt+1

k

)
− d∗ t( DMUt

k

)
+ d∗ t+1 ( DMUt

k

)}
, (4)  

ECt+1
t,k = d∗ t ( DMUt

k

)
− d∗ t+1( DMUt+1

k

)
, (5) 

Subsequently, the TFP for the VBDEA is also adapted, and it is given 
as: 

TFPt+1
t,k =TCt+1

t,k + ECt+1
t,k . (6) 

Then, the frontier shifts obtained for any DMU are given by the value 
of the TC and do not necessarily mean that the corresponding DMU 
moves the frontier of production in a better direction. Thus, the DMUs 
that move the frontier line, i.e., the “innovators” (see Ref. [17]), are 
those fulfilling the next three conditions (for a given DMUk): 

TCt+1
t,k > 0, (7)  

d∗ t+1( DMUt
k

)
< 0, (8)  

d∗ t+1( DMUt+1
k

)
< 0. (9) 

The proposed index respects the well-known decomposition into TC 
and EC of the classical Luenberger indicator. Other decompositions have 
been proposed in the literature, namely considering scale changes as 
well [31], but these do not apply to VBDEA since it is based on value 
functions and not the original units of the factors/criteria. This means 
that if a DMU changes to consume 10% more inputs and produce 10% 
more outputs, then the overall value of the DMU will change according 
to the way the DM values these differences. 

In order to compute d∗t
(DMUt+1

k ) and d∗t+1
(DMUt

k) formulation (2) is 
modified in a way that enables the analysis of efficiency changes over 
time. For the computation of d∗t+1

(DMUt
k), we assume that the DMUk is 

under evaluation and has values from the year t, and all the other DMUs 
have values from the year t+1 (see linear problem (10)). To compute 
d∗t

(DMUt+1
k ) we assume that the DMUk under evaluation has year t+1 

values and all other DMUs have year t values (see linear problem (11)). 

min
dk ,w

dt+1
k

(
DMUt

k

)
,

s.t.
∑q

c=1
wcvc

(
DMUt+1

j

)
−
∑q

c=1
wcvc

(
DMUt

k

)
≤ dt+1

k

(
DMUt

k

)
, j= 1,…, n; j∕= k  

∑q

c=1
wc = 1,

wc ≥ 0, ∀c = 1,…, q. (10)  

min
dk ,w

dt
k

(
DMUt+1

k

)
,

s.t.
∑q

c=1
wcvc

(
DMUt

j

)
−

∑q

c=1
wcvc

(
DMUt+1

k

)
≤ dt

k

(
DMUt+1

k

)
, j= 1,…, n; j∕= k,

∑q

c=1
wc = 1,

wc ≥ 0, ∀c = 1,…, q. (11)  

2.3. Robustness analysis 

Most real-life problems must deal with data uncertainty, which is 
challenging for DEA models since efficiency outcomes are highly 
dependent on the data. The VBDEA model can handle both uncertainty 
and infeasibility [26]. The robustness analysis using VBDEA has been 
used for examining the robustness of efficiency results considering 
perturbations in the factors or to investigate the robustness of results 
attained for all feasible input and output weights and selecting a com-
mon vector of weights to capture the stability of results given the mul-
tiplicity of possible scenarios [13,15]. Besides, it allows performing a 
robustness assessment by considering the perturbations in the DMUs’ 
performance within a given interval. To address this concern, Ref. [26] 
proposed an optimistic and pessimistic efficiency measure that enables 
classifying each DMU as surely efficient, surely inefficient, or undeter-
mined (potentially efficient), for an established tolerance value. 

Let the value of pcj (denoting an input to be minimized or an output 
to be maximized for DMUj) be uncertain and varying within the range 
pcj(1 − δ) ≤ pcj ≤ pcj(1+δ) for a given tolerance δ. Considering that the 
value functions vc(.) are increasing for factors to be maximized and 
decreasing for factors to be minimized, let vL

c (DMUj) and vU
c (DMUj)

denote, respectively, the lowest and highest value obtained by DMUj for 
the given tolerance interval: 

vL
c

(
DMUj

)
=

{
vc
(
pcj(1 − δ)

)
, if c is being maximized

vc
(
pcj(1 + δ)

)
, if c is being minimized (12)  

vU
c

(
DMUj

)
=

{
vc
(
pcj(1 + δ)

)
, if c is being maximized

vc
(
pcj(1 − δ)

)
, if c is being minimized (13)  

Hence, vL
c (DMUj) ≤ vc(DMUj) ≤ vU

c (DMUj), for c={1, …, q}. 
The optimistic efficiency measure is obtained by assuming the best 

value of the intervals for the DMUk under assessment and the worst 
value of the intervals for all the other DMUs. The opposite is used to 
calculate the pessimistic efficiency measure. 

On the one hand, the best optimal value to this problem is obtained 
by considering the most favorable version of the objective function (i.e., 
the lower bound of the interval objective function since it is a minimi-
zation problem) and the maximum value range inequality (i.e., the 
widest version of the feasible region that in inequality constraints should 
have the lowest value on the left hand side and the upper value on the 
right hand side of the constraints) [32,33]. On the other hand, the worst 
optimal value to this problem is computed by considering the less 
favorable version of the objective function (i.e., the upper bound of the 
interval objective function since it is a minimization problem) and the 
minimum value range inequality (i.e., the tightest version of the feasible 
region that in inequality constraints should have the upper value on the 
left hand side and the lower value on the right hand side of the con-
straints) [32,33]. 

1 Please note that these formulas are slightly different from the ones pre-
sented in Ref. [14] due to a typo. 
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Hence, we propose the optimistic efficiency measure, 
dopt∗t+1

(DMUt
k), for DMUk, which allows obtaining the best optimal 

value, given by linear program (14):   

Also, the optimistic efficiency measure dopt∗t
(DMUt+1

k ) for DMUk is 
obtained by (15):   

To compute the pessimistic efficiency measure dpess∗t+1
(DMUt

k) for 
DMUk, which allows obtaining the worst optimal value, we solve (16). 

Analogously, the pessimistic efficiency measure dpess∗t
(DMUt+1

k ) for 
DMUk is obtained by (17):  

Note that linear programs (14) to (17) are solved after the original 
performance of the criteria is converted into value scales. The optimistic 
and pessimistic measures of efficiency dopt∗t

(DMUt
k), dopt∗t+1

(DMUt+1
k )

and dpess∗t
(DMUt

k), dpess∗t+1
(DMUt+1

k ) for each DMUk, are obtained by 
following a similar reasoning to problems (14), (15) and (16), (17), 
respectively. 

Finally, from the solution to these problems it is possible to obtain 
the ranges of variation of TFP, EC and TC, respectively.   

[
EcLt+1

t,k ,ECUt+1

t,k

]
= [dopt∗ t ( DMUt

k

)

− dpess∗ t+1 ( DMUt+1
k

)
, dpess∗ t ( DMUt

k

)
− dopt∗ t+1 ( DMUt+1

k

)]
(19)  

[TFPLt+1

t ,TFPUt+1

t

]
= [TCLt+1

t +ECLt+1

t ,TCUt+1

t +ECUt+1

t

]
(20) 

As a result, a DMU is surely TFP robust if, following the changes in its 
criteria, the TFPLt+1

t > 0 and TFPUt+1

t > 0; whereas it is potentially TFP 

robust if TFPLt+1

t < 0 and TFPUt+1

t > 0. Following a similar approach, 
analogous conclusions can be reached for EC and TC, allowing one to 

determine whether a DMU is surely, potentially (or not) robust in terms 
of its TFP, EC and TC for the considered tolerance. 

3. Eco-efficiency and productivity change in the E&G sector 

Within the context of the E&G sector, this work contributes to the 
research stream on the assessment of productivity change over time, as 
well as the research streams on eco-efficiency assessment using VBDEA 
and input-output (IO) economic models. In particular, the analysis 
presented in the next sections elaborates on the prior work by Refs. [6, 
7], who were the first to combine IO analysis with DEA in the 

min
dk ,w

doptt+1

k

(
DMUt

k

)
, s.t.

∑q

c=1
wcvL

c

(
DMUt

j

)
−

∑q

c=1
wcvU

c

(
DMUt+1

k

)
≤ doptt+1

k

(
DMUt

k

)
, j= 1,…, n; j∕= k,

∑q

c=1
wc = 1,wc ≥ 0, ∀c= 1,…, q. (14)   

min
dk ,w

doptt
k

(
DMUt+1

k

)
, s.t.

∑q

c=1
wcvL

c

(
DMUt+1

j

)
−

∑q

c=1
wcvU

c

(
DMUt

k

)
≤ doptt

k

(
DMUt+1

k

)
, j= 1,…, n; j∕= k,

∑q

c=1
wc = 1,wc ≥ 0, ∀c= 1,…, q. (15)   

min
dk ,w

dpesst+1

k

(
DMUt

k

)
, s.t.

∑q

c=1
wcvU

c

(
DMUt

j

)
−

∑q

c=1
wcvL

c

(
DMUt+1

k

)
≤ dpesst+1

k

(
DMUt

k

)
, j= 1,…, n; j∕= k,

∑q

c=1
wc = 1,wc ≥ 0,∀c= 1,…, q. (16)   

min
dk ,w

dpesst

k

(
DMUt+1

k

)
, s.t.

∑q

c=1
wcvU

c

(
DMUt+1

j

)
−

∑q

c=1
wcvL

c

(
DMUt

k

)
≤ dpesst

k

(
DMUt+1

k

)
, j= 1,…, n; j∕= k,

∑q

c=1
wc = 1,wc ≥ 0, ∀c= 1,…, q. (17)   

[
TCLt+1

t,k ,TCUt+1

t,k

]
=

[
1
2

{
dopt∗ t ( DMUt+1

k

)
+ dopt∗ t+1( DMUt+1

k

)
− dpess∗ t ( DMUt

k

)
+ dopt∗ t+1 ( DMUt

k

)
,
}
,

1
2
{

dpess∗ t ( DMUt+1
k

)
+ dpess∗ t+1( DMUt+1

k

)
− dopt∗ t ( DMUt

k

)
+ dpess∗ t+1( DMUt

k

)}
]

(18)   
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eco-efficiency assessment of the E&G sector. 
We began the criteria selection process by examining the previous 

studies of [34] and [35], which combine IO analysis with DEA. In gen-
eral, these studies use labor and capital as Inputs, pollutant emissions as 
undesirable Outputs and Gross Value Added (GVA) or Gross Domestic 
Product as (desirable) Outputs. Based on these examples and following 
[6], the inputs and outputs used here as criteria in the VBDEA model are 
presented in Table 1. 

Detailed data can be obtained from Ref. [36]. The time horizon 
selected incorporates the impact of the financial and Fukushima crises 
and the effect of the Russian annexation of Crimea in May 2014. Table 2 
provides data on the descriptive statistics for 2010 and 2014 and shows 
that, despite the increase in capital stock and GVA, the environmental 
performance improved over the time horizon of this study for all chains 
of the E&G sector. 

Table 2 also shows that labor, emissions, and GVA from the direct 
supply chain (i.e., considering sectors directly engaged with the E&G 
sector) are lower than those from the indirect supply chain of the E&G 
sector (i.e., using the sectors indirectly linked with the E&G sector). The 
dependence of all sectors (particularly those involved in the indirect 
supply chain) on the E&G sector itself explains these findings. 

4. Value functions 

In VBDEA, the performance of each factor is converted into a value 
scale, as described in Section 2.1. The value functions are defined 
individually for each factor, so that the worst level of the original scale 
on each factor has a value of 0, and the best level has a value of 1. After 
that, all factors can be treated as criteria to be maximized. 

The VBDEA allows using non-linear functions to match the value 
differences that DMs place on performance improvements. Different 
procedures to elicit value functions from DMs are available (see 
Ref. [28]), which have been used in previous studies [10–12]. In this 
application to the assessment of eco-efficiency in the E&G sector, hy-
pothetical (rather than elicited) value functions that we have called 
neutral and environmentally demanding are used to illustrate two 
different perspectives of analysis concerning negative environmental 
externalities. 

To define the domain of each value function, two limits were 
determined for each criterion, ML

c and MU
c , such that 

ML
c < 0.9 × min{pcj, j= 1,…,28} and MU

c > 1.1× max{pcj, j = 1,…,28}, 
for each c = 1,…,6, already taking into account the tolerance δ = 10% 
assigned to the performance values. 

Under the neutral perspective, all value functions are linear, being 
converted into the range [0, 1] through transformation (21a). Such 
functions entail that the same absolute improvement adds the same 
value to a DMU, regardless of the starting point. 

vc
(
DMUj

)
=

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

pcj − ML
c

MU
c − ML

c
, if criterion c is output

MU
c − pcj

MU
c − ML

c
, if criterion c is input

, j= 1,…, 28; c= 1, 2, 6

(21a) 

The environmentally demanding perspective uses non-linear value 
functions (21 b) in the factors associated with pollution (xO3PR; xACG; 
xGHG): 

Table 2 
Descriptive statistics of all DMUs.  

Direct Production Chain Labour (×1000) K (×10^6 €) GHG (×1000 ton) ACG (×1000 ton) O3PR (×1000 ton) GVA (×10^6 €) 

2010 Minimum 1 404 1206 1 3 70 
Maximum 249 219,861 357,283 652 423 56,033 
Average 47 39,002 47,401 122 82 8108 
Standard deviation 61 54,220 75,520 166 115 12,214 

2014 Minimum 1 550 765 1 2 43 
Maximum 250 222,906 352,117 497 407 49,571 
Average 45 44,493 41,284 87 68 8432 
Standard deviation 60 58,483 72,323 129 104 12,222 

Direct supply chain 

2010 Minimum 0 – 110 0 0 18 
Maximum 150 – 23,958 47 60 11,077 
Average 20 – 3344 8 7 1489 
Standard deviation 30 – 5914 11 13 2463 

2014 Minimum 0 – 5 0 0 16 
Maximum 148 – 21,975 37 54 11,285 
Average 19 – 2861 6 6 1598 
Standard deviation 30 – 5121 9 11 2681 

Indirect supply chain 

2010 Minimum 1 – 439 1 1 36 
Maximum 215 – 144,848 232 176 29,249 
Average 36 – 18,334 47 33 4032 
Standard deviation 48 – 29,660 63 47 6208 

2014 Minimum 1 – 338 0 1 26 
Maximum 213 – 152,050 185 179 27,997 
Average 35 – 16,418 34 28 4291 
Standard deviation 48 – 30,136 50 43 6535 

Source: [6]. 

Table 1 
Criteria considered in the Value-Based DEA model.   

Criteria Units 

To be minimized Jobs in full time equivalent (FTE) 1000 employees 
Nominal Capital Stock (K) 106 € 
GHG emissions 1000-ton CO2 eq. 
Acidifying gas (ACG) emissions 1000-ton SO2 eq. 
Ozone precursors (O3PR) 1000-ton NMVOC eq. 

To be maximized Gross Value-added (GVA) 106 € 

Note: GHG – Greenhouse Gas; CO2 – carbon dioxide; SO2 – sulphur dioxide; 
NMVOC - Non-methane volatile organic compounds; € - euro, eq. - equivalent. 
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Fig. 1. Contribution of TC (TECHCH) and EC (EFFCH) to TFP in the Direct production chain.  

Fig. 2. Ranking of efficiency according to VBDEA in the Direct Production Chain.  
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vc
(
DMUj

)
=

ln
(
MU

c

)
− ln

(
pcj

)

ln
(
MU

c

)
− ln

(
ML

c

), j= 1,…, 28; c= 3, 4, 5 (21b) 

This transformation is applied only to the three undesirable outputs. 
Its decreasing and convex shape implies that the same absolute 
improvement adds more value to a DMU if the emissions are low than if 
the emissions are high. Thus, it demands a greater reduction of these 
outputs from countries with high levels of emissions to obtain the same 
increase in value. Eq. (21b) also ensures the performances are converted 
into the interval [0, 1]. 

Table 3 shows the original data and the corresponding value func-
tions for the neutral and environmentally demanding perspectives, 
respectively, focusing on the Direct Production Chain in 2010. 

5. Results 

Next, we analyze the results regarding the evolution of TFP. A pos-
itive TFP indicates gains in productivity across the period under anal-
ysis. Changes in TFP are also split into TC and EC. While the former 
indicates shifts in the production frontier, the latter indicates changes in 
the position of a DMU relative to the frontier. 

Fig. 1 depicts the TFP drivers for the various countries’ direct pro-
duction chains according to distinct value functions2. 

Considering the direct production chain and the value functions that 
reflect neutrality, fourteen countries face TFP losses, namely (in 

decreasing order): Germany, Spain, Finland, Poland, Czechia, Estonia, 
Greece, Romania, the Netherlands, Croatia, Latvia, Cyprus, Hungary, 
and Denmark (see the top of Fig. 1). The country with the highest TFP 
gains for the direct production chain is France, which occupied the 4th 
and 2nd places of the ranking of efficient countries in 2010 and 2014, 
respectively (see the left-hand side of Fig. 2). Also, according to this 

Fig. 3. Tc (TECCH) and EC (EFFCH) across EU28 in the Direct production chain.  

Table 4 
Correlation and average values of TC, EF and TFP – Direct Production.  

Neutral TC EC TFP Environmental demanding TC EC TFP 

TC (correlation) 1.000   TC (correlation) 1.000   
EC (correlation) − 0.930 1.000  EC (correlation) − 0.960 1.000  
TFP (correlation) − 0.770 0.950 1.000 TFP (correlation) − 0.820 0.950 1.000 
TFP (average values) 0.005 − 0.005 0.000 TFP (average values) 0.000 − 0.003 − 0.002 
TFP>0 (average values) 0.002 0.008 0.010 TFP>0 (average values) − 0.008 0.020 0.012 
TFP<0 (average values) 0.007 − 0.018 − 0.011 TFP<0 (average values) 0.004 − 0.014 − 0.009  

Table 5 
Countries viewed as innovators.  

TC innovator Neutral Environmentally demanding 

DMU DMU 

Direct Production Chain DE DE 
- MT 
LU LU 
IT - 
SE - 
BE  

Direct Supply Chain DE DE 
CY CY 
DK DK 
IE IE 
LU LU 
UK UK 
BE - 
SE - 

Indirect Supply Chain DE DE 
LU LU 
SE SE 
AT - 
BE - 
FR -  

2 The result discussion of the direct and indirect supply chains is given in 
Appendix A (in Supplementary Material). 
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perspective, the country with the second highest TFP is the UK, despite 
being at the bottom of the ranking of inefficient countries in both 
years—see the left-hand side of Fig. 2. Italy (which was positioned in the 
3rd and 4th places of the ranking of efficient countries in 2010 and 2014, 
respectively) occupies the third place in terms of TFP gains. Ireland and 
Slovakia rank 4th and 5th, respectively. 

If we further examine the reasons behind TFP changes, it can be 
concluded that sixteen countries had a positive value for TC in the direct 
production chain of the E&G sector, showing the existence of techno-
logical progress across the period under assessment (see top of Figs. 1 
and 3 (upper left side)). The biggest frontier shift belongs to Germany; 
see the upper left side of Fig. 3. Besides, under the neutral perspective, 
from the top of Figs. 1 and 3 (bottom left side), it is possible to establish 
that nineteen out of the twenty-eight countries show a negative EC. 
Nevertheless, EC is highly correlated to TFP gains (see Table 4). One 
curious result is the one reached in the case of Germany (one of the 14 
countries with TFP losses), because this country reaches the worst po-
sition in terms of TFP and EC, whereas it manages to attain the biggest 
frontier shift. Contrarily, France has the highest gains both for TFP and 
EC, which surpass the worst value attained for TC. 

For the value functions that represent an environmentally 
demanding stance, thus penalizing countries facing higher pollution 
levels, only nine countries show TFP gains (i.e., Luxembourg, France, 
UK, Ireland, Malta, Italy, Slovakia, Portugal, and Bulgaria), compared to 
the previously fourteen countries with positive gains. These findings 
suggest that, when considering this new perspective, most of the coun-
tries face productivity losses (see the bottom of Fig. 1), because this 
perspective becomes more stringent in terms of environmental out-
comes. When compared to the previous perspective, France drops one 
position in TFP, and rises from the 27th place in terms of efficiency in 
2010 to the 4th place in 2014. 

If we further evaluate the reasons supporting TFP gains, it can be 
established that except for Malta, all the countries in this condition had a 
positive value for EC in the direct production chain of the E&G sector 
(see bottom of Fig. 1 and bottom of Fig. 3 (bottom right side)). Once 
again, the biggest frontier shift belongs to Germany—see the upper right 
side of Fig. 3. Besides, from an environmentally demanding perspective, 
from Fig. 1 (bottom) and 3 (bottom right side), it is possible to establish 
that sixteen countries show a negative EC. Nevertheless, EC is highly 

correlated to TFP gains (see Table 4). Only Germany, Malta, 
Luxembourg, Cyprus, and Slovenia have positive TC. Then again, Ger-
many attains a curious result (one of the nineteen countries with nega-
tive TFP) because this country achieves the worst position in terms of 
TFP and EC while managing to accomplish the biggest frontier shift. 
Contrastingly, France has the 2nd highest TFP gain and the 1st position 
in terms of EC, thus compensating for the worst value achieved for TC. 

On average, according to a neutral perspective, the countries 
improved their performance in 2014 when contrasting their perfor-
mances against the efficient frontier of 2010 (i.e., they had a positive 
TC), but endured efficiency losses when compared to their peers in the 
same year (i.e., they had a negative EC)—see Table 4. However, ac-
cording to a more environmentally demanding perspective, the coun-
tries kept their performance in 2014, when contrasting their 
performances against the efficient frontier of 2010 (i.e., they had a 
nearly null TC), but endured efficiency losses when compared to their 
peers in the same year (i.e., they had a negative EC)—see Table 4. 

Furthermore, those countries that experienced TFP gains from a 
neutral perspective had positive TC and positive EC, whereas those 
countries that experienced TFP gains from an environmentally 
demanding perspective had positive EC but negative TC (see Table 4). 
Finally, on average, according to both perspectives, TFP losses meant 
that EC was negative, and TC was positive (see Table 4). 

Because the TC only represents the shift in the production frontier 
from that country’s perspective, a positive value of this indicator does 
not necessarily imply that the country shifted the frontier line in a more 
desirable direction. Hence, we will next determine which countries are 
responsible for shifting the production frontier, also known as “in-
novators” [17]. Table 5 shows the countries that were found to be in-
novators across all chains. In this case, according to the neutral 
perspective, Germany, Luxembourg, Belgium, and Sweden are in-
novators across all chains. Under the environmentally demanding 
stance, the list of innovators remains almost the same, except for Swe-
den, which no longer becomes an innovator in the direct supply chain. 
Overall, according to this perspective, the number of innovators di-
minishes when compared to the neutral perspective. 

Fig. 4. TC and EC across EU28 in the Direct Production Chain – Environmentally demanding (5%).  
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6. Robustness assessment 

We have performed a robustness analysis of the results in the face of 
uncertain information using linear problems (14) to (17), considering 
tolerances (δ) of 5% or 10%. This type of analysis enabled us to find 
whether each country is surely, potentially, or not robust in terms of its 
TFP, EC, and TC for a given tolerance. 

Figs. 4 and 5 show whether each country maintains its status in terms 
of TFP, EC, and TC for the direct production chain of the E&G sector 
from an environmentally demanding and neutral perspective, respec-
tively, considering a 5% tolerance. Similar information is depicted in 
Figs. 1b and 6b in Appendix B (see Supplementary Material) for a 
tolerance of 10%. Figs. 2b-5b and Figs. 7b–10b, in Appendix B, present 
analogous results for the remaining direct and indirect supply chains for 
both tolerances and perspectives. 

From the analysis of Figs. 4 and 1b in Appendix B (i.e., from an 
environmentally demanding perspective), it can be concluded that in the 
direct production chain, all countries show potential TFP gains for δ =
5% and even δ = 10%. Furthermore, no country will surely suffer TFP 
losses because of these tolerances. In terms of TC, the conclusion that 
Malta shows gains is robust for δ = 5%, while the remaining countries 
will potentially face TC. For δ = 10% all countries can potentially ach-
ieve technological progress. In what concerns the EC, only France surely 
shows efficiency gains for δ = 5%, while the remaining countries only 
show potentially efficiency gains for this same tolerance. Finally, all 
countries show potential efficiency gains for δ = 10%. 

If the DMs take a neutral stance, only France will surely have TFP 
gains for a tolerance of 5%, while the remaining countries can only face 
potential TFP gains (see Fig. 5). For a tolerance of 10%, all countries 
show potential TFP gains (see Figs. 5b and 6b). Additionally, only 
Luxemburg surely reaches technological progress for both tolerances, 
while Malta surely faces negative TC for δ = 5%. Regarding EC, only 
France and Malta surely get efficiency gains for δ = 5%, whereas for δ =
10% all countries can potentially attain efficiency gains. 

Figs. 2b, 4b and 7b and 9b indicate that according to both perspec-
tives, Cyprus consistently shows TFP gains in the direct supply chain for 
all the tolerances used, while Bulgaria, Estonia, Hungary, Lithuania, 
Romania, and Slovakia surely have TFP gains for a tolerance of 5%. 
Bulgaria, Cyprus, Italy, Latvia, Poland, and Slovakia surely face frontier 

shifts for both tolerances, while Belgium, Croatia, Finland, Germany, 
Lithuania, the Netherlands, Romania, Spain, and Sweden surely under-
went TC for a tolerance of 5%. For that same tolerance, Malta surely 
faces negative TC. Finally, Cyprus consistently shows efficiency gains for 
all tolerances, whereas Estonia, Hungary, Lithuania, Malta, and 
Romania surely have efficiency gains for a tolerance of 5%. For that 
same tolerance, Latvia surely has efficiency losses. 

From the analysis of Figs. 3b and 5b, which show the robustness of 
results obtained in the indirect supply chain from an environmentally 
demanding perspective, it can be concluded that all countries show 
potential TFP gains. In the case of TC, only Malta depicts robust frontier 
shifts for δ = 5%. In terms of efficiency, for δ = 5%, Germany and Malta, 
surely show negative gains, whereas Bulgaria, Croatia, Ireland, 
Lithuania, and Romania surely have efficiency gains. In the remaining 
situations, all countries present potential gains in efficiency. 

Finally, from a neutral perspective (see Figs. 8b and 10b), the 
robustness of results obtained in the indirect supply chain shows that all 
countries face potential TFP gains, with Lithuania reaching full robust-
ness when δ = 5%. In the case of EC, only Bulgaria, Ireland, and 
Lithuania have robust efficiency gains for this tolerance. Luxembourg is 
the worst country in terms of these indicators, since it surely has effi-
ciency losses with δ = 5% and δ = 10%, while Malta surely shows ef-
ficiency losses for δ = 5%. 

Regarding TC, for a tolerance of 5% and 10%, Luxembourg and 
Malta, surely show technological progress, whereas Croatia, Italy, 
Latvia, and Lithuania surely have positive TC for a tolerance of 5%. In 
the remaining situations, all countries present potential technological 
change. 

7. Discussion 

From an environmental perspective, it is possible to see the impact of 
a heavy reliance on fossil fuels in the direct production chain, particu-
larly in Germany (the country that reached the highest TFP losses both 
for the direct production and indirect supply chains between 2010 and 
2014) and in Czechia and the Netherlands (both facing TFP losses across 
all chains). Despite showing the biggest TFP losses in the direct pro-
duction and indirect supply chains of the E&G sector, Germany ended up 
being the leader of RES support schemes (particularly feed-in tariffs and 

Fig. 5. TC and EC across EU28 in the Direct production chain – neutral (5%).  
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feed-in premiums) in 2014, with a total investment in RES of €19.75 
billion [37]. Besides, between 2010 and 2014, this country managed to 
increase RES production and decline both oil and natural gas imports 
[37]. Therefore, Germany ended up achieving the biggest frontier shifts 
across all chains of the E&G sector, being a consistent “innovator”. Italy, 
the UK, and France (all of which demonstrated TFP and eco-efficiency 
gains between 2010 and 2014), as well as Spain contributed approxi-
mately € 3 billion to RES [37]. While the first two countries showed TFP 
and eco-efficiency gains, the third showed losses across all TFP com-
ponents. The fact that Sweden (a leader both in RES and nuclear power 
generation) shows TFP losses in the direct production chain in 
2010–2014 might be related to the fall of RES production, particularly in 
2013 and 2014, due to the decline of electricity demand in the country in 
these years [37]. Nevertheless, Sweden increased its eco-efficiency due 
to the limitation of fuel combustion, also showing an inelastic behavior 
for nuclear power generation [37]. 

In summary, our findings suggest that, in the direct production chain, 
the main factor underlying TFP gains was efficiency, i.e., the catching- 
up effect (irrespective of the perspective considered). Curiously, from 
an environmental point of view, on average, some countries that showed 
TFP losses also showed technological progress, whereas some countries 
that showed TFP gains also showed technological regression. These re-
sults might suggest, on the one hand, that some countries (such as 
Germany, Cyprus, and Slovenia) tried to overcome the reduction in ef-
ficiency in the use of their current levels of inputs and technology by 
triggering technological progress and seeking more productive tech-
niques, some associated with innovations. Specifically, in the case of 
Germany, this was the result of the phase-out of nuclear power plants 
that was complemented by RES but also largely by fossil fuels in 2014 
[6]. On the other hand, countries like Bulgaria, Hungary, Ireland, Italy, 
Portugal, Slovakia, and the UK managed to increase their TFP levels just 
by making better use of their current resources and technologies. In 
other countries, such as Austria, Belgium, Czechia, Estonia, Spain, 
Denmark, Greece, Finland, Croatia, Lithuania, Latvia, and Romania, 
there were losses across all components of TFP in the direct supply 
chain. Possible reasons for these outcomes might be the European Union 
(EU) Emissions Trading System crisis due to extremely low CO2 prices, 
along with changes to the remuneration systems because of the financial 
crisis, and the phase-out of nuclear power in some countries (particu-
larly in Belgium) after the Fukushima catastrophe. 

To further understand the reasons behind TFP in the supply chain of 
the E&G sector, it is important to know which industries increased and 
decreased their contributions both directly and indirectly, as well as 
which countries are mostly responsible for these changes. 

The sectors that contributed the most directly to the increase in 
emissions in the power and gas sectors were A013–crop and animal 
production; H51–air transport; A03–fishing and aquaculture; 
H52–warehousing and support activities for transportation; and 
H49–land transport and transportation via pipeline [6,36]. In this re-
gard, all sectors other than sectors H49 and H52 saw a rise in Italy’s 
emissions [6,36]. It is also worth noting that Italy leads the sector A01 
emission levels, most likely because it ranked third globally in terms of 
the amount of power produced from biomass in 2014, up 98% from 
2010 [38], resulting in a positive and robust TC but in an eco-efficiency 
loss, which ultimately resulted in a TFP loss in the direct supply chain 
from an environmental perspective. 

The industries with the greatest direct influence on the decrease in 
emissions in the E&G sector were D35–Electricity, gas, steam, and air 
conditioning supply; B—Mining and quarrying; E37–E39–Sewerage; 
waste collection, treatment, and disposal activities; materials recovery; 
remediation activities, and other waste; C19–Manufacture of coke and 
refined petroleum products; and C20–Manufacture of chemicals and 

chemical products [6,36]. In this regard, the UK, followed by France and 
Germany (which is the biggest producer of emissions since it is the 
biggest energy consumer in the EU), were the countries that consider-
ably cut their pollution impacts on the E&G sector. France continued to 
show major emission reductions in the remaining sectors (occupying 
fourth place in terms of TFP gains from an environmental perspective) 
due to its power production structure, which uses 77% nuclear energy 
and 18% renewable energy, and a 51% reduction in fossil fuel usage 
[38]. Germany was the country that showed the largest reduction in 
sector B emissions (showing the biggest frontier shift in either 
perspective). The UK followed (the second country with the biggest TFP 
gains from an environmental viewpoint), sharing the top spot for direct 
emissions from this sector with Poland. While the former country is one 
of Europe’s top producers of natural gas, the latter is a major player in 
coal production [39]. 

Another fact about Germany is that it leads the world in the emission 
contributions from industries C23, which produces other non-metallic 
products, and C24, which produces basic metals (iron and steel), both 
of which are used to make parts for wind turbines. These results are 
influenced by the fact that Germany dominates the EU in terms of wind 
power [38]. 

Also, in this regard, the emissions from sectors E37–E39 are pri-
marily produced by Italy, which decreased its emissions in 2014 (but not 
enough to reach eco-efficiency gains) and was ranked third in the EU28 
for power generated from biogas, primarily from anaerobic digesters 
[40]. 

As the largest electricity producer in the EU using petroleum prod-
ucts, Spain also leads sector C19 emissions, which have increased in 
2014 (resulting in a negative TFP from an environmental perspective), 
along with Italy, which displayed a loss in eco-efficiency, while France 
leads sector C20 emissions because of its dominant position in the 
chemical industry (thus showing eco-efficiency losses during the time 
horizon under evaluation). 

All in all, it is curious to see that the only countries that can be 
considered “innovators” from an environmental perspective in the direct 
supply chain were Cyprus, which increased the use of renewable energy 
in 2014 by 334% and reduced the use of fossil fuels by 23% [38], 
robustly showing gains in TC, EC, and TFP for both tolerances; Germany, 
robustly showing gains in TC for a tolerance of 5%; Denmark, despite its 
TFP losses; Ireland and the UK, with positive gains across all TFP com-
ponents; and Luxembourg, with TFP gains. Finally, the fact that coun-
tries from Eastern Europe, like Bulgaria, Estonia, Hungary, Latvia, 
Romania, and Slovakia, show robust TFP gains from an environmental 
perspective for at least a tolerance of 5%, highlights the effort of these 
countries to shift their paradigm of resistance to renewable energy 
sources. In the case of Romania, this country has heavily invested in 
solar, wind and hydro after 2010, significantly reducing its dependency 
on fossil fuels, particularly on natural gas [37]. In the case of Hungary 
and Slovakia, nuclear power remained the main source of electricity 
production [37]. 

The industries with the highest indirect contribution to raising the 
emissions of the E&G sector were A01, H51, A03, C26 (manufacture of 
computer, electronic, and optical products), and U (activities of extra-
territorial organizations and bodies) [6,36]. In this context, Italy shows 
the largest increase in emissions in sectors A01 (for the same reasons 
mentioned for the direct supply chain) and H51, thus showing a negative 
TFP and an eco-efficiency loss. Despite being at the top in terms of 
emissions in sector A03 [6,36], Slovakia managed to reach 
eco-efficiency gains across both components of TFP. 

The sectors that contributed the most to the decrease of emissions in 
the indirect supply chain of the power sector were D35, B, C23, E37-E39, 
and C20 [6,36]. France has the largest decrease in emissions across all 
industries in this circumstance. Other countries that reduced emissions 
the most were Italy in sector C23 (but not enough to avoid TFP losses), 
Spain in sector B (but not enough to avoid a negative TFP), the UK in 
sector D35 (with gains across all TFP components), Cyprus in sectors 

3 The codes of the activity sectors are given in Appendix C, see Supplemen-
tary Material. 
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E37-E39 (with gains in eco-efficiency and TFP), and Germany in sector 
C20 (not enough to avoid the worst values for TFP). It is also worth 
noting that Germany (which shows a robust loss of eco-efficiency for a 
tolerance of 5%), the UK, Italy, and France (with a gain on TFP but with 
a loss on TC) rank at the top in indirect emission contributions from 
sectors D35 and C23, B, E37-E39, and C20, in that order. 

Once more, countries from Eastern Europe, usually regarded as 
policy laggards that resisted the ambitious EU decarbonization targets 
[41], like Bulgaria, Estonia, Hungary, Lithuania, Latvia, Poland, 
Romania, and Slovakia show TFP gains. 

Czechia is the only country that shows TFP losses across all chains. A 
potential explanation for this fact might be related to the importance of 
coal-fired electricity generation in the years assessed [42]. 

8. Conclusions 

This paper assesses the factors behind the relative eco-efficiency 
changes in the production and supply chains of the E&G sector in 28 
European countries, also identifying which countries were true 
“innovators". 

A VBDEA productivity index was used, and robustness analysis for-
mulations were proposed for this indicator, allowing one to determine if 
a DMU is surely, potentially, or not robust in terms of its TFP, EC, and TC 
for a given tolerance. 

We compare the outcomes generated by linear value functions 
(which we refer to as neutral preferences) with those obtained from a 
model utilizing non-linear value functions that allow to value differently 
the same performance differences depending on the starting point 
(known as the demanding environmental perspective). This model em-
ploys convex functions, which have a decreasing and convex shape, 
meaning that the same absolute improvement in emissions is more 
valuable to a DMU (a country) with lower emissions than one with 
higher emissions. As a result, countries with higher emissions must make 
a more significant reduction in their emissions to achieve the same in-
crease in value. Thus, these assume that high-polluting countries should 
be more environmentally demanding than low- and middle-polluting 
countries to achieve their eco-efficiency targets. Therefore, for 
example, requiring a reduction of 1000-ton of CO2 eq. emissions may be 
considered more equitable and feasible for a high-polluting country than 
a low-polluting country. 

Our findings show that most countries attained productivity gains in 
the direct production chain of the E&G sector according to a neutral 
perspective, while the opposite occurs when we follow an environ-
mentally demanding stance (only nine countries show TFP gains). 
Furthermore, TFP gains are primarily driven by the catch-up effect 
across all chains of the E&G sector. These outcomes are related to the 
stringent conditions imposed by the configuration of nonlinear value 
functions representing a more environmentally demanding preference. 

The results obtained highlight the importance of using value func-
tions in the context of productivity analysis, indicating the existence of 
different productivity gains if the DMs’ preferences are expressed 
through nonlinear value functions. In the direct supply chain, except for 
Denmark, Spain, and Germany, almost all countries show productivity 
gains following a neutral perspective, while under an environmentally 
demanding stance, the number of countries showing TFP losses in-
creases to seven. Nevertheless, according to both types of value func-
tions, most countries manage to obtain productivity gains for the 
activity sectors that directly supply the E&G sector, which is mainly 
supported by technological progress. In the indirect supply chain, most 
of the countries had positive total factor productivity (23 and 19 for the 
neutral and environmental perspectives, respectively), and most of the 
countries underwent technological progress. Either way, the biggest 
frontier shift belongs to Germany across all chains of the E&G sector. 
Many of these conclusions are robust to perturbations of the DMU’s 
performance up to 5%, and a few are still robust up to 10%. 

Germany, Luxembourg, and Belgium were consistently considered 

“innovators” across all chains of the E&G sector and according to both 
perspectives. 

Since the number of countries facing TFP losses from an environ-
mentally demanding perspective always increases across all chains, our 
findings suggest that a restructuring of the EU E&G sector should be 
fostered to enhance the eco-efficiency of this sector. 

It is worth mentioning in this context, that these findings reflect the 
impacts of the reduction of natural gas consumption in the E&G sector 
from 2010 to 2014 due to the increase of RES penetration in electricity 
generation. However, as of 2016, the consumption of natural gas in the 
European electricity sector increased as a result of the systematic phase- 
out of coal-fired power plants across Europe and the decommissioning of 
nuclear power plants specifically in Germany. This transition, however, 
has rendered the EU’s energy balance much more reliant on world trade 
dynamics and geopolitical alliances. Although coal may be produced in 
the EU, natural gas is mostly imported. 

Currently, the geopolitical tensions between Russia and Europe have 
serious consequences for Europe’s carbon neutrality goals. In the me-
dium term, it appears that Europe will need to raise its GHG emissions to 
keep providing inexpensive energy to its consumers and businesses. In 
effect, the carbon emissions of the EU’s power sector have risen 
dramatically, indicating a partial return to coal as a source of electricity. 
In the meantime, as efforts to speed the adoption of renewable energy 
and clean technology are implemented, net zero emissions for Europe 
appear to be still within reach. Nevertheless, a few major obstacles lie 
ahead, as supply disruptions of crucial raw materials to build the 
infrastructure needed to produce solar and wind power might under-
mine the EU’s ability to meet its green ambitions. 

Examining the eco-efficiency through the proposed productivity 
analysis of the E&G sector in Europe shows different insights gained 
from different perspectives, by considering linear vs. convex value 
functions, contrasting the results obtained with a more neutral vs. 
environmentally demanding perspective. Yet, certain limitations should 
be acknowledged. First, the value functions may not necessarily reflect 
the preferences of policymakers since they were not consulted for this 
study. Additionally, our findings may not be comparable with those of 
other studies because of the use of value functions. Furthermore, we only 
conducted an analysis for the initial and final years, but it may be 
interesting to conduct studies with shorter or longer time lengths, either 
in this or other geographical locations. Moreover, it is worth mentioning 
that with regards to returns to scale, VBDEA, like other non-radial ad-
ditive models, does not assume anything about returns to scale. How-
ever, VBDEA is not ratio-based, and the variables undergo a 
transformation that allows for easily handling null or negative data. 

Finally, future work should be conducted, once more current and 
comparable data becomes available, to evaluate the impacts of recent 
events on the eco-efficiency productivity progress of the E&G sectors 
across Europe. 
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