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a b s t r a c t

This study determines the trends in energy efficiency and CO2 emissions of the Swedish service sector
using data at the 2-digit level of aggregation for the Swedish service industry over the period 1993
e2008, this empirical study examines eco-efficiency in terms of energy efficiency and CO2 emissions
based on a number of models. The results show that Swedish service industries increased energy
consumption and CO2 emissions during the sample period, whereas energy and CO2 emission intensities
have shown a decrease in recent years. Eco-efficiency models based on the Malmquist data envelopment
analysis model suggest that Swedish service industries have an excellent potential to increase energy
efficiency and reduce CO2 emissions. Second-stage panel data techniques show that energy taxes,
investments and labour productive have a significant and positive influence on energy and CO2 emission
intensities implying that increasing these variables lead to higher energy efficiency and lower CO2

emission intensity. This analysis demonstrates the importance of designing and applying adequate
energy policies that encourage better energy use and management in this industrial sector for the goal of
achieving a low carbon economy.

� 2012 Elsevier Ltd. All rights reserved.
1. Introduction

Service sector has become an engine of economic growth and is
one of the factors used to measure an economy’s progress, its
development, its quality and its perspectives [18,47,73]. In the
world, Service industries represent 63.2% of the gross domestic
product, occupy 41.9% of the labour force, consume 12% of energy
and account for 9% of CO2 emissions (see Fig. 1). Between 1974 and
2009, due to the structural changes accompanying the migration
from manufacturing to service industries, energy consumption has
increased 69% and electricity as main energy source (see Fig. 2), has
increased from 15% to 23% [40,43] and [11,42].

Notwithstanding these trends showing that the fastest growth
in energy consumption is in the service industries, this sector has
been neglected in energy analysis and the application of energy
policies and programmes. Some causes for this neglect may be the
heterogeneity of the segment, the complexity of its statistical
valuation (which requires detailed and disaggregated information),
and the sector’s low energy intensity relative to manufacturing. For
, Bogotá, Colombia.

All rights reserved.
instance, in the European Union, the service sector requires
approximately one-eighth of the energy required by the
manufacturing industries to generate one unit of gross production
[29,40,43,52,70].

There are several methods and techniques for energy modelling.
Greening et al. [32] grouped energy modelling four analysis tech-
niques decomposition of energy trends, econometric methods,
‘Top-down’ and ‘Bottom-up’ models and Industry-specific micro-
economic analyses. The description of these techniques is the
following:

1.1. Decomposition of energy trends

This technique is used to determine changes in energy
consumptionwith respect to changes in industrial structure, output
mix and energy and emissions trends. For example, Bhattacharyya
and Matsumura [5] used this technique to analyse the reduction in
greenhouse gas emissions in 15 European Union countries, identi-
fying that the driving factors of emissions are energy and other
industrial activities. The reduction in emissions intensity depended
mainly on changes in the energy mix and a reduction in energy
intensity. Unander [80] evaluated manufacturing energy use in 10
IEA countries using a decomposition analysis, demonstrating that
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Fig. 1. Global trends in the service sectors in comparison of other economic activities. Sources: [42] and [11].

Fig. 2. Global trends in energy consumption in the services industries. Sources: [42].
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the reduction in energy use was driven by structural changes and
falling energy intensities in individual manufacturing branches.
The main advantages of this technique are that generates an
aggregate measurement with respect to changes in energy
consumption and can be used as complement with other analysis
techniques. In contrast, the main disadvantages of this method are
that require high quality of data, difficulty of interpretation with
some methods and no causal relationships might be inferred [1].

1.2. Econometric methods

These methods have several applications, including the evalu-
ation of the effects of prices, taxes, and technologies on, among
other things, energy consumption or conservation or to determine
the decoupling between energy and production. For example, Werf
[83] applied production functions to determine the substitution
elasticities between capital, labour and energy, suggesting that
the role of endogenous technological change in reducing the costs
of climate policy may be larger than has been found by some
climate policy models. Saunders [66] compared eight production/
cost functions for exploring how gains in energy efficiency affect
energy consumption. The results indicated that the value share
of fuel is also a critical driver. In both the short and long term,
fuel’s value share is the primary determinant of the output/income
component of rebound. The advantages of this method are that
can be applied to analysis a large number of topics at varying lev-
els of detail, and the causal relationship can be recognised and
quantified. The disadvantages of econometric methods are that
results depend of quality and availability of historical data, are
sensitive to the procedures of estimation applied and can be diffi-
cult to transfer [79].

1.3. ‘Top-down’ and ‘Bottom-up’ models

The first type of model is used to study industrial technology
policies or the impacts of technological change; e.g., Bretschger
et al. [7] simulated the effects of carbon policies on consumption,
welfare, and sectoral development in the long run, demonstrating
the possibilities for decreasing energy consumption and carbon
policy and how they are applied, especially in energy intensive
sectors. The second model is applied to analyse the effects of
specific technologies at different levels of aggregation; Murphy
et al. [57] analysed greenhouse gas reduction policies regarding the
Canadian manufacturing industry, such as a tax or emissions cap
and tradable permits system using a hybrid energy-economy
model, and they found that the trends in energy consumption
and greenhouse gas emissions are set to increase, revealing the
potential for technological transformationwith the aim of changing
this trend. The advantages of these models are that multiples
factors can be modelled such as energy, emissions reductions,
investments, prices, technologies, process, etc., and the disadvan-
tage of these models are that it require higher levels of disaggre-
gation, quantity of detailed data and specific frameworks and
assumptions [6].

1.4. Industry-specific micro-economic analyses

Industry-specific micro-economic analyses include several
models, including simulation, statistical or optimization tech-
niques. In this vein, Henning and Trygg [36] analysed electricity use
in non-energy-intensive sectors in Sweden, applying an energy
system optimisationmodel indicating that electricity, which is used
for heat production, can be replaced by fuel or district heating. The
principal advantages of this analysis are that allow a detailed
evaluation for a given or a share of a sector and include factors that
would be complex to include in other techniques. In contrast, the
principal disadvantages are the lack of interactions with other
industrial sectors or the broader economy, and the scope of results
might be restricted a specific analytical topic and not transferable to
other areas [32].

In the service industries, these techniques have been applied to
study energy use, CO2 emissions, electricity consumption and
barriers to adopting energy saving practices. Mairet and Decellas
[52] analysed energy consumption trends in the French service
sector using decomposition analysis, and concluded that the
increase in energy consumption was mainly due to growth in the
sector. Butnar and Llop evaluated changes in CO2 emissions from
the Spanish service sectors by applying an inputeoutput subsystem
approach and structural decomposition analysis. They showed that
this sector increased CO2 emissions mainly because of a rise in the
emissions generated by non-services to cover the final demands of
services. Collard et al. [15] analysed the effect of the use of infor-
mation and communication technologies on electricity intensity in
the French service sector using a factor demand model. They found
that electricity intensity increased because of the use of computers
and software. Schleich [67] and Schleich and Gruber [68] analysed
the German context and concluded that limited information about
energy use patterns and potential energy efficiency measures are
the most important barriers to improving energy efficiency in the
service industries.

Given this background and accounting for the fact that energy
consumption grew the most quickly in the service sector due to
a rapid expansion of this type of activity in the economy, further
research on the energy use and CO2 emissions in this sector is
needed, particularly on the trends in energy consumption and
greenhouse gas emissions and the application of new technologies
and standards and features in production factors. This research
should aim to determine opportunities and design adequate and
effective energy policies to strengthen and motivate higher energy
efficiency and lower CO2 emissions in this sector.

The goal of this analysis is to increase the knowledge about
energy use and CO2 emission trends in the service industries. To do
so, we apply different econometric approaches to the Swedish
service sector in the period 1993e2008. To this end, energy effi-
ciency and CO2 emissions are analysed with traditional indicators
such as energy intensity and CO2 emission intensity. We use the
Malmquist data envelopment analysis (DEA) model to assess eco-
efficiency in terms of energy use and reduce CO2 emissions
within a production theory framework in which energy is one of
the many inputs used to produce desirable or undesirable outputs
[55,87]. This methodology has been applied in several energy
studies. For instance, Pardo [62] studied energy efficiency in
German and Colombian non-energy-intensive sectors. Ramanathan
[64] and Oggioni et al. [59] have applied DEA to analyse energy as
an input generating both desirable outputs (goods) and undesirable
outputs (CO2 emissions).

In Sweden, DEA has been used to model and compute produc-
tivity in public schools [27], describe economic efficiency in dairy
farms [45], assess technical efficiency in urban bus systems [65],
determine productivity development in hospitals [26] and evaluate
productivity growth in retail electricity distribution [33].

The main contribution of this study is the application of DEA to
analyse eco-efficiency in terms of energy efficiency and CO2 emis-
sion performance in the service industries, which have been rarely
studied in this field. The results and trends in eco-efficiency with
respect to energy use and CO2 emissions are then explained
through second-stage regressions in terms of several key charac-
teristics, using panel data analysis to determine the factors that
determine eco-efficiency in the context of energy efficiency and
decreasing CO2 emissions in the service industries. The hypotheses
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that guide this research are the following: i. the service industries
have driven the increase in total energy consumption for the whole
Swedish industrial sector. ii. Swedish service sector has a great
potential to improve energy efficiency and decrease CO2 emissions. iii.
In Swedish service industries, higher energy taxes, investments and
fuel substitutions drive to higher eco-efficiency in terms of energy
efficiency and reduce CO2 emissions.

The following section describes the data and methodology used
in this study. Section 3 reviews the economic and energy features
and CO2 emissions of the Swedish service industries. Section 4
presents and analyses the results. The conclusions are presented
in Section 5.
2. Data and methodology

2.1. Data

The service industries (excluding electricity, gas and water
supply and transportation services),1 involve activities that take
place in buildings used outside of manufacturing, agriculture and
households, which comprise offices, banking, education activities,
hospitals, retail trade, hotels, restaurants, computer and data pro-
cessing services, and numerous others [48,74].

A dataset for Swedish service industries at 2-digit level of
aggregation was collected from Swedish statistics [72] offices and
International Standard Industrial Classification (ISIC Rev. 3.1) for the
period 1993e2008. The service industry in this study excludes E:
(40) electricity, gas, steam and hot water supply, (41) the collection,
purification and distribution of water and I: (60e63) transport
activities. The main data sources are the Swedish statistics [72]
offices and the Organisation for Economic Co-operation and Devel-
opment (OECD) database from the industry and services module. To
apply the techniques used in this study, the following variables were
obtained: capital input is measured as a stock by taking the value of
gross fixed value; labour is measured by the total number of persons
employed in service activities; energy is the final energy consump-
tion by service activity measured in Terajoules (TJ); materials are
measured by expenditure on materials, output is measured as value
added and CO2 emissions aremeasured inmetric tons.2 All monetary
variables are standardised to euro values from 2005.
2.2. Methodology

This analysis is conducted in three steps: (i) traditional indica-
tors of energy efficiency and CO2 emissions are assessed; (ii) data
envelopment analysis is applied to determine relative efficiencies
in energy use and decreased CO2 emissions, suggesting three
models using theMalmquist productivity index; and (iii) panel data
techniques are used to establish factors that may influence trends
in the energy efficiency and CO2 emissions of Swedish service
industries.

2.2.1. Energy efficiency and CO2 emissions
The first stage assesses traditional indicators of energy efficiency

and CO2 emissions by computing the energy intensity (EI) and CO2
emission intensities (COI) (see Equations (1) and (2)). Changes in
1 Service sector in the International Standard Industrial Classification of all
Economic Activities (ISIC Rev.3.1) is classified in the following sections used in this
study: F: Construction, G: Wholesale and retail trade, H: Hotels and restaurants, J:
Financial intermediation, K: Real estate, renting and business activities, L: Public
administration and defense; compulsory social security, M: Education, N: Health
and social work, and O: Other community, social and personal service activities.

2 Total CO2 emissions exclude bioenergy emissions.
the intensities of energy and CO2 emissions can be indicators of
change in energy efficiency or the level of CO2 emissions [39,49,63].

EI ¼ Eit=Yit (1)

COI ¼ COit=Yit (2)

Eit ¼ Subsector’s energy consumption in the year t.
COit ¼ Subsector’s CO2 emissions in the year t.
Yit ¼ Subsector’s production in year t.

2.2.2. Measuring eco-efficiency performance using the Malmquist
DEA model

In this study, the DEA model applied is the Malmquist produc-
tivity index [53]. The Malmquist productivity index assesses the
total productivity index of the DMUs (service industries) analysed,
allowing for changes in productivity to be broken down into
changes in technical efficiency and changes in technological effi-
ciency. In the energy analysis, this technique has been applied e.g.
Zhou et al. [88] that presented a Malmquist CO2 emission perfor-
mance index for measuring changes in total factor carbon emission
performance over time and Lv et al. [51] analysed total factor
energy efficiency for 30 Chinese provinces. The method was orig-
inally proposed by Caves et al. [10]; and was further established by
Fare et al. [26] to measure for technological and efficiency changes.
To describe this methodology, we consider two periods, ‘t’ and
‘tþ1’, where period t is the base period, and period tþ1 is used as
the reference technology. In period t, a particular firm uses xt˛RMþ
inputs to produce yt˛RMþ outputs, while in period t the input and
output quantities used are xt þ 1 and yt þ 1 respectively. Applying the
definition of distance functions, we can represent the output
distance function for a firm at the period s as

Dt�xt ; yt� ¼ inf
�
q˛R :

�
xt ; yt

q

�
˛Pt

�
; (3)

where Pt is the output set, defined as Pt ¼ fðxtþ1; ytþ1Þ :
ytþ1 can be produced by xtþ1g; and Dt(xt,yt) � 1 if and only if
(xt,yt)˛Pt. The same applies to the distance function in period t þ 1
(for more details see [12]. The definition of the Malmquist index is
based on the application of distance functions. Fare et al. [25]
defined the Malmquist index as the geometric means of the orig-
inal index proposed by [10]:

Mt;tþ1
0 ¼

"
Dt
0

�
ytþ1; xtþ1�

Dt
0ðyt ; xtÞ

Dtþ1
0

�
ytþ1; xtþ1�

Dtþ1
0 ðyt ; xtÞ

#1=2
; (4)

where Dt
0ðytþ1; xtþ1Þ signifies the output distance from the obser-

vation in period t þ 1 to the period t technology; Dtþ1
0 ðyt ; xtÞ

signifies the output distance from the observation in period t to the
period t technology. The Malmquist index in Equation (4) can also
be further decomposed (as shown in Ref. [25] into two compo-
nents: one capturing efficiency change and another one capturing
technological change (shift in the production frontier):

Mt;tþ1
0 ¼ Dtþ1

0

�
ytþ1; xtþ1�

Dt
0ðyt ; xtÞ|fflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

Efficiency change

"
Dt
0

�
ytþ1; xtþ1�

Dtþ1
0

�
ytþ1; xtþ1

� Dt
0

�
yt ; xt

�
Dtþ1
0 ðyt ; xtÞ

#1=2
|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

Technological change

(5)

The Malmquist index in Equation (3) are also possible by
decomposition into scale and pure efficiency change components
as suggested Fare et al. [25] measured through variable returns to
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scale (VRS) assumption, which can define mathematically it as
follows:

Pure efficiency change ¼ Dtþ1
VRS

�
ytþ1; xtþ1�

Dt
VRSðyt ; xtÞ

(6)

Scale efficiency change ¼
"
Dtþ1
VRS

�
ytþ1;xtþ1�	Dtþ1

CRS

�
ytþ1;xtþ1�

Dtþ1
VRS ðyt ;xtÞ=Dtþ1

CRS ðyt ;xtÞ

�Dt
VRS

�
ytþ1;xtþ1�	Dt

CRS

�
ytþ1;xtþ1�

Dt
VRS ðyt ;xtÞ=Dt

CRS ðyt ;xtÞ

#
(7)

Technological change ¼
"
Dt
CRS

�
ytþ1; xtþ1�

Dtþ1
CRS

�
ytþ1; xtþ1

�Dt
CRS

�
yt ; xt

�
Dtþ1
CRSðyt ; xtÞ

#1=2
(8)

Therefore, the Malmquist index in Equation (3) is a product of
three terms:

Mt;tþ1
0 ¼ PECt;tþ1

0 � SECt;tþ1
0 � TCt;tþ1

0 (9)

Where PECt;tþ1
0 denotes the pure efficiency change, SECt;tþ1

0 denotes
the scale efficiency change and TCt;tþ1

0 denotes the technological
change (see Equations (6)e(9)). Note that Mt;tþ1

0 > 1 denotes
productivity growth, while Mt;tþ1

0 < 1 means productivity decline.
The same applies for all the other components: PECt;tþ1

0 > 1 means
an increase in pure local efficiency (i.e. a firm has improved its catch
per input in comparison to similar firms in the sample, and has also
moved closer to the optimal scale of production), SECt;tþ1

0 means an
increase in scale efficiency (i.e. a firm has taken advantage of
returns to scale by adjusting its size towards optimal scale) and
TCt;tþ1

0 > 1 means an increase in technology.
To calculate the Malmquist index in Equation (5) and the

resulting decompositions in Equations (6) and (7), it is necessary to
assess four sets of DEA linear programming problems. The first two
are just the reciprocal of [28] output-oriented efficiency measure
and they vary between 0 and 1. The other two linear programmes
occur where the reference technology is constructed from data in
one period, whereas the observation to be analysed is from another
period. Moreover, in order to extend the Malmquist index decom-
position to account for the scale efficiency measure and pure
technical efficiency measures in Equations (6) and (7), two addi-
tional linear programming problems with VRS assumptions must
be solved (for more details see Refs. [13,14].

In this study, we used panel data for years 1993e2008, on 19
Swedish service industries as DMUs and two DEA models are
suggested to measure eco-efficiency, where a service industry
producing a vector of n outputs y from a vector of n inputs x ¼ (x1,
x2,., xn), indicating that the vector yi represents the output
package and the vector xi represents the input package of the ith
DMU, i ¼ 1.m. In the first model, the input vector x0 is divided
explicitly into every input component e Capital (C), Labour (L) and
energy (E) e and value added of each service industry was used as
a measure of output (Y).

In the second model, it evaluates eco-efficiency performance
within a joint production framework in which both desirable and
undesirable outputs are considered simultaneously. The input and
output vector x0 is divided explicitly into every input component
such ase Capital (C), Labour (L) and energy (E)e and value added of
each service industry was used as a measure of desirable output and
CO2 emissions are an undesirable output. In the case of DEA models
for undesirable output, the literature suggests several possibilities
(for more details see Refs. [50,69]. In this study, the reciprocal value
of the undesirable output is used to incorporate the feature that
more desirable outputs are preferred, as in Ref. [64]; who studied
the linkages among CO2 emissions, Gross Domestic Product (GDP)
growth and energy consumption using DEA, and Zhou and Ang [87];
who applied DEA for measuring economy-wide energy efficiency
performance considering undesirable outputs as CO2 emissions. In
these models, when the score is equal to one the service sector is
efficient, whereas scores below one represent lower efficiencies.

Additionally, the Wilcoxon rank-sum test is applied to evaluate
whether the results from the Malmquist DEA model (technical
efficiency) are an adequate approach for assessing eco-efficiency.
According to Banker and Natarajan [4]; this test is a nonpara-
metric alternative to evaluate whether the differences between the
two groups are significant. This test is assessed to establishwhether

empirical distributions of DEA scores bF ðb~εDEAj Þ and traditional indi-

cators of energy efficiency and CO2 emissions bF ðb~εEEj Þ are different.
The hypothesis of this test is that the distribution of X-measure-
ment in sample A (energy intensity and CO2 emission intensity) is
the same as in sample B (DEA scores of technical efficiency) con-
taining hA and hB observations, respectively. The null hypothesis is
as follows: H0 / the efficiencies of the two groups have the same
distribution. The statistical index (S) is obtained by summing the
scores of group A. An approximately normal distributionwithmean
m(m þ n þ 1)/2 and variance mn(m þ n þ 1)/12 is followed by (S),
which when normalised, yields the following equation:

T ¼
S�mðmþ nþ 1Þ

2ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
mnðmþ nþ 1Þ

12

r (10)

where S is the sum of the score for one group, m is the number of
DMUs in that group, and n is the number of DMUs in the other
group. T has an approximately standard normal distribution [16].

2.2.3. Explaining results of eco-efficiency models through panel
data techniques

Panel data techniques are used to determine the factors that
might explain differences in eco-efficiency levels across Swedish
service industries during the sample period. The literature has
suggested that Ordinary Least Square (OLS) may be sufficient, and
this method does provide consistent estimates for second-stage
regressions from results obtained with DEA models [4,38,54].

The results of the DEA models (technical efficiency) and energy
intensity (EI) are defined as dependent variables in several panel
data models that included multiple determinants of energy effi-
ciency and CO2 emissions. The DEA scores are log-transformed due
to the skewness of the DEA scores and to improve normality. The
models used in this study are as follows:

Technical efficiency or energy efficiency:

REi;t ¼ a0þa1ETi;t þa2FFCi;t þa3INVi;t þa4LPRi;t þa5CLi;t þ εi;t

(11)

where REi,t is the technical efficiency or energy intensity; ETi,t
represents the expenditures in energy taxes applied to the Swedish
service industry in period t for service industry i; FFCi,t represents
fossil fuel consumption; INVi,t are investments; LPRi,t is labour
productivity, measured as output per worker; and CLi,t is the capital
input measured as the capitalelabour ratio in period t for service
industry i. The stages used to apply the panel data techniques are
the following.
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2.2.3.1. Selection of panel data model. To determine the suitable
panel model, we first apply an F test for the pooled OLS model
against the fixed effects model (see Equation (11)). We then reject
the null hypothesis and select the fixed effects model. Next, we
apply the BreuschePagan test for pooled OLS against the random
effects model (see Equation (12)). Finally, we employ the Hausman
test forfixedeffects against randomeffects (see Equation (12)e(15)).

The F-statistical test is as follows:

Fgroup effectsðn� 1;nT � n� kÞ ¼
�
R2FEM � R2Pooled

�
=ðn� 1Þ�

1� R2FEM
�.

ðnT � n� kÞ
(12)

where T is the total number of temporal observations; n is the
number of groups, k is the number of explanatory variables and
FEM is the fixed effects model (for more details see Ref. [31]).

The Breusch and Pagan [8] Lagrange multiplier test for random
effects was developed by Breusch and Pagan [8] and modified by
Baltagi and Li [2] and Baltagi and Wu [3]. The model is as follows:

LM ¼ nT
2ðT � 1Þ

�
T2e0e
e0e

� 1
�2

wc2ð1Þ (13)

where e0e is the sum total of the squared residuals from the REM,
and e0e is the sum total of squared residuals from the pooled OLS.

The Hausman test [35] selects between the fixed effects model
(FEM)and randomeffectsmodel (REM), theerror term is specifiedas

uit ¼ gi þ at þ εit (14)

where gi accounts for unobserved heterogeneity across service
industries (or service industry specific effects) and at accounts for
factors that uniformly affect all services industries over time (or
time specific effects). The general assumption of the REM model is
that unobserved service industry effects are uncorrelated with the
exogenous variables. Therefore, the Hausman test can be used to
test the assumption. Failure to reject the null hypothesis indicates
that the REM is the better model. The Hausman statistic is
distributed as c2 and is defined as,

H ¼ ðbFEM � bREMÞ0ðV1 � V2Þ�1ðbFEM � bREMÞwc2ðkÞ (15)

where bFEM are estimators from FEM model; bREM are estimators
from REM model. V1 and V2 stand for consistent estimates of the
asymptotic covariance matrices of bFEM and bREM, respectively; k
denotes the dimension of slope vector b.

2.2.3.2. Determine the consistency and robustness of estimations.
To determine whether the estimation is consistent and robust, we
test for heteroscedasticity in each regression model using the
likelihood ratio (LR) test (see Equation (16)) and for serial auto-
correlation using the Wooldridge test.

Testing for heteroscedasticity estimates the model by iterated GLS
assuming the presence of heteroscedasticity and then by feasible
GLS assuming homoscedasticity. The log likelihood of both the
regressions is then compared to verify whether they are signifi-
cantly different. This is done by calculating the likelihood ratio,
which is distributed chi-square [58]. The LR test is as follows:

LR ¼ �2ðL1 � L0Þ (16)

L0 and L1 are the log-likelihood values associated with the full and
constrained models, respectively. If the constrained model is true,
LR is approximately c2 distributed with d0ed1 degrees of freedom,
where d0 and d1 are the model degrees of freedom associated with
the full and constrained models, respectively [31].

2.2.3.3. Correction of problems in the estimations. Maximum like-
lihood estimation (MLE) for random effects can be used to correct
autocorrelation and heteroscedasticity in a random effects model
[9,46]. The MLE is as follows:

li ¼ �1
2

 
1
s2e

"XTi
t¼1

�
yit � xitb

�2 � s2u
Tis2u þ s2e

(XTi
t¼1

�
yit � xitb

�2)#

þ ln
�
Ti
s2u
s2e

þ 1
�
þ Tiln

�
2ps2e

�!
(17)

A fixed effects regression with [17] standard errors can control
for both heteroscedasticity and cross-sectional dependence in fixed
effects models. This estimator is applied in two stages. In the first
stage, all model variables zit˛{yit,xit} are within-transformed as
follows [37]:

~zit ¼ zit � zi þ z where zi ¼ T�1
i

XTi
t¼ ti1

zit

and z ¼
�X

Ti
��1X

i

X
t

zit (18)

The second stage then estimates the transformed model:

~yit ¼ x0itqþ ~εit (19)
3. Economic and energy features and CO2 emissions in the
Swedish service industries

In Sweden, the service sector has increasingly become a sector
where new industrial composition is characterised by products
and services with a greater knowledge content, greater produc-
tivity and higher value added [77]. This sector3 accounted for
approximately 12% of industrial energy consumption and 13% of
total CO2 emissions in 2008. In the same year, service industries
accounted for approximately 66% of employment, 52% of industrial
gross production and 64% of industrial value added and consisted
of 500,000 companies. In terms of costs, energy accounts for
approximately 1.19% of the total production costs; additionally, the
service sector pays an average of 75% of the total electricity tax
and 44% of the total fuel taxes paid by the Swedish industrial
sector.

The trends in activity and energy indicators in the service
industries between 1993 and 2008 show that production value,
value added and employment increased by 68%, 67% and 37%,
respectively; while energy, electricity consumption and CO2 emis-
sions increased by 27%,15% and 17%, respectively. In absolute terms,
the service industries have driven the increase in total energy
consumption for the whole Swedish industrial sector. In
manufacturing industries, especially the energy-intensive sectors,
strong reductions in energy intensity and CO2 emission intensity
have offset the effect of growth that might otherwise have gener-
ated increased energy demand. As a result, energy consumption in
the manufacturing industries decreased by 1.5% between 1993 and



Table 2
Average of total factor productivity (TFP), total efficiency (EC), pure efficiency (PE),
technological change (TC) and scale efficiency changes (SEC) in Swedish service
industries (1993e2008).

DEA model 1 DEA model 2

TFP EC PE TC SEC TFP EC PE TC SEC

93e94 0.99 0.90 1.07 1.10 0.84 0.94 0.87 1.02 1.08 0.85
94e95 1.13 1.31 1.07 0.86 1.22 1.12 1.25 1.02 0.89 1.22
95e96 1.01 1.27 1.01 0.79 1.26 1.01 1.19 1.00 0.85 1.18
96e97 1.11 0.92 1.05 1.21 0.87 1.12 0.91 0.98 1.23 0.93
97e98 0.96 0.82 1.02 1.16 0.81 0.94 0.88 1.03 1.06 0.86
98e99 1.02 1.01 0.99 1.01 1.02 1.01 1.00 1.03 1.00 0.97
99e00 0.91 0.57 0.76 1.60 0.74 1.05 0.75 0.92 1.41 0.81
00e01 0.95 1.05 1.01 0.91 1.04 0.90 0.98 0.98 0.91 1.00
01e02 1.08 0.88 1.10 1.23 0.80 1.09 0.93 1.00 1.17 0.94
02e03 1.03 1.73 1.07 0.60 1.61 1.00 1.48 1.07 0.68 1.38
03e04 1.05 0.55 0.84 1.91 0.65 1.06 0.63 0.91 1.69 0.69
04e05 1.04 0.97 0.97 1.07 1.01 0.98 0.93 0.97 1.05 0.96
05e06 0.97 1.37 0.98 0.71 1.41 0.91 1.24 1.01 0.73 1.23
06e07 0.97 0.98 1.00 0.99 0.98 0.94 0.96 1.02 0.98 0.94
07e08 1.08 1.48 1.13 0.73 1.31 1.16 1.52 1.12 0.77 1.35
Annual

average
1.02 1.05 1.00 1.06 1.04 1.01 1.03 1.01 1.03 1.02
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2008, whereas the service industry increased its energy
consumption by 27% in the same period.

4. Results and discussion

We now show and discuss the results on energy use and CO2
emissions derived from the methods explained above to determine
the different factors that affect energy consumption and CO2
emissions in this sector.

4.1. Energy intensity and CO2 emission intensity

The average energy intensity and CO2 emission intensity for the
service industries over the total sample period were 1.84 TJ/Mil-
lionV and 78.21 Ton/MillionV, respectively. All of the service
sectors exhibited decreased energy intensity and CO2 emission
intensity per euro value added during the sample period.

4.2. Results of the Malmquist DEA model

Table 1 shows the results of technical efficiency from the
Malmquist DEA-models proposed in this study. The average results
of the two models for the Swedish service industries are 0.517 for
model (1) and 0.582 for model (2). These results indicate that the
Swedish services industries have excellent potential to increase
energy efficiency and reduce CO2 emissions. The results of the
models suggest that the service sector could reduce energy input by
nearly 48% and 42% on average respectively, maintain the same
levels of output and reduce CO2 emissions without consuming any
additional inputs. These results are consistent with the energy
baseline in the 2030 scenario developed by European Commission
[22]; which estimated that final energy demand of the service
industries is projected to decrease between 30% and 60% in 2030.

The Malmquist productivity index and other indices for the
period 1993e2008 in Swedish service industries are shown in
Table 2. For both models, the results are similar. We can see that the
total productivity change score (the Malmquist index presented in
column 1) is on average higher than one (for first model 1.02 and
second model 1.01) indicating that several Swedish service indus-
tries experienced gains in productivity in the period considered.
The change in the total efficiency score (column 2) is defined as the
diffusion of best-practice technology in the management of the
activity and corresponds to investment planning, technical expe-
rience and management and administration in the service
Table 1
Results of technical efficiency from the Malmquist DEA model for the Swedish
service industries.

DEA model 1 DEA model 2

1993 0.507 0.568
1994 0.535 0.578
1995 0.547 0.592
1996 0.550 0.599
1997 0.582 0.597
1998 0.589 0.610
1999 0.565 0.620
2000 0.482 0.583
2001 0.484 0.577
2002 0.514 0.573
2003 0.530 0.595
2004 0.477 0.566
2005 0.468 0.560
2006 0.472 0.557
2007 0.474 0.549
2008 0.501 0.591
Annual average 0.517 0.582
industries. For the period of study, we can see that it is higher than
one in both models signifying a growth in efficiency during this
period for the majority of Swedish service industries.

Results in both models, for the pure efficiency change (column
3) and scale efficiency change (column 5) show diverse results,
where various service industries obtaining simultaneous gains in
both areas and others obtain gains in one, but losses in the other.
The improvement in pure efficiency indicates a better balance
between inputs and outputs. The scale efficiency is the conse-
quence of size and in several service industries increases during the
period. Technological change (column 4) is the result of innovation
through new technologies. In bothmodels, this index is higher than
one in Swedish service sector indicating that innovation improved
in the period.

The findings of the DEA models indicate that several service
industries have increased energy efficiencies while decreasing CO2
emissions. The Expert Group on Energy Efficiency [24] suggested
that industrial energy efficiency has improved at a rate of 1%
annually in recent decades. However, several studies and experi-
ence demonstrate that improvements could achieve double this
rate over the medium or long run [19,23,82]. Moreover, results
regarding efficiency in energy use and reduce in CO2 emissions and
total factor productivity have varied across years and services
industries, but they show similar trends with respect to energy
intensity and CO2 emission intensity. To determine whether the
results from the DEA models are adequate to measure eco-
efficiency, the Wilcoxon test is applied. The test suggests that the
results of the DEA models for energy and CO2 emission intensity
have the same distribution. This result is in accordance with the
null hypothesis, H0. The null hypothesis in each case is that the
median of the coefficients of correlation for one treatment is equal
Table 3
The compared efficiency scores from the Wilcoxon signed ranks test.

Pairs Wilcoxon signed
ranks test

Z P-value

DEA Model 1 vs. EI (Energy consumption/value added) �8.467 0.000
DEA Model 1 vs. CO2I (CO2 emissions/value added) �15.112 0.000
DEA Model 2 vs. EI (Energy consumption/value added) �7.865 0.000
DEA Model 2 vs. CO2I (CO2 emissions/value added) �15.112 0.000

Notes: EI: energy intensity, CO2I: CO2 emission intensity.



Table 4
Results of the regression analysis for eco-efficiency (technical efficiency) and energy intensity (EI).

Parameters Technical efficiency EI (Energy/value added)

DEA model 1 DEA model 2

Fixed
effects

Driscoll-Kraay
standard errors

Fixed
effects

Driscoll-Kraay
standard errors

Random
effects

MLE

Constant 4.979*** (0.517) 4.979*** (0.805) 2.629*** (0.255) �0.217*** (0.730) �6.141*** (0.372) �6.276*** (0.407)
Energy taxes 0.129** (0.039) 0.129* (0.053) 0.002 (0.014) 0.002 (0.013) �0.028 (0.025) �0.022 (0.026)
Fossil fuel Consumption �0.679*** (0.063) �0.679*** (0.098) �0.465*** (0.032) �0.465*** (0.083) 0.676*** (0.037) 0.688*** (0.039)
Investments 0.023* (0.013) 0.023** (0.009) 0.008 (0.007) 0.008** (0.002) �0.117*** (0.024) �0.114*** (0.024)
Labour productivity 0.911*** (0.045) 0.911*** (0.094) 0.065** (0.023) 0.065*** (0.036) �0.958*** (0.031) �0.961*** (0.031)
Capitalelabour ratio �0.264*** (0.045) �0.264*** (0.063) �0.016 (0.023) �0.016 (0.019) 0.161*** (0.027) 0.160*** (0.027)

F-test statistic F(18, 280) ¼ 124.95
0.000 Reject OLS

F(18, 280) ¼ 465.02
0.000 Reject OLS

F(18, 280) ¼ 185.58
0.000 Reject OLS

LM test
Prob > chibar2

chibar2(01) ¼ 1641.43
0.000 Reject OLS

chibar2(01) ¼ 1804.52
0.000 Reject OLS

chibar2(01) ¼ 1556.21
0.000 Reject OLS

Hausman test
Prob > chi2

chi2(5) ¼ 15.94
0.007 Reject RE

chi2(5) ¼ 14.84
0.011 Reject RE

chi2(5) ¼ 14.60
0.012 Reject FE

Test for
heteroscedasticity a

Prob > chi2

LR chi2(18) ¼ 388.90
0.000

LR chi2(18) ¼ 483.77
0.000

LR chi2(18) ¼ 297.53
0.000

Wooldridge test
for autocorrelationb

F(1, 18) ¼ 9.489 F(1, 18) ¼ 16.744 F(1, 18) ¼ 48.885

Prob > F
Pesaran’s test

0.006
0.347

0.000
0.003

0.000
e

No. obs 304 304 304 304 304 304

Notes: Figures in the parentheses are standard errors. *** Significant at the 1% level, **Significant at the 5% level, * Significant at the 10% level.
a If Prob > chibar2 < 0.05, indicate heterocedasticity.
b If Prob > F > 0.05, indicate no serial correlation.
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to the median of the coefficients of correlation for another treat-
ment and confirms similar trends between the intensity indicators
and the DEA model. Table 3 presents the results of the Wilcoxon
tests, which demonstrate that the DEA models used in this study
are an adequate approach to measure eco-efficiency in terms of
energy use and CO2 emissions.
4.3. Determinants of eco-efficiency in the Swedish service industries

In this section, panel data techniques are applied according to the
methods explained in Section 2.2.3 to explain the observed variation
and main factors that determine eco-efficiency across the service
industries. The dependent variables are the results of the technical
efficiency and energy intensity in the various regression models.

Table 4 shows the results of the regression analysis for eco-
efficiency from the DEA models and energy intensity based on
value added. The three estimations show similar results. The
specifications of the test to determine the proper panel data model
indicate that, in the case of DEAmodels, the fixed effects estimation
is adequate, and for energy intensity, a random effects model4 is the
most appropriate. The estimations of residuals for fixed effects and
random effects suggest the presence of heteroscedasticity and
serial correlation that must be corrected with Driscoll and Kraay
standard errors for fixed effects and MLE for random effects.

The results show that higher energy taxes, investments and
productivity lead to higher eco-efficiency in terms of energy effi-
ciency and reduce CO2 emissions, while higher fossil fuel
consumption reduces eco-efficiency. In addition, the capitale
labour ratio demonstrates a complementary relationship between
energy and production factors. Note that the signs of the
4 MLE is specified as the most efficient estimation in estimators that use infor-
mation on the distribution of the endogenous variables given the exogenous vari-
ables [86]. Taking into account the results of Hausman Test indicated that random
effect is the best model in the case of our empirical analysis.
coefficients for the DEA score are the inverse of those for efficiency
and energy intensity because the two results are inverses of one
another [81].

Energy taxes have a positive effect on eco-efficiency in terms of
energy use and decreasing CO2 emissions. In the Swedish service
sector, these taxes include the fuel and electricity taxes and the CO2

tax. This taxation system is considered one of the most innovative
and effective of those applied around the world because the taxes
were indexed and linked to the consumer price index in Sweden.
This structure guarantees a constant real value of the tax rates [71].
However, the impact and effects of these taxes on Swedish industry
have been mitigated for three main reasons: i. the exemptions of
the taxes on industry have resulted in an actual taxation level of
only 20% of the total energy and CO2 taxes. For example, in the
industrial sectors, the total energy and CO2 taxes have increased
almost 43% (from 25.2 V/1,000 L in 1993 to 60.5V/1,000 L in 2008),
whereas in other sectors as households the total energy and CO2
taxes have increased more than doubled (from 160.1 V/1,000 L in
1993 to 369 V/1,000 L in 2008). ii. Only a relatively small fraction
(30%) of the energy supplied to industry was fossil fuel-based when
the taxes were implemented in the 90s. iii. For several industrial
companies, especially service industries and non-energy intensive
sectors, energy costs are a relatively small fraction of total costs
(<3%) and therefore are a low impact. Thus energy issues have low
priority in these sectors [34,44,60,71]. These facts align with the
result that energy taxes only have a significant coefficient in one of
the models applied in this study, DEA.

Fossil fuels are included in the analysis to determine the role of
this fuel in eco-efficiency. The results in the three models indicate
that a decrease in fossil fuel consumption generates higher eco-
efficiency in the form of higher energy efficiency and lower CO2
emissions in the Swedish service industries. In other words,
improved energy efficiency and decreased CO2 emissions from
Swedish industries has been generated by a shift from fossil fuels to
low carbon or cleaner fuels, such as electricity, which in Sweden is
not carbon-intensiveand isbased largelyonnuclearandhydropower
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and on industrial and cogeneration plants [75,76]. This confirms that
improvements in energy efficiency and the reduction of CO2 emis-
sions depend of the use of high-quality, low carbon and clean fuels.

Investments likely have a positive effect on eco-efficiency but
are not significant in several models probably because investments
in the service sector have not primarily attempted to improve
energy use or decrease CO2 emissions. However, they can
contribute to eco-efficiency by the application of new standards to
improve energy use. This includes, for example, energy-saving
practices and processes, energy efficiency policies for new build-
ings, use of district heating in buildings and more energy-efficient
appliances and equipment [40,41,43].

Labour productivity has a positive and significant effect on eco-
efficiency, indicating that service industries with higher labour
quality of have higher energy efficiency and lower CO2 emissions.
These results concur with the trends in productivity in Sweden,
which has the highest labour productivity growth rates among
developed countries [20,21]. Notably, Mulder and Groot [56]
and Pardo [61] suggested that improvements in labour produc-
tivity simultaneously generate higher energy efficiency in the
industrial sector.

The relationship between the capitalelabour ratio and energy in
the service industries suggest complementary, which concurs with
Fuss [30] and Thompson [78]; who demonstrated that capital and
energy are complementary in the short run and substitutable in the
long run. Technological changes embodied in industries’ capital
stocks contribute to improving energy efficiency and decreasing
CO2 emissions when the energy-saving technical changes are
related to innovations that increase production, reduce labour,
energy and capital costs, or make use of alternative materials that
generate complementarities among production factors [84].

All of the findings in this study are important for designing
suitable energy policies to increase energy efficiency and decrease
CO2 emissions in the service industries. The design and application
of various strategies and policy instruments are important because
energy consumption have grown the quickest in this sector and
have driven the increase in total energy consumption and CO2
emissions for the whole Swedish industrial sector. The strategies
for significant improvements in the service industry’s eco-
efficiency must include access to information, energy manage-
ment systems, improved decision-making processes, energy
training for employees and the ability to measure and verify the
achieved energy savings.

5. Conclusions

This paper analysed eco-efficiency in terms of energy use and
CO2 emissions in the Swedish service industries during the period
of 1993e2008 using intensity indicators, the Malmquist DEAmodel
and panel data models. The tests used in the different techniques
applied in this study demonstrate that the methods are adequate to
generate consistent, robust and reliable estimates in the analysis of
energy efficiency and CO2 emissions from both the traditional
indicators and DEA.

The results of the DEA analysis indicate that energy efficiency
and CO2 emission intensity varied across years and service indus-
tries. Several service industries have increased eco-efficiency by
increasing energy efficiency and decreasing CO2 emissions and total
factor productivity, especially in recent years. However, this sector
has the potential to further improve energy efficiency and decrease
CO2 emissions. The results of the panel data techniques suggest
that increased energy taxes, investments and productivity generate
higher eco-efficiency, while higher fossil fuel consumption gener-
ates lower eco-efficiency. The capital-labour ratio shows a
complementary relationship with energy.
The findings of this study are important for developing effective
energy policies that improve energy use and energy management
in the service industries. Further research is necessary in this
industrial sector, focusing on identifying and understanding the
barriers to adoption of energy efficient technologies, good practices
and energy management systems and possibilities to improve
eco-efficiency.
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