
J Prod Anal (2018) 49:25–36
DOI 10.1007/s11123-017-0519-1

Managerial and program inefficiency for European meat
manufacturing firms: A dynamic multidirectional inefficiency
analysis approach

Magdalena Kapelko 1
● Alfons Oude Lansink2

Published online: 17 October 2017
© The Author(s) 2017. This article is an open access publication

Abstract This paper proposes a dynamic multidirectional
inefficiency analysis approach within the context of Data
Envelopment Analysis to measuring input- and investment-
specific managerial and program inefficiency for groups of
firms characterized by different technologies. Dynamic
managerial inefficiency refers to the distance to the firms’
group-specific dynamic frontier of best practices, and
dynamic program inefficiency measures the difference
between the group-specific dynamic frontier and the pooled
dynamic frontier. The empirical application focuses on
panel data of large meat processing firms in Eastern, Wes-
tern and Southern Europe over the period 2005–2012. The
results show that Eastern European firms have the highest
dynamic managerial inefficiency for all inputs, but have the
smallest values for dynamic program inefficiency. Western
European firms perform worst in terms of program ineffi-
ciency for all inputs, while Southern European firms are the
best with regard to dynamic managerial inefficiency. The
results also reveal that regardless the dynamic inefficiency
dimension considered, investments is the most inefficient
input, followed by labor, and materials.
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inefficiency ● Managerial inefficiency ● Dynamic
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1 Introduction

Since the seminal work by Charnes et al. (1981), the mea-
surement of efficiency for groups of firms that are char-
acterized by different technologies received a considerable
attention in the efficiency and productivity literature.
Charnes et al. (1981) proposed an approach within the
context of Data Envelopment Analysis (DEA), to distinguish
between managerial and program efficiency. Managerial
efficiency is assessed in relation to the firm’s group-specific
frontier, and program efficiency measures the difference
between the group-specific frontier and the frontier com-
posed of all observations. These ideas were renewed by
Battese et al. (2004) in the context of stochastic frontier
analysis by introducing the concept of a metafrontier that
spans all observations and represents the potential technol-
ogy available for all firms regardless the group they belong
to. O’Donnell et al. (2008) applied the metafrontier frame-
work with DEA method1. The empirical applications of
program and managerial efficiency and metafrontier include
the analysis of educational performance (Portela and Tha-
nassoulis 2001; Mancebón et al. 2012), agriculture (Beltrán-
Esteve and Reig-Martínez 2014; Asmild et al. 2016), eco-
logical performance (Gómez-Limón et al. 2012; Yao et al.
2015; Zhang et al. 2015) or banks (Zhu et al. 2015).
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On the other hand, the measurement of dynamic efficiency
is a recent theme in the Data Envelopment Analysis litera-
ture2. The general idea behind this approach is to assume that
firms’ production decisions are linked over time. Dynamic
efficiency models developed in the literature along two
strands. One group of studies within this line develop
dynamic network models which take the view of multistage
production systems (for example, Färe and Grosskopf 1996;
Chen 2009; Fukuyama and Weber 2015). In the other group
of studies, the firms’ production decisions are linked over
time through adjustment costs associated with changes in
quasi-fixed factors of production (Silva and Stefanou 2003,
2007; Kapelko et al. 2014; Silva et al. 2015)3.

Previous studies did not consider the dynamics of firms
production decisions when developing models for measuring
the efficiency of groups of firms functioning under hetero-
geneous technologies. To fill in this gap, this paper combines
the concepts of managerial and program efficiency with
dynamic efficiency measurement. Therefore, the main aim of
the paper is to develop a dynamic production framework for
making comparisons across groups of firms (program ineffi-
ciency) and within groups of firms (managerial inefficiency).
The introduction of production dynamics in models of effi-
ciency is based on Silva and Stefanou (2003, 2007) who
estimate hyperbolic efficiency measures, and their further
extensions to dynamic directional distance functions by Serra
et al. (2011), Kapelko et al. (2014) and Silva et al. (2015).
Furthermore, this paper builds on the study of Kapelko and
Oude Lansink (2017), who developed a dynamic multi-
directional inefficiency model (dynamic MEA), but did not
distinguish program inefficiency from managerial ineffi-
ciency4. It also builds on the study of Asmild et al. (2016) that
developed the measures of program and managerial efficiency,
but in the context of static MEA. In addition, the developed
method allows for the analysis of inefficiency with regard to
specific inputs employed in the firms’ production process as
well as for investments undertaken by firms5.

The empirical application focuses on panel data from
large firms in the meat processing industry in the
European Union (EU) over the period 2005–2012 grouped
into three regions: Eastern, Western and Southern EU
firms. Meat processing in the EU is the largest sector within
the food manufacturing industry in terms of turnover and
the second largest after the manufacturing of bakery and
farinaceous products in terms of value added and employ-
ment (Eurostat, 2015). It is a sector that is subject to
EU regulations on environmental protection, animal
welfare and food safety, as well as it is impacted by the
changes in consumer preferences (Van Horne and Bondt
2013; European Commission 2011). Food safety regulation,
mainly manifested through the General Food Law intro-
duced in 2002, was enacted due to the occurrence of food
crisis such as for example Bovine spongiform encephalo-
pathy (BSE). At the same time, the trade in agricultural
products is rapidly liberalizing, posing another challenge for
this industry (European Commission 2011). Another
important factor is financial crisis of the late 2008 that
affected this industry mainly through the decrease in turn-
over of its constituting firms. EU meat manufacturing
industry is rather heterogeneous across countries and
regions, having different characteristics and modes of
operating, for example, Eastern European meat manu-
facturing firms have a much lower market share and
turnover compared to their Southern and Western counter-
parts. Furthermore, Southern European firms operate in
supply chains that are more integrated than Eastern and
Western European firms; also most consolidation and con-
centration is taking place among Western European
firms (European Commission 2011; Wijnands 2007).
Within this background, it is of interest to know whether
the efficiency levels of inputs and investments were
affected and whether meat processing firms from
different regions in the EU were affected differently. In the
context of increased regulation and increased production
costs of meat manufacturing firms, it is also interesting to
know the efficiency of particular inputs employed in the
firms’ production process. Finally, the differences in func-
tioning of meat manufacturing industry in EU regions could
be related to technical inefficiency, making this sector a
proper case for the analysis of managerial and program
inefficiency.

The rest of the paper proceeds as follows. Section
“Methods” develops the method for computing dynamic
multi-directional managerial and program inefficiency.
Sections “Descriptions of the data” and “Results” describe
the dataset and discuss the main findings, respectively.
Section “Conclusions” presents the conclusions and
discusses business and policy implications and future
research lines.

2 Fallah-Fini et al. (2014) reviews the measurement of dynamic
efficiency.
3 In addition, Nemoto and Goto (1999, 2003) propose dynamic DEA
in which quasi-fixed inputs at the end of a time period are treated as if
they were outputs in that period.
4 Dynamic multidirectional inefficiency extends the MEA approach
that was developed in the static context by Bogetoft and Hougaard
(1999) and Asmild et al. (2003) and further developed by Bogetoft and
Hougaard (2004), Asmild and Pastor (2010), Asmild et al. (2016) and
Baležentis and De Witte (2015).
5 The literature on measuring input-specific efficiency also distin-
guishes studies that built on the Russell measure of efficiency (Färe
and Lovell 1978) or directional slacks-based measure of efficiency
(Fukuyama and Weber 2009; Färe and Grosskopf 2010). See, for
example, the studies of Oude Lansink and Ondersteijn (2006) or
Kapelko (2017a). The input-specific productivity growth measures are
also derived, for example in the studies of Mahlberg and Sahoo (2011)
or Kapelko et al. (2015).

26 J Prod Anal (2018) 49:25–36



2 Method

2.1 Computing pooled dynamic multi-directional
inefficiency

We begin by pooling all firms together regardless the group
they belong to. That will allow computing pooled dynamic
multi-directional inefficiency, that is inefficiency with
regard to the dynamic frontier composed of all observations
in the sample.

Let us assume a set of j= 1,…,J firms using a vector of
N variable inputs x= (x1,…,xN), a vector of F gross
investments in quasi-fixed inputs I= (I1,…,IF), and a vector
of F quasi-fixed inputs k= (k1,…,kF) to produce a vector of
M outputs y= (y1,…,yM). The dynamic production tech-
nology transforms variable inputs and gross investments
into outputs at a given level of quasi-fixed inputs and is
defined as (see Kapelko et al. 2014; Silva et al. 2015):

P ¼ ðx; I; y; kÞ : x; I can produce y; given kf g ð1Þ
The dynamic production technology satisfies the prop-

erties that are summarized in Silva and Stefanou (2003).
An input-oriented dynamic MEA is based on two

sequential steps. In the first step an ideal reference point
with regard to investments and variable inputs x�n; I

�
f

� �
for

the DMU0 under analysis x0n; I
0
f ; y

0
m

� �
is determined using

DEA by solving linear programmes for each variable input
n(= 1,…,N):

x�n ¼ minxn;λj xn
s:t:

PJ
j¼1

λjyjm � y0m; m ¼ 1; :::;M

PJ
j¼1

λjxjn � xn

PJ
j¼1

λjxj�n � x0�n �n ¼ 1; :::; n� 1; nþ 1; :::;N

PJ
j¼1

λj Ijf � δkjf

� �
� I0f � δk0f f ¼ 1; :::;F

λj � 0 j ¼ 1; :::; J

ð2Þ
and for each investment f(= 1,…,F):

I�f ¼ maxIf ;λj If
s:t:

PJ
j¼1

λjyjm � y0m; m ¼ 1; :::;M

PJ
j¼1

λjxjn � x0n n ¼ 1; :::;N

PJ
j¼1

λj Ijf � δkjf

� �
� If � δk0f

PJ
j¼1

λj Ij�f � δkj�f

� �
� I0�f � δk0�f �f ¼ 1; :::; f � 1; f þ 1; :::;F

λj � 0 j ¼ 1; :::; J

ð3Þ
where x0�n and I0�f are vectors of all variable inputs except
input n and all investments except investment f,

respectively, λj are intensity weights, δ denotes firm-
specific depreciation rates, x�n and I�f denote the optimal
solutions of models (2) and (3), respectively, xn and If
denote the target values for the nth input reduction and the
fth investment expansion, respectively. The programs (2)
and (3) assume a constant returns to scale (CRS)
technology6.

In the second step, the following DEA model is solved:

β� ¼ maxβ;λjβ

s:t:
PJ
j¼1

λjyjm � y0m; m ¼ 1; :::;M

PJ
j¼1

λjxjn � x0n � β x0n � x�n
� �

n ¼ 1; :::;N

PJ
j¼1

λj I jf � δkjf

� �
� I0f � δk0f þ β I�f � I0f

� �
f ¼ 1; :::;F

λj � 0 j ¼ 1; :::; J

ð4Þ
where β indicates the proportion by which variable inputs
can be contracted and investments can be expanded relative
to the ideal point, that is technical inefficiency of DMU0.
Because investments measure the change in quasi-fixed
factors between two periods of time, they are the indication
of dynamics incorporated into models. Using the optimal
solution β* of model (4), input-specific inefficiency for
variable input IEVnð Þ of DMU0 is calculated as:

IEVn ¼
β� x0n � x�n
� �

x0n
; n ¼ 1; :::;N ð5Þ

And investment-specific inefficiency IEFfð Þ of DMU0 is
computed as:

IEIf ¼
β� I�f � I0f

� �

I0f
; f ¼ 1; :::;F ð6Þ

Equation (5) suggests that IEVn takes values between 0
and 1 and Eq. (6) shows that IEIf will be larger than 0,
where a value of 0 indicates there is no inefficiency in the
use of variable inputs or in the investments.

2.2 Managerial and program dynamic multi-directional
inefficiency

The dynamic MEA approach is next extended to measuring
inefficiency attributable to differences in the group-specific
frontiers. As proposed by Charnes et al. (1981), firms
belonging to different groups (or ‘programs’) might have
different frontiers because of program differences. This
paper applies this idea to the context of dynamic MEA

6 The main reason for assuming CRS is that our empirical application
focuses on large firms only. Hence, the sample is relatively homo-
genous in terms of size. CRS inefficiency values are usually slightly
larger than VRS inefficiency values; this issue deserves further
investigation though.
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analysis and develops an approach that distinguishes
between dynamic input- and investment-specific multi-
directional managerial inefficiency and dynamic input- and
investment-specific multidirectional program inefficiency.
The first measures dynamic multidirectional inefficiency for
variable inputs and investments relative to the frontier made
up by the observations from the same group, while the
second measures the differences in input- and investment-
specific inefficiency between ‘programs’, that is the distance
between the group-specific frontier and the pooled frontier.

In order to compute dynamic multidirectional managerial
inefficiency, first firms in the sample are split into groups
denoted by the superscript g. In our empirical application,
firms are grouped according to their location in one of the
regions of the European Union. Dynamic multidirectional
managerial inefficiency with respect to variable inputs and
investments is computed by first applying Eqs. (2) and (3)
to find ideal points within each subsample named xg�n ; Ig�f

� �

and then applying Eq. (4) separately for each group g, that is
taking the best within-group practices as a benchmark, to
obtain the optimal solutions that we call βg*. Using the
optimal solutions, one can compute dynamic input- and
investment-specific managerial inefficiency (MIEVn and
MIEIf hereafter), using Eqs. (5) and (6), where β* is sub-
stituted with βg*, and x�n; I

�
f

� �
is substituted by xg�n ; Ig�f

� �
.

To obtain dynamic multidirectional program ineffi-
ciency, we first need to obtain a new set of observations for
variable inputs and investments xFn ; I

F
f

� �
that are manage-

rially efficient relative to their group-specific frontier. For
variable inputs these frontier values for DMU0 are com-
puted as follows:

xFn ¼ 1�MIEVnð Þ � x0n; n ¼ 1; :::;N ð7Þ

To obtain frontier values for investments we use the
following equation:

IFf ¼ 1þMIEIf
� � � I0f ; f ¼ 1; :::;F ð8Þ

Then using these new values for inputs and investments,
we run Eqs. (2)–(4) once again, but now relative to the
frontier composed of all observations in the dataset. This
yields the ideal points denoted as xf �n ; I

f �
f

� �
and the optimal

solutions denoted as βf*. Then using (5) and (6), we can
compute dynamic program input- and investment-specific
multidirectional inefficiency scores (which we denote as
PIEVn and PIEIf), by substituting β* with βf*, and x�n; I

�
f

� �

by xf �n ; I
f �
f

� �
7.

The concepts of managerial and program dynamic mul-
tidirectional inefficiency are illustrated in Fig. 1 for the
specific case of two groups of firms (g1 and g2) producing
the same quantity of output, using one variable input x, and
one investment I. We assume that point (x0,I0) belongs to
the group g1. To obtain the measure of managerial ineffi-
ciency for group g1, first an ideal point is found using
Eqs. (2) and (3), and then using Eq. (4) point (x0,I0) is
projected on the frontier g1 (that is, it is compared with the
best observed practices within its own group) by following
the path of the largest possible reduction of variable input x
and expansion of investment I in the direction of this ideal
point. This results in the point on the frontier of group g1
denoted as (xB,IB). Next, dynamic managerial inefficiency
is measured as the distance between (x0,I0) and (xB,IB).
Managerial inefficiency for group g2 is computed in a
similar way. After the quantities of variable inputs and
investments have been transformed according to Eqs. (7)
and (8), the point (xB,IB) is projected on the frontier span-
ned by all observations both from group g1 and g2 called G
in the direction of ideal point. That is, running Eqs. (2)–(4)
yields point (xBP,IBP). The distance between (xB,IB) and
(xBP,IBP) is a measure of dynamic program inefficiency. In
this graphical example the frontier spanned by the pooled
observations coincides with the frontier of group 2.

The methodology developed in this paper offers several
advantages. In particular, it allows for dynamic inefficiency
analysis, linking the firms’ production decisions over time
through capital adjustment and accounting for adjustment
costs of investments. Not accounting for dynamics of firms
production decisions can lead to biased inefficiency mea-
sures especially when firms undertake large investments
(Kapelko et al., 2014; Silva et al., 2015). Furthermore, the

Fig. 1 Illustration of managerial and program dynamic multi-
directional inefficiency analysis

7 In order to make the figures of program inefficiency directly com-
parable with the measures of managerial inefficiency, to compute
program inefficiencies in the denominators of Eqs. (5) and (6) instead
of frontier values of variable inputs and investments xFn and IFf , we use
the original values, that is x0n and I0f . In this way, both managerial and
program inefficiency are stated as a percentage of the same quantity.

28 J Prod Anal (2018) 49:25–36



proposed approach enables for a proper analysis and com-
parison of inefficiency between groups of firms that are
characterized by different technologies. The new approach
offers also the advantage in separating the benchmark
selection from efficiency measurement. It allows selecting
benchmarks that are proportional to the potential improve-
ments given by the input specific excesses (Bogetoft and
Hougaard 1999), which enables the analysis of potential
reduction of each input variable separately.

Nevertheless, while the method offers several advantages
fulfilling several properties, we are aware that if other
characteristics are important in the investigation, other
approaches would be preferred by researchers and practi-
tioners. For example, if more explicit treatment of envir-
onmental differences between firms is important, then the
method developed by Daraio and Simar (2005) could be
more appropriate. Additionally, if the objective is to look
into the network structure of firms’ production decisions
over time, then the best choice would be to apply the
dynamic models as suggested by Färe and Grosskopf
(1996). When the researcher has Pareto-efficiency in mind
when estimating input-specific efficiency, then measures
based, for example, on the Russell measure of efficiency
(Färe and Lovell 1978) would be a proper choice. Finally, if
researcher wishes to analyze the changes in efficiency, scale
and technology from one period to the next, then pro-
ductivity change indicators would be a suitable choice.

3 Description of the data

The data used in this article come from the AMADEUS
database, which is collected by Bureau van Dijk and con-
tains accounting information on European firms in different
industries. This study’s dataset concerns large meat manu-
facturing firms following the EU definition of firms’ size,
i.e. firms with more than 250 employees and an annual
turnover exceeding 50 million euros are categorized as large
(European Commission 2003). Meat manufacturing firms
represent the NACE group 10.1. The firms in the sample are
from three EU regions, i.e. Eastern, Western and Southern
Europe, and the sample contains the most important meat
processors within each region for which data was available.
The region Eastern Europe includes Bulgaria, Croatia,
Estonia, Hungary, Poland, Romania, Slovakia and Slovenia;
Western Europe includes Austria, Belgium, Finland,
France, Germany, Netherlands and Sweden; Southern Eur-
ope comprises Italy, Portugal and Spain. Outliers were
removed from the sample using the procedure outlined in
Simar (2003). The final dataset covering the 2005–2012
period, consists of 1108 observations for Eastern Europe,
1198 observations for Western Europe and 950 observa-
tions for Southern Europe.

The computation of dynamic MEA requires information
on firms’ variable inputs, quasi-fixed inputs, gross invest-
ments in quasi-fixed inputs, depreciation and outputs. In this
study, two variable inputs are distinguished: materials and
labour, which were measured as the costs of these items
from firms’ profit and loss accounts. One quasi-fixed input
was measured as the beginning value of fixed assets from
the firms’ balance sheets (that is, the end value of the pre-
vious year). Gross investments in fixed assets in year t were
computed as the beginning value of fixed assets in year t+
1 minus the beginning value of fixed assets in year t plus the
value of depreciation in year t. One output was dis-
tinguished and was proxied as the deflated total revenues
from the firms’ profit and loss accounts. Finally, the values
of depreciation were obtained directly from firms’ profit
and loss accounts. All aforementioned variables were
downloaded from AMADEUS in country-specific curren-
cies and current prices, and were further adjusted using
the Purchasing Power Parity (PPP) of the local currency to
the US dollar and were deflated using country-specific
price indices8.

Table 1 presents the descriptive statistics of the variables
used in the analysis, both for the whole sample (whole
Europe) and for the three regions separately. Detailed data
on the development of descriptive statistics over time is
presented in the Table 5 in Appendix. Table 1 shows that
Western large meat manufacturing firms in the
sample obtain, on the average, the highest revenues, fol-
lowed by Southern and Eastern European firms. Firms in
Western Europe also have the highest labor and material
costs. In contrast, the firms in Southern Europe have the
highest values of fixed assets, on average. Furthermore,
Southern European firms, on average, made the largest
investments during the study period. Not only the volume of
investments in Southern Europe was large, but also the
variation within investments as suggested by the large
values of standard deviations relatively to their respective
averages. This all suggests that overall firms in these three
regions have different modes of operating, with Western
European firms being more labor- and material-intensive
and generating the largest revenues, Southern European
firms being more capital- and investment-intensive, and
Eastern European firms having the smallest scale of
operation as revealed by the smallest values of input–output
variables, on average.

8 Revenues were deflated using the producer price index for food
manufacturing; material costs using the producer price index for non-
durable consumer goods; labour costs using the labour cost index in
industry, and fixed assets, gross investments in fixed assets and
depreciation by the application of the producer price index for capital
goods.
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4 Results

The dynamic multidirectional managerial and program
inefficiency of European meat manufacturing firms were
estimated separately for each year. The presentation of the
results starts with the assessment of managerial inefficiency
relative to the region-specific frontier. Next, the difference
between the group-specific and pooled frontier was assessed
(program inefficiency). Finally, the pooled inefficiency was
computed relative to the pooled frontier. The statistical
significance of the differences between regions was asses-
sed using the test developed by Simar and Zelenyuk
(2006)9. The results are reported both for the whole period
2005–2012 and for each year separately.

4.1 Dynamic multi-directional managerial inefficiency

The average values of dynamic managerial inefficiency
together with the corresponding standard deviations are pre-
sented in Table 2, both for each European region separately
(Eastern, Western and Southern) and for Europe as a whole.

As reported in Table 2, the dynamic managerial ineffi-
ciency of materials on average ranges between 0.150
(Southern) and 0.277 (Eastern). The result of 0.277 for
Eastern Europe suggests that meat processing firms in
Eastern Europe can reduce the use of materials by 27.7
percent while still producing the same quantity of outputs.
The potential for reducing the use of labor is slightly higher
in all regions, particularly in Eastern Europe with a potential
for reducing labor by 33%. The average values of dynamic
managerial inefficiency for investments suggest that meat
processing firms could increase their investments by a factor
11.9 (Southern Europe) to 19.4 (Eastern Europe), while still
producing the same quantity of outputs. The differences
between regions in the inefficiencies for materials, labor and
investments are all significant at the critical 1% level, with
the exception of the difference in investment inefficiency
between Southern and Eastern Europe. Previous research

used static approaches to measuring technical efficiency for
all inputs in meat processing industry. Shee and Stefanou
(2015) and Ali et al. (2009) reported slightly higher values
of technical inefficiency for Colombian meat processors and
for meat manufacturing firms in India, respectively. Bon-
temps et al. (2012) found technical inefficiency levels for
the poultry industry in France that are similar to our find-
ings. Regarding dynamic inefficiency studies of meat pro-
cessing industry, our results are similar to those of Kapelko
(2017b) findings for the meat processing industry in Poland.

We now analyze dynamic managerial inefficiency for
each year of the sample period from 2005 to 2012. The
average results are shown in Fig. 2a–c.

Looking at the figure we first notice that dynamic inef-
ficiency of labor was stable for Eastern and Southern Eur-
ope, but slightly decreasing for Western Europe. Also the
dynamic inefficiency in the use of materials is decreasing
for Western Europe. Eastern Europe exhibits a substantial
increase in the inefficiency of the use of materials after
2007. The dynamic investment inefficiency remains at
fairly low levels for southern Europe, but is characterized
by upward jumps in 2008 and 2011 for Western European
firms. This pattern for Western Europe suggests that the
gap between the inefficient firms and the firms operating at

Table 1 Descriptive statistics of the data, 2005–2012 (1000 PPP of local currency to US dollar of 2004)

Variable Eastern Western Southern Europe

Fixed assets 26,487.392 (33,569.688) 35,438.248 (115,799.415) 47,898.328 (130,941.920) 36,027.784 (101,909.817)

Labor cost 5859.681 (6163.791) 22,922.755 (59,161.460) 14,604.617 (32,168.581) 14,689.304 (40,660.047)

Material cost 74,036.983 (67,575.967) 157,392.007 (326,861.074) 114,729.559 (154,450.300) 116,579.141 (221,420.319)

Investments 4941.970 (9910.346) 7572.551 (29,149.258) 9124.102 (37,053.983) 7130.073 (27,368.350)

Depreciation 2485.013 (2756.726) 4069.596 (10,816.796) 4306.454 (8659.530) 3599.479 (8253.738)

Revenues 95,881.003 (82,855.219) 219,545.195 (452,077.994) 157,849.966 (229,107.059) 15,9462.151 (309,032.115)

Average values are reported. Standard deviations are in parentheses

Table 2 Dynamic multi-directional managerial input- and investment-
specific inefficiency

Materials Labor Investments

Mean Std. dev. Mean Std. dev. Mean Std. dev.

Eastern 0.277 0.142 0.330 0.124 19.409 218.180

Western 0.156 0.093 0.262 0.120 17.091 62.715

Southern 0.150 0.084 0.226 0.112 11.962 53.850

S-Z test a, b, c a, b, c a, b

Europe 0.195 0.125 0.275 0.126 16.383 135.978

a denotes significant differences between Western and Eastern
European countries at the critical 1% level;
b denotes significant differences between Western and Southern
European countries at the critical 1% level;
c denotes significant differences between Eastern and Southern
European countries at the critical 1% level.

9 All DEA models were estimated using the GAMS program. Simar
and Zelenyuk’s (2006) test was applied using software R.
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the frontier was much higher in these years and could be
due to the financial crisis which may have forced firms to
cut back investments, and hence leave the technical
potential for increasing investments unused. In fact, detailed
statistics on the development over time of input–output data
contained in Appendix show precisely the case that Western
European firms in the sample were cutting back their
investments in 2008 and 2011 as compared to 2007 and
2010 respectively, on average. The inefficiency is stable for
Eastern European firms, with the exception of the large
jump in 2007.

4.2 Dynamic multi-directional program inefficiency

Next we assess the difference between the group-specific
frontier and the pooled frontier by analyzing program

inefficiency. The average values of dynamic program inef-
ficiency scores within specific European region as well as
for Europe as a whole are summarized in Table 3, together
with the values of respective standard deviations.

The results of the dynamic program inefficiency for
materials and labor in Table 3 show that the difference
between the frontier of meat processing firms in Eastern
Europe and the pooled frontier is much smaller than in the
case of Western and Southern Europe. For Eastern Europe
the difference for materials and labor is only 1.4 and 1.8%,
respectively, whereas the difference is 18.4 and 16.4%
(materials) and 18.5 and 18.2% (labor) for Western and
Southern Europe, respectively. These results suggest that
the best practice firms in Eastern Europe operate on average
closer to the pooled frontiers for labor and materials than the
best practice firms in Western and Southern Europe. For
investments, a similar pattern is found as for labor and
materials, i.e. the gap between the group-specific frontier
and the pooled frontier is much smaller for Eastern Eur-
opean firms than for Western and Southern European firms.
The results of S-Z test indicate that all differences between
regions are statistically significant.

Figure 3a–c provides additional insights into dynamic
program inefficiency analysis by summarizing the average
values of this indicator for each year of analyzed period.

The evolution of input and investment-specific ineffi-
ciency in Fig. 3a–c shows that the dynamic program inef-
ficiency of materials and labor is decreasing over time in
Eastern Europe, whereas it is increasing for these inputs,
particularly after 2007, for Western and Southern European
firms. The increase in the dynamic program inefficiency of
labor and materials after 2007 could be due to the financial
crisis, which may have caused a drop in demand for meat
products and hence, in underutilization of the production
capacity. The dynamic inefficiency in the investments is
fairly stable for all regions in the period under investigation,

Fig. 2 Evolution of dynamic multi-directional managerial input- and
investment-specific inefficiency

Table 3 Dynamic multi-directional program input- and investment-
specific inefficiency

Materials Labor Investments

Mean Std. dev. Mean Std. dev. Mean Std. dev.

Eastern 0.014 0.034 0.018 0.037 0.849 6.695

Western 0.184 0.113 0.185 0.090 17.244 91.622

Southern 0.164 0.099 0.182 0.084 8.409 40.170

S-Z test a, b, c a, b, c a, b, c

Europe 0.121 0.118 0.127 0.108 9.087 60.171

a denotes significant differences between Western and Eastern
European countries at the critical 1% level;
b denotes significant differences between Western and Southern
European countries at the critical 1% level;
c denotes significant differences between Eastern and Southern
European countries at the critical 1% level.
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with the exception of the year 2009 for Western European
firms.

4.3 Dynamic multi-directional pooled inefficiency

In the last step, we computed dynamic multi-directional
inefficiency with regard to the pooled frontier. These results
are summarized in Table 4, which displays both average
values and standard deviations for each region and for
Europe as a whole.

Results in Table 4 indicate that firms in Eastern Europe
are overall less inefficient in the use of labor and materials.
The overall better performance of Eastern European meat
processing firms is due to their lower program inefficiency;
their managerial inefficiency is higher than for Western and
Southern European firms. The overall potential for reducing
materials ranges from 29.1% for Eastern Europe to 34.0%

for Western Europe. For labor the overall inefficiency is
higher and ranges from 34.9% (Eastern Europe) to 44.6%
(Western Europe). The dynamic inefficiency for investment
suggests a very large potential for increasing investments,
i.e. by a factor of around 20 for Eastern and Southern
European firms to a factor of 34 for Western European
firms. All these differences are statistically significant as
shown by the results of S-Z test. When interpreting the
differences in results found between regions, it should be
noted that meat manufacturing firms have different char-
acteristics across EU regions. Hence, the lowest values of
input- and investment-specific inefficiency found for East-
ern European firms in comparison to their Southern and
Western counterparts can be associated with their smallest
scale of operation in terms of inputs employed and outputs
produced. Western European firms, while having the largest
values of all inputs and outputs and the largest scale of
operation, they also have the highest score for input- and
investment-specific inefficiency. This suggests the under-
utilization of existing capacities by these firms.

The evolution of dynamic pooled inefficiency over the
sample period is summarized in Fig. 4.

According to Fig. 4, the dynamic inefficiency of mate-
rials shows an increasing trend in all regions until 2010.
This is followed by a decrease in 2011 and a slight increase
in 2012. This result seems to be in line with a general trend
of increasing input costs observed in the EU meat proces-
sing sector till 2008 and their further drop from 2009 and
then increase from 2012 (European Commission 2016).
The inefficiency in labor increases till 2008 in all regions,
followed by a decrease till 2011. The decrease in the
dynamic inefficiency in labor after 2008 could be attribu-
table to the financial crisis which may have induced com-
panies to operate more efficiently and to reduce the number
of employees. In fact, from 2008 the EU meat processing

Fig. 3 Evolution of dynamic multi-directional program input- and
investment-specific inefficiency

Table 4 Dynamic multi-directional pooled input- and investment-
specific inefficiency

Materials Labor Investments

Mean Std. dev. Mean Std. dev. Mean Std. dev.

Eastern 0.291 0.138 0.349 0.124 20.259 218.791

Western 0.340 0.117 0.446 0.117 34.335 145.846

Southern 0.314 0.108 0.408 0.105 20.371 89.281

S-Z test a, b, c a, b, c a, b, c

Europe 0.316 0.124 0.402 0.123 25.471 162.702

a denotes significant differences between Western and Eastern
European countries at the critical 1% level;
b denotes significant differences between Western and Southern
European countries at the critical 1% level;
c denotes significant differences between Eastern and Southern
European countries at the critical 1% level.
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sector increased its labor productivity through steady
growth in value added and a slight decrease in the number
of employees (European Commission 2016). The overall
investment inefficiency is also peaking especially for
Western European firms in 2008, i.e. the 1st year of the
financial crisis, suggesting that firms in this region were not
using the economic potential for investing. The crisis have
made the meat manufacturing firms in this region more
reluctant to invest, which is highlighted by the data in
Appendix which shows Western European firms in the
sample decreasing their investment value in 2008 as com-
pared to 2007, on average.

5 Conclusions

This paper contributes to the literature by developing an
approach to modelling input- and investment-specific

dynamic inefficiency for groups of firms based on the
dynamic multidirectional inefficiency analysis within the
context of Data Envelopment Analysis. The framework
allows for distinguishing between dynamic managerial
inefficiency (that measures the distance to the firms’ group-
specific frontier) and dynamic program inefficiency (that
assesses the difference between the group-specific frontier
and the pooled frontier) for each variable input and
investment employed in the firms’ production process. The
approach is applied to a sample of large meat processing
firms from three regions in the European Union (Eastern,
Western and Southern) over the period 2005–2012.

The results highlight significant differences in different
dimensions of dynamic inefficiency, not only between
regions analyzed, but also between different inputs
employed and for investments. The results show that the
frontier for Eastern European firms for all inputs is almost
identical to the pooled frontier spanned by all firms in three
regions. This suggests that dynamic managerial inefficiency
is a much larger source of inefficiency for Eastern European
firms than dynamic program inefficiency. The results also
show that Western European firms have the highest values
of dynamic program and pooled inefficiency for all inputs,
and that Southern European firms perform relatively best for
dynamic managerial inefficiency with regard to all inputs
analyzed. The comparison of dynamic inefficiencies for
different inputs indicate that investments are the most
inefficient input, followed by labor and materials.

The results of this study suggest differences in the
technology employed by Eastern, Western and Southern
European firms for all inputs and investments as reflected
by the differences in program inefficiency measures.
Moreover, the finding of the lowest average dynamic
managerial inefficiency for all inputs for Southern European
firms suggests that these firms are more homogeneous in
terms of their performance than firms in other regions. The
highest values of average dynamic managerial inefficiency
for all inputs for Eastern European firms suggests that these
firms are less homogeneous in terms of their performance
for every input and investment employed in the production
process. Hence, the best practice firms operate close to or at
the pooled frontier, but the majority of these firms operate
further away from their group-specific frontier. This implies
that the best performing companies for all inputs in the
pooled sample are mainly from Eastern Europe and these
firms are more often located on the pooled frontier. On the
contrary, Western European firms have the highest values of
dynamic program inefficiency, which implies that for these
firms the differences between group-specific and pooled
frontier are the largest.

The results of this study can be used by different groups
of decision makers to improve the performance of meat
manufacturing firms and designing successful strategies to

Fig. 4 Evolution of dynamic multi-directional pooled input- and
investment-specific inefficiency
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prosper in liberalized and regulated markets. Since Eastern
European meat manufacturing firms suffer more from
dynamic managerial inefficiency, incentives should focus
more on improving the performance within these compa-
nies. Firms could enhance the efficiency of the use of labor
by for example, introducing incentive contracts or in-house
training for their employees. Lower efficiency of the use of
materials could be due to waste of materials throughout the
production process. Hence, fine tuning the process and
identifying and improving the stages of the process where
losses occur could reduce the inefficiency in the use of
materials. Finally, inefficiency in the investments could be
due to high internal adjustment costs associated with
investments, e.g. high internal costs associated with the
process of learning to use new technologies or search costs.
Hence, firms could reduce these investment inefficiencies
by a better training of their personnel in case of the intro-
duction of new technologies. The inefficiency in invest-
ments may also be due to financial manager’s unawareness
of the investment potential and the firm’s effort could also
focus on upgrading its financial management, e.g. through
education or better access to information. Southern and
Western European firms have lower values of dynamic
managerial inefficiency, but very high values of dynamic
program inefficiency. Hence, in these regions incentives
should focus on improving the technology employed by
these firms. Policy makers can contribute to technology
improvement of firms by introducing incentives (e.g. tax
incentives or investment subsidies) for adopting new tech-
nologies and by investing in education of the country’s
labor force. Furthermore, increasing the firm’s own R&D
investments may enable a more rapid technological
improvement. The high values of inefficiency for invest-
ments in all regions suggests that capital markets might
serve as a barrier to investment. Also, the relatively high
values of inefficiency for labor imply that labor market
imperfections could be addressed by policy makers, e.g. by
enabling firms to more easily contract their labor force in
times of economic downturn.

Future research efforts can apply the approach developed
in this paper to other industrial sectors, including

other sectors within the food manufacturing industry like
dairy processing or oils and fats industry. While this paper
shows that Eastern, Western and Southern European
meat manufacturing firms differ in terms of their managerial
and program inefficiency, more research is needed to ana-
lyze whether these groups of firms differ in terms of pro-
ductivity change and its decomposition. Such an analysis
could provide insight into the relative speed with which
firms in different regions are improving their competitive-
ness over time. Also, future research could look into more
detailed groups of meat manufacturing firms composed of
firms from countries within regions. From a conceptual
point of view, future research could extend the models
developed in the paper by accounting for the sample bias
using bootstrap methods or allowing for a more explicit
treatment of environmental differences following the
line of research suggested by Daraio and Simar (2005)
and extended in the MEA context by Baležentis and De
Witte (2015).
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6 Appendix

Table 5

Table 5 Development of descriptive statistics of the data over time (2005–2012)

Variable 2005 2006 2007 2008 2009 2010 2011 2012

Fixed assets

Eastern 21,397.576 22,930.785 23,977.125 28,298.076 28,782.921 28,116.285 29,194.136 25,456.040

Western 47,049.094 41,185.713 43,953.582 36,342.527 28,593.537 29,102.968 29,897.378 33,485.543

Southern 28,350.629 36,520.958 39,195.787 39,612.466 57,864.003 57,527.199 55,941.561 60,459.232
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