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Abstract. The primary problems pertaining to productivity or — more precisely — efficiency are: how to define it and how
to measure it. This article studies technical efficiency in Stochastic Frontier Analysis (SFA) — the input-oriented frontier
model — in the construction industry and compares it with Data Envelopment Analysis (DEA) results. The models ex-
plored in this paper were constructed on the basis of two outputs and personnel cost as an input. The research sample
consisted of European countries. The aim was to determine whether there are substantial differences in estimation of ef-
ficiency derived from those two alternative frontier approaches. The comparison of results according to the models may
translate into higher reliability of the undertaken labour efficiency analysis in construction and its conclusions. Although
the results are not characterized by high compatibility, the conducted analysis indicated the most attractive countries
taking into account labour cost to profit and turnover ratios of enterprises. One of the determinants which should not be
ignored when analysing the labour efficiency is the level of development of a country; however, it is not the sole factor
affecting the efficiency of the sector.

Keywords: Data Envelopment Analysis (DEA), Stochastic Frontier Analysis (SFA), Tobit regression, labour efficiency,

construction industry.

Introduction

Efficient use of existing resources is an obvious determi-
nant of economic development. The level of efficiency
defines the level of prosperity which can be reached by
an economy as well as the competitiveness of the country
(The Global Competitiveness Report 2014-2015 2016).
The pressure on the growth of efficiency and the intro-
duction of more efficient production methods resulting in
innovative or improved products and services relates to
all sectors of the economy.

Construction belongs to ten activities that contribute
the most to the Gross Value Added (GVA) in countries
around the world, for example 5.7% in Europe in 2013
(Eurostat 2016) or 4.0% in the USA (U.S. Bureau of Eco-
nomic Analysis 2016). This sector is also one of the larg-
est industrial employers. In Europe, the construction in-
dustry provides over 12 million jobs (Eurostat 2016), and
in the USA — over 6 million jobs (U.S. Bureau of Labor
Statistics 2016), which implies that about 5% workers are
employed in the construction sector.

Construction sector is also important because it im-
pacts many other sectors of the economy. The construction
value chain covers a wide range of economic activities,
e.g. mining, manufacturing and distribution of construc-

tion products, services, such as design, management and
controlling, maintenance, and ultimately renovation and
demolition, with the recycling (Eurostat 2016).
Considering the European Union (EU), although
construction plays an important role in the economy of all
countries, there are strong differences between the states.
Taking into account the contribution of construction to
the total GVA and the number of people employed in
construction in relation to the population, Europe is di-
vided into three clusters. There are countries with slightly
above-average contribution to GVA but with the high-
est percentage of employment, countries with the high
contribution to GVA and an average share of people em-
ployed, and countries with the average contribution and
average employment (Nazarko, Chodakowska 2015).
Awareness of the role of efficiency and the attempts
to implement strategies for the improvement of produc-
tivity are related to the measurement of efficiency which
has received increasing attention recently. It is a generally
accepted view that any assessment depends both on the
selected criteria of analysis and on the models used. The
research question posed in this paper is to what degree
the selection of methods determines the efficiency assess-
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Table 1. DEA and SFA — the interest in the methods and the areas of application in numbers

DEA or Data SFA or Stochastic (DEA or Data Envelopment Analysis) and

Envelopment Analysis Frontier Analysis (SFA or Stochastic Frontier Analysis)
Years Topic Title Topic Title Topic Title
1978/1977-2016 27375 8618 17908 748 537 56
20002016 24761 7775 16443 639 493 50
2015-2016 1677 504 961 50 59 4
Research Areas: Engineering 6327 2145 631 58 136 15
1978/1977-2016

Source: On the basis on publication indexes in WoS from All Databases [05.04.2015]

ment and whether the differences obtained could radically
change the ratings. The authors attempt to answer this
question on the basis of empirical research. Data Envel-
opment Analysis (DEA) and Stochastic Frontier Analysis
(SFA) are analytical methods that have become highly
popular and are frequently applied in the evaluation of
the relative efficiency of different enterprises, organisa-
tions, intuitions, countries, sectors and others, that go by
the common name of decision-making units (DMUs).

The bibliographic analysis of publications in Web
of Science (WoS) related to the methods reflects the con-
tinued high interest and popularity of applying DEA and
SFA in many research areas (Table 1). Engineering, how-
ever, is not among the top research fields.

Data presented in Table 1 illustrate high interest in
both methods; however, DEA is predominant in spite of
the data inaccuracies. Research in DEA as an efficiency
measurement tool for production units starts with Charnes
et al. (1978). The SFA approach originates from two pa-
pers: Meeusen and van den Broeck (1977) and Aigner
et al. (1977), although most publications have been re-
corded in databases in recent years. This indicates the
timeliness of the problem of assessing the efficiency by
frontier benchmarking methods (Halicka 2016).

Although DEA and SFA have been used in many
areas of research, they have not been the most popular
ones in the construction sector and seem to have been
underappreciated so far.

The expression search in WoS: (DEA or Data Envel-
opment Analysis) and (SFA or Stochastic Frontier Anal-
ysis) and construction, returned only three positions in
April 2016. However, only one of them (Makridou et al.
2016) mentioned SFA, actually focussing on DEA only,
while assessing energy efficiency trends of five most en-
ergy consuming sectors across the EU countries (con-
struction industry among them). The added value of this
work is an attempt to identify the main factors relating to
the sector or the country and influencing the efficiency by
the regression analysis.

Generally, most of the works on the subject of the
industry efficiency concentrated on the energy or envi-
ronmental efficiency, usually in terms of CO, emissions.
Outside Europe, energy efficiency was the theme of in-
terest of Chen ef al. (2016). DEA and SFA were applied
to assess the energy efficiency of the Chinese construc-

tion industry. In this publication, the first traditional DEA
model was used to determine the efficiency of the Chi-
nese regional construction industry, and in the next stage,
the SFA model was employed to eliminate the influences
of the environmental factors and random errors. Using
DEA and Malmquist index, Xue et al. (2015) analysed
the change in the energy consumption efficiency in the
construction industry available in provinces of China.

As for the construction sector, some works focused
on examining the efficiency of companies in the indus-
try. Horta et al. (2013) used DEA to explore trends in
the construction industry of the world on the basis of the
efficiency of construction companies. Park et al. (2015)
used the enterprise results and DEA in the construction
industry in China, Japan and Korea.

Studies that compare DEA and SFA results have
been used extensively but in different areas of applica-
tion. Hjalmarsson et al. (1996) undertook a comparison
across models based on Colombian cement plants. Cum-
mins and Zi (1998) applied the two techniques to study
the efficiency of U.S. life insurers. Cullinane et al. (2006)
studied the efficiency of the container port industry utilis-
ing DEA and SFA. Kittelsen et al. (2015) estimated the
productivity of Finnish hospitals in comparison to other
Nordic countries and in regards to operating cost and pa-
tient dischargers. Depending on the data, the choice of
method may have a significant impact on the conclusions
or, on the contrary, the obtained results may be relatively
stable.

This article is a continuation and a development of
the issues of assessing the labour efficiency in construc-
tion initiated by Nazarko and Chodakowska (2015). The
purpose of this article is a comparative measurement of
the performance of the construction sector, identifying
technically efficient countries that could be benchmarked
by the two methods, DEA and SFA, as well as checking,
discussing the consistency of results, and examining the
economic factors that influence the final scores. The goal
is to determine whether there are substantial differences
in estimation of efficiency derived from these two alter-
native frontier approaches. In the authors’ opinion the in-
tegrated comparison of results according to models may
translate into higher reliability of the undertaken labour
efficiency analysis in construction and its conclusions.
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The article is organised as follows: first, the frame-
works of DEA and SFA methodologies are illustrated and
then, the result are presented and discussed.

1. Methodology (theoretical framework)

The idea of DEA and SFA methods came from the Far-
rell’s (1959) concept of efficiency. He proposed a meas-
ure of efficiency by referencing unit’s performance to the
production frontier or cost frontier of fully efficient, best
performing firms.

Both methods, DEA and SFA, can accommodate
non-controllable, non-discretionary environmental factors
which affect the efficiency but are not under the control
or management. Both methods account for multiple in-
puts and allow evaluating the technical efficiency (the
ability to use the minimum inputs for constant outputs)
and allocative efficiency (the ability to use the inputs in
optimal proportions taking into account the prices), and
compare the change in the efficiency through time using
the available panel data.

Since the production and cost frontier are not known
in practice and must be estimated, DEA uses the piece-
wise linear convex isoquant while SFA employs the para-
metric function, such as the Cobb-Douglas function. The
second main distinctions is that SFA accounts for noise
in data. Figure 1 shows the differences in the case of an
input-oriented frontier and output-oriented frontier.

The inefficiency of DMU may be estimated by re-
ferring its cost to the minimum cost or maximum output
determined by the frontier. DEA treats the residuals as
inefficiency and does not separate noise in the score. SFA
takes into account the presence of statistically random
noise and decomposes the error term into two compo-
nents. As a result, DEA envelopes all units, so that all
DMUs lie in or on the frontier, while in SFA, some units
may be situated outside the frontier (C and D in Fig. 1).
As a consequence, DEA evaluates units A, B, C and D
as fully cost efficient. Assuming the SFA methodology,
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error terms are composed of a symmetric random com-
ponent and one-side inefficiency component (Kumbhakar,
Lovell 2000). The gap between the SFA frontier and unit
E, consists of the inefficiency and error in the measure-
ment. Unit C, which lies outside the SFA frontier, has the
residual noise larger than the inefficiency.

The basic input-oriented radial DEA model (CCR-I
DEA) for evaluating the efficiency of DMUg may be
written as (Cooper et al. 2007):

ming ; (1)
I
z&ixim <Oxp,, m=1,...M;

i=1

1

lel-ym >You» n=1..., N;
i=1

A=0, i=1..,1,

where: X; = (x;1, X, Xj3, ..., X;37) — input vector; ¥;= (v;,
Yio» Vi3» ---» Vi) — output vector; A; — vector of weights,
specifying the intensity of the use of reference objects’
technologies in the optimal i-th DMU’s technology; n =
1,2, ..., N—number of outputs; m = 1, 2, ..., M — number
of inputs; i = 1, 2, ..., I — number of DMUs; €- techni-
cal efficiency.
In general, the stochastic frontier model in input-ori-
ented perspective may be specified as (Koop ef al. 1997):
¢ = f (Y3 B)+vi+u;, 2
where: ¢; — observed total cost; f(Y;,) — cost fron-
tier function, for example Cobb-Douglas or translog;
Y, — output of the i-th unit; f — vector of parameters;
v; — statistical noise independently distributed with the
mean 0, homoscedastic, ~ N 0,02 ; u; — non negative
technical inefficiency term, homoscedastic, having typically
half normal or truncated normal distribution.
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Fig. 1. DEA and SFA, compared to each other (author’s elaboration on the basis Neumann et al. (2010))
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And the technical efficiency is the ratio of observed
cost to the minimum potential cost defined by the frontier.
Assuming Cobb-Douglas form of the production func-
tion, the cost efficiency may be defined as (Coelli et al.
2005):

N
eXp(ﬁO +Zn:1ﬂn In Yin +vi)
E; = ~ =exp(-u;). (3)
exp(ﬂo +zn:lﬁn In y;, +v; +”i)

The parameters of the stochastic frontier may be es-
timated using the method of the maximum likelihood. An
alternative approach may be the Bayesian estimation.

The final measure of efficiency (both € and TE)
takes the value between 0 and 1 in order to facilitate in-
terpretation and comparison. However, the issue most of-
ten overlooked is the actual range of efficiency.

In input oriented model (1) inputs in virtual common
technology are not greater than the smallest portion of the
inputs of the i-th unit. The consequence is the final score
not greater than 1. In the case of SFA, assuming the cost
efficiency as the ratio of observed cost to the optimum
cost, it theoretically ranges from 1 to infinity. The techni-
cal efficiency is bounded in the unit interval in production
(output oriented) model. Analogous in the output orien-
tation, the dual DEA models efficiency scores start from
1 and illustrate the inefficiency in utilizing inputs: a unit

produces @ >1 times less outputs than it could, using
its optimum technology. For the sake of uniformity, the
inverse of scores is usually taken.

Both methods, as mentioned earlier, may account for
the production environment. There is a variety of possible
ways to adjust DEA and SFA to accommodate non-con-
trollable factors, for example incorporate them directly
into the models. The two-stage approach involves solv-
ing the DEA model or estimating the SFA model without
environmental variables in the first step and then correct-
ing the results by regressing technical inefficiencies on

Table 2. Summary comparison of properties of DEA and SFA

the environmental variables. In the case of SFA, this ap-
proach leads to the following model (Coelli ef al. 2005):

u; =g(Zy)+es “4)
e, e NY(0,02),

where: Z; — vector of environmental variables; g(Z;;7) —
non-negative function; y — vector of parameters.

The summary of the comparison among DEA and
SFA is given in Table 2.

DEA and SFA have drawbacks as well as advan-
tages. Each method may be criticised and their results
may be subject of polemics. Final efficiency scores al-
ways depend on the chosen methodology and should al-
ways be interpreted in the context of that methodology.
Comparing the method results or even defining the range
of the efficiency score may lead to more reliable final
statements.

2. Data for the efficiency calculation

Industry efficiency may be measured as the average of
technical efficiency of all companies in the industry
(Coelli et al. 2005). Because it is impossible to identify
all firms and collect data from all of them the authors
decided to use aggregated indicators of performance.
Based on Chodakowska et al. (2016), the two-stage mod-
els were applied with the following variables: personnel
cost, gross operating surplus, turnover and Gross Domes-
tic Product (GDP) per capita to explain the inefficiency
(Fig. 2) from the last available non-provisional data table
from the Annual Detailed Enterprise Statistics for Con-
struction (Eurostat 2016). The study sample covered data
on the construction sectors of 29 European countries in
2013. The choice of countries for the analysis was made
on the basis of two criteria: the position in Europe and the
availability of reliable data. The authors are aware that

DEA

SFA

Parametric No
and implications

fit measures
Sensitive to outliers

Functional form is not specified
Cannot test hypotheses, no goodness of

Yes

Functional form must be specified

Can test hypotheses concerning the coefficients,
goodness of fit measures

Deals with outliers

Method of estimation

Uses mathematical programming

Uses maximum likelihood econometric estimation

Can be used to measure: Yes Yes
technical and allocative efficiency

Account for noise No Yes
Cross-sectional panel data Yes Yes
Accommodate environmental Yes Yes
variables

Data restrictions
multiple inputs

Can accommodate multiple outputs and

Classically can only accommodate single output and
multiple inputs
Large sample is needed

Source: On the basis of Coelli ef al. (2005)
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gross operating surplus

personnel cost .
construction
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> productivity <

X second stage
GDP per Capita

Fig. 2. Concept of the two-stage evaluation: DEA/SFA with
regression

the choice of inputs and outputs, especially in the first
stage, may be controversial and reflects only the financial
health of the sector in different countries. It does not take
into account the aspect of sustainable development (both
in ecological and social terms) (Nazarko 2015). Howev-
er, GDP/capita that was taken into account in the second
stage allows correcting the obtained results by the eco-
nomic situation and the degree of affluence.

Table 3 contains descriptive statistics of chosen vari-
ables. Figures 3 and 4 illustrate the data set for DEA and
SFA.

The evaluated countries are very diverse in terms of
the absolute values of the analysed variables. However,
all considered variables have a high linear relationship:
Pearson’s correlation coefficient between the personnel
costs and the turnover is 0.97; and between the person-
nel costs and the operating surplus is 0.71. The following
countries have the highest values of personnel costs and,
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Fig. 4. Logarithmic variables for SFA (full names of countries
are in Table 4)

at the same time, the biggest turnover: France, the United
Kingdom, Germany and Italy (Fig. 4). On the opposite
side are Malta, Cyprus, Latvia, Estonia, and Lithuania.
The DEA method application in the case of the three
variables allows drawing a frontier and the visual evalu-
ation of the distance of each object from it, which re-
flects the efficiency (Fig. 3). The best country in terms
of the turnover per unit of personnel costs is Bulgaria,
with the highest ratio of gross operating surplus, and in
terms of the personnel cost — Romania. The closest to the

*oL) =
®GR

H

Turnover or gross premiums written/Personnel costs

1.5 2 25

Gross operating surplus/Personnel costs

Fig. 3. Data set with DEA frontier (full names are in Table 4)

Table 3. Descriptive statistics of research sample

Variable Unit Mean Max Min Std. err.
Personnel costs Million euro 12126.8 71433.8 108.8 17929.52
Gross operating surplus Million euro 6015.1 50469.1 160.9 10239.65
Turnover or gross premiums written Million euro 55083.7 284341.7 801.3 75918.47
Gross domestic product per capita Euro per capita 28048.3 85300.0 5800.0 20349.23
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Table 4. Rating based on DEA and SFA results and on GDP
per capita, Euro per capita at market prices

Country Code SFA DEA GDP
Austria AT 25 23 7
Belgium BE 9 12 9
Bulgaria BG 1 1 29
Switzerland CH 29 29 3
Cyprus (004 28 17 15
Czech Republic Ccz 2 8 20
Germany DE 23 27 10
Denmark DK 24 26 4
Estonia EE 6 11 21
Spain ES 18 22 14
Finland FI 22 20 8
France FR 10 24 11
United Kingdom GB 17 10 12
Greece GR 21 4 18
Croatia HR 19 14 25
Hungary HU 4 7 26
Ttaly 1T 8 13 13
Lithuania LT 15 16 23
Luxembourg LU 27 28 1
Latvia LV 3 5 24
Malta MT 26 6 16
Netherlands NL 14 19
Norway NO 20 21
Poland PL 5 3 27
Portugal PT 11 18 19
Romania RO 12 1 28
Sweden SE 16 25 5
Slovenia SI 13 15 17
Slovakia SK 7 9 22

frontier from the beginning of the coordinate (DEA meas-
ures the radial efficiency) are Poland, Greece, Latvia,
Malta, Hungary, and the Czech Republic.

Table 6. SFA frontier model parameters and statistic

Table 5. Descriptive statistics of DEA and the SFA score

DEA SFA SFA-!
Min 27.00% 104.60% 39.69%
Max 100.00% 251.97% 95.60%
Median 52.90% 128.24% 77.98%
Mean 59.62% 142.14% 74.13%
Std. err. 22.18% 36.61% 15.60%

3. Analysis and results

The DEA CCR-I and SFA basic cost model results are
presented in Table 4, in the form of a ranking. Table 5
provides the summary of descriptive statistics of the ef-
ficiency score. Table 6 shows the SFA frontier model pa-
rameters and statistic.

The DEA efficiency ranges from 0.27 to 1, with the
average efficiency of 0.59 and a similar median, while the
efficiency of SFA is from 1.04 to 2.52 with the average
of 1.42 and a smaller median of 1.28.

Commenting on the SFA results, it should be said
that the value of gamma means is nearly 0.937 of the
variation in the composite error term is due to the ineffi-
cient component. Likelihood ratio (LR) is 2.755. To com-
pare the ranking from Table 4, Kendall Tau and Spearman
correlations were estimated between scores together with
GDP values (Table 7).

Table 7. Correlations coefficients

Spearman Kendall Tau
DEA SFA scores DEA SFA
scores scores scores
SFA scores | 0.627417 0.495685
GDP per |-0.817499 | -0.643174 | —0.638616 | —0.467247
capita

Note: Calculations done by using Statistica 12

Common-sense assumptions confirmed by the pre-
liminary analysis and the values of correlation coeffi-
cients indicate that there is an inverse relationship be-
tween labour costs related to outputs and the GDP.

. t-ratio
Coefficient Standard error (parameter estimate / standard error)
iR —-3.1310032 0.3146598 —9.9504387
B —0.4342708 0.1174886 —3.6962797
5, 1.5094598 0.1136723 13.2790470
_ 2 2
r=oulo 0.9367120
o2 — variance
Log likelihood function —1.5302045

Note: Calculations done in Frontier v.4 by T. J. Coelli
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Table 8. Tobit regression results
DEA SFA
Estimated tvalue alue Estimated tvalue alue
coefficient “vai p-vaid coefficient vai p-vaiu
Intercept 0.183593 2.0861 0.03697 0.647495 6.5096 0.00000
GDP per capita 0.000014 5.4918 0.00000 —0.000010 -3.4076 0.00066
Pseudo R2 0.52885 0.27947
Log likelihood —4.52795580819 —8.06684766927

Note: Calculations done in EasyReg by H. J. Bierens 2014.

The standard Tobit model was ran to check the back-
ground factor driving the inefficiency:

vi if ¥ >0
yi: ' i ’ (5)
0 if y; <0

where*: y: =px;+&; &~ I’l(O,Gz) ; x; — GDP per cap-
ita; y; — efficiency.

The statistics of models of the selected predictor of
the inefficiency are given in Table 8.

Before deriving the conclusion from the Tobit model
parameters, some comments must be introduced. The effi-
ciency obtained by DEA is confident to the interval (0,1].
The SFA input-oriented efficiency in practice is bounded
(1,0). In the first case, the logarithmic transformation was
done to create a new variable Z=—In(Y)e[0,0), and in
the second case, the values were shifted: Z = Y — min(2)
e[O,oo) . Logarithmic transformation changes the inter-
pretation of the sign of the coefficient: the negative co-
efficient of an independent X variable implies a positive
effect on the original dependent variable Y.

In any case, GDP per capita is an important and sta-
tistically significant variable that explains the value of
the cost efficiency in constructions. Being aware that far-
reaching conclusions and radical proposals are limited by
small degrees of freedom because the sample size was
only 29 countries and the parameter estimation results
may be unreliable, same interpretation of efficiencies in
the sector across the countries may be attempted.

Conclusions and implications

There are studies that use DEA or SFA separately to as-
sess the efficiency in construction. However, DEA is far
more popular. It may be difficult to choose between dif-
ferent frontier based methods to perform the efficiency
measurement, especially when there is a lack of clear un-
equivocal evidence. SFA is the preferable method when
there are significant random influences and the functional
form of relationship may be established, while DEA is
applicable under the contrary conditions, i.e. having no
random influences and no confidence as to the functional
form (Sarafidis 2002). Both methods have their strengths
and weaknesses discussed in many research papers.

It is important to note that efficiency scores depend
on the chosen methodology. Mean efficiency calculated

with the use of SFA, excluding measurement errors and
the statistical noise from residuals, is greater than DEA
which treats residuals as an inefficiency (Sarafidis 2002).
On the other hand, SFA may overestimate the random
component and inflate the efficiency. The comparison of
the results seems to be a reasonable approach and allows
assuming that reliable actual efficiency has a value be-
tween the results of DEA and SFA.

In the context of the selected variables, SFA evalua-
tion was somewhat gentler and found that differences in
the achieved efficiency between countries were smaller.
The discriminative ability of the DEA method proved to
be much greater. Therefore, it was decided to compare the
ordering of the countries. In a few cases the difference
amounted to more than 10 places in the ranking. SFA
understated Malta, Greece, Cyprus, Romania, and raised
the rating for France.

According to the analysis, the five most optimal
countries to invest with the lowest labour costs in relation
to profits were: Bulgaria, Czech Republic, Latvia, Hun-
gary, and Poland (determined by SFA) or Bulgaria, Ro-
mania, Poland, Greece, and Latvia (determined by SFA).
One may notice that these are the new countries of the
EU that continue to be very attractive in terms of labour
costs. Moreover, the conducted study found that there is
a negative relationship between the wealth of a country
(measured by GDP per capita) and the productivity of its
construction sector.

The obtained results are far from obvious. They indi-
cate that high labour costs in the old EU countries do not
translate, at least proportionately, into higher efficiency
of the construction sectors in those countries in relation
to the new EU member states. The carried out analysis
concluded that the aforementioned disproportion was not
balanced out — as it could have been expected — by better
technical endowment of the labour force in the old EU
member countries. The performed calculations point at a
high competitive potential of the construction industry in
the new EU states. It is however beyond the scope of this
paper to expose the economic, political, social etc. roots
of that situation.

The classification into groups of countries — ef-
ficient, average and inefficient — is an alternative but
also an extension to a simple comparison obtained by
DEA and SFA specific positions in rankings of the coun-
tries according to the efficiency of labour costs. Simple
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agglomeration cluster analysis performed on the basis of
two method scores gives the following results: Bulgar-
ia as an unequalled benchmark, and Latvia, Poland, the
Czech Republic, and Hungary as countries that are posi-
tively outstanding. The third group consists of the rest of
analysed countries but there is a possibility to divide it
into clusters: Slovakia, Estonia, Belgium, and Italy (clus-
ter 1), Romania (cluster 2), Italy and Greece (cluster 3),
and the rest (cluster 4). K means that clustering com-
bines the best country and outstanding countries into one
cluster: Bulgaria, Latvia, Poland, the Czech Republic,
and Hungary. The second group has Slovakia, Romania,
Estonia, Belgium, Italy, Greece, Malta, France, Portugal,
the United Kingdom, and Slovenia. And the third has the
remaining countries, i.e. Lithuania, Croatia, Netherlands,
Sweden, Norway, Cyprus, Spain, Finland, Austria, Den-
mark, Germany, Luxembourg, and Switzerland.

The aim of this study was also to contribute to the
existing literature on the efficiency. The variables select-
ed covered the specific aspects of labour productivity and
the results showed the complementarities of these two ap-
proaches. The authors believe that the presented analysis
of the comparative efficiency in the construction indus-
try provides a useful insight, however, is not exhaustive.
Further research could involve various alternatives to
selected criteria and the functional form, and the com-
parison of efficiency scores obtained over time using the
panel data. Worth considering are the issues of working
conditions, in particular occupational health and safety
(Ejdys, Lulewicz-Sas 2010). The other proposition could
be the application of the mixed methodology, i.e. Sto-
chastic Data Envelopment Analysis (SDEA), instead of
the comparison of the two. SDEA allows incorporating
stochastic influences on the DEA frontier. This approach
requires some probability assumption to utilize it in em-
pirical studies (Sarafidis 2002).
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