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Abstract: This article attempts to identify the main reason for the profitability of Czech food process-
ing companies. For this purpose, an analysis of the profitability of the food industry was carried out
in the framework of the Structure–Conduct–Performance (SCP) paradigm; specifically, the relative
market power (RMP) hypothesis versus the efficiency hypothesis was tested. The analysis used
data at the micro-economic level of six Nomenclature of Economic Activities (NACE) sub-sectors
of the Czech food processing industry in the period 2016–2020. The final dataset consisted of 2639
observations of 623 companies. The data came from the database of Bisnode Albertina and the
Czech Statistical Office. Stochastic frontier analysis (SFA) and a regression model were used in the
study. Based on the research carried out, performance does not seem to be explained by a greater
market power represented by a firm’s market share. Only one sub-sector was proven to have a higher
marginal effect of market power on profitability than technical efficiency. Thus, it can be concluded
that companies with relatively larger market shares do not have greater market power and thus do
not achieve higher profitability.

Keywords: profitability; structure conduct performance paradigm; stochastic frontier analysis; food
companies; Czech Republic

1. Introduction

The food industry is one of the traditional manufacturing sectors with an irreplaceable
position in the food value chain. Production of food, beverages, and tobacco products in
the Czech Republic contributed 2.19% to the gross added value of the national economy
at current prices and 2.53% to total employment in 2019 (Mezera et al. 2020). Further,
Mezera et al. (2020) mention that food production as a sector, in the European Union but
also in the Czech Republic, is based on the entrepreneurial base of small- and medium-
sized enterprises, but in a strong competitive environment, production concentration and
specialization are promoted at the same time. The growing concentration in the Czech
food industry is a result not only of increasing pressure to higher efficiency due to global
competition but also due to changes in the competitive structure within the commodity
chain after the entry of large multinational chains into the Czech retail market (Blažková
and Dvouletý 2018).

Uncertainty in commodity markets due to the Russo-Ukrainian war, high energy, oil,
and basic agricultural commodity prices will place pressure on cost savings and higher
production efficiency, which may be further reflected in increased market concentration
in individual food sectors. Many food companies, especially small- and medium-sized
enterprises, are already reporting existential problems, which can lead to their bankruptcies.
More mergers and acquisitions may also occur.
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According to Blažková and Dvouletý (2017b), a higher market concentration in the
Czech food industry leads to higher margins for food processing firms, which can be the
result of efficiency or market power; however, in both cases, it is reflective of the better
market position of processors in relation to concentrated retail in the Czech Republic.
Furthermore, the market power of large enterprises may lead to lower competition and
higher prices and cause welfare losses. Milczarek-Andrzejewska (2014) draws similar
conclusions when analyzing agri-food industry in Poland. An analysis of the effects of
market power shows that it affects market inefficiency in several ways. First, the use of
market power by sellers leads to deadweight loss (Koichiro and Reguant 2016). This loss is
due to allocation inefficiency because too little product is supplied at prices that are too
high for consumers. Other costs related to the existence of market power on the sellers’
side result from X-inefficiency (ESX) and rent-seeking phenomena. Furthermore, market
power can lead to certain benefits. These include economies of scale (if the merger of
companies leads to lower costs across the entire industry) and incentives to incur research
and development expenditure (without monopoly profits, companies would not finance
such expenses) (Church and Ware 2000).

Digal and Ahmadi-Esfahani (2002) review the methods in the case of market power
analysis on the example of the food industry. For example, Loecker et al. (2020) analyzed
the increase in the market power of companies in the manufacturing, retail, and wholesale
trade sectors of the United States of America. There are other thematically related studies,
but there is a lack of detailed studies on the analysis of both market power, efficiency, and
the performance of companies in the food industry sector in the Czech Republic.

In light of these events, the question arises of what the main profitability driver of
Czech food processing companies is. Is higher profitability more associated with higher
market power or a better ability to convert inputs into outputs, or is it a combination of
both factors? The aim of the paper is to test the hypotheses explaining the profitability of
the Czech food industry in the framework of the Structure–Conduct–Performance (SCP)
paradigm, specifically the relative market power (RMP) hypothesis versus the efficiency
hypothesis.

The structure of the paper is as follows. First, the theoretical background of our
research is presented. Further, the technical efficiency model and estimation strategy are
specified, and then the regression model, its variables, and dataset used for analysis are
described. The next part is dedicated to the interpretation and discussion of the obtained
results. Finally, some conclusions summarizing the main findings and implications are
drawn.

2. Theoretical Background

In recent years, there has been growing concern that a trend has emerged in which
markets around the world are becoming more concentrated and less competitive. Many au-
thors (Swinnen and Vandeplas 2010; Blažková 2016; Nes et al. 2021) document the increase
in market concentration and consolidation processes in the food processing industry as
well. According to the Organisation for Economic Co-operation and Development (OECD
2018), there is a growing contention that big is bad and that the growth of large firms with
high market shares is increasing in concentration and weakening competition, driving up
profits, damaging innovation and productivity, and increasing inequality. Therefore, the
analysis of the relationship between market structure and firm performance is gaining
importance. Although there is a general acceptance of the positive relationship between
market power and firm profitability, there is no consensus as to the causation.

The theoretical framework that explains the linkage between market power, efficiency,
and performance is grounded in two basic alternative paradigms (see, for example, Berger
1995; Gumbau and Maudos 2000; Seelanatha 2010; Destiartono and Purwanti 2021). The
Structure–Conduct–Performance paradigm, according to Harvard school, affirms that con-
centration favors the adoption of collusive agreements, thus leading to obtaining monopoly
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rents. Furthermore, the paradigm of efficiency structure (ES) posits that the concentration
of the market is the result of greater efficiency in production.

According to the SCP hypothesis, which found its roots in industrial organization eco-
nomics and was first introduced by Mason (1939) and utilized by Bain (1951), the structure
of industry influences the conduct of actors within the industry, which in turn determines
their performance (Bain 1956). Thus, more highly concentrated markets enable firms to
collude more easily. Producers in highly concentrated industries will likely communicate
with each other to jointly set the output prices and amounts to generate monopoly rents
(Lelissa and Kuhil 2018). The relative market power hypothesis, which is a special case of
the SCP, posited that only firms with large market shares and well-differentiated products
can exercise their market power to gain superior profit on non-competitive price setting
behavior (Berger 1995; Seelanatha 2010). The SCP hypothesis explains the concentration
level as the proxy of market structure; meanwhile, the RMP hypothesis more emphasizes
the firm´s market share. In both cases, the positive relationship between market concen-
tration and performance (SCP), or market share and performance (RMP), is a result of
the anti-competitive behavior of firms in the industry. Market power is considered as the
main determinant of firm performance (Lelissa and Kuhil 2018). There are many ways
to measure market power, most often using n-firm concentration ratio (CRn), Herfindahl
Hirschman Index (HHI), Lerner index, entropy index, etc. Furthermore, Mala et al. (2018)
and Seelanatha (2010), following Smirlock (1985), use market share as a measure of relative
market share.

According to the efficiency structure hypothesis, higher profits are likely due to
improved efficiency levels, but not because of greater market power (Demsetz 1973). The
most efficient firms, with better organization and management of their resources, enjoy
lower production costs and are more profitable, gain market share, and consequently, the
concentration of the market increases. Thus, the positive relationship between profit and
concentration or profit and market share results from the lower cost achieved and efficient
production process (Goldberg and Rai 1996).

Early ES hypothesis studies had not used direct efficiency measures. Berger and
Hannan (1993) were the first to think about explicitly integrating efficiency variables in the
models. According to Seelanatha (2010), the incorporation of direct measures of efficiency
captures the impact of all factors affecting the firm´s performance. Currently, the ES hy-
pothesis is usually proposed in two different forms, X-efficiency (ESX) and scale-efficiency
(ESS), depending on the type of efficiency considered. X-efficiency can be distinguished
from technical and allocative efficiency (Ariyaratne et al. 2000). Technical efficiency refers
to the firm’s ability to minimize input use in the production of a given output vector or
the ability to obtain maximum output from a given input vector (Kumbhakar and Lovell
2000). Allocative efficiency is linked to the ability of a firm to produce at a given level of
output using inputs in their optimal proportions given their respective prices or to produce
an optimal combination of outputs given their respective prices (Farrell 1957). Finally, scale
efficiency gives insights into whether the firm operates at the most productive scale size
where the average productivity reaches a maximum level (Kounetas and Tsekouras 2007).

Berger (1995) tests all four above-mentioned hypotheses (SCP, RMP, ESX, and ESS) for
the US banking sector, followed by Seelanatha (2010) for the banking sector in Sri Lanka,
Chortareas et al. (2011) for the banking sector in Latin America, Mala et al. (2018) for the
Indonesian banking sector, Destiartono and Purwanti (2021) for the Indonesian fertilizer
industry, etc. Although these hypotheses have been applied to analyze determinants of
firm performance, especially in the case of banking markets in developed and developing
economies, in the case of the food processing industry, the evidence is limited. This
paper, therefore, seeks to fill this gap in the empirical literature from the perspective of
the relationship between market power, efficiency, and performance in the Czech food
processing industry.

Within the food and beverage processing industry on the international scene, few
authors deal with the issue of the relationship between market power, efficiency, and
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profitability, or they analyze these determinants of profitability separately. For example,
Hazledine (1989) used data on all the firms in sixteen Canadian food and beverage man-
ufacturing industries to examine intra-industry profitability differences. He found that
eight industries have some form of market power, usually accompanied, however, by
efficiency differences as well. Oustapassidis et al. (2000) examine the market power versus
efficiency hypothesis for Greek food industries, however, without incorporation of direct
efficiency measures. Their results do not provide support either for the efficiency or for
the market power hypothesis alone, but they suggest that market share carries with it
both efficiency and market power characteristics. Setiawan et al. (2013) extend the SCP
framework by including price rigidity and investigate the relationship between industrial
concentration, price rigidity, technical efficiency, and price–cost margin in the Indonesian
food and beverages industry.

In the Czech environment, the authors Blažková and Dvouletý have been dealing with
determinants of profitability for a long time (Blažková 2016; Blažková and Dvouletý 2017a,
2017b, 2019). However, they do not compare the effect of market power and some direct
efficiency measures on performance. Blažková (2016) evaluated the market concentration
in the Czech food and beverages industry over the period 2003–2014. The results show that
the market concentration measured by CR4 and HHI has increased, especially in the sectors
with relatively low concentration. However, Blažková (2016) emphasizes that the level of
concentration of the Czech food market in the observed period was still low in comparison
with the subsequent stage of the commodity chain, i.e., retail, which may cause a worse
market position for food processors and disproportions in profits of processors and traders.
In subsequent research, Blažková and Dvouletý (2017a, 2017b) analyze in more detail the
relationship between market concentration and profitability measured by return on equity
and return on assets (Blažková and Dvouletý 2017a) and between market concentration and
price–cost margin (Blažková and Dvouletý 2017b) during the same period. Obtained results
from both studies (Blažková and Dvouletý 2017a, 2017b) reported a positive influence of
higher market concentration on profitability. In addition, the growth of the number of firms
in sectors leads to a decrease in price–cost margins.

Furthermore, Blažková and Dvouletý (2017a, 2017b) state that higher market con-
centration in the Czech food industry leads to higher margins and profitability of food
processing firms, which can be the result of efficiency or market power. This study aims
to build on their research in terms of analyzing this causality, thus to investigate whether
the performance of Czech food processing firms is a consequence of market power (RMP
hypothesis) or efficiency (ESX hypothesis) by incorporation of a direct measure of efficiency
based on stochastic frontier analysis.

Understanding the relationship between market power, efficiency, and performance
is important for determining effective economic policy governing antitrust, intellectual
property, industry regulation, and international trade (Blažková and Dvouletý 2017b).
Chortareas et al. (2011) mention that the market power and efficient structure hypotheses
have contrasting implications for regulation, particularly in relation to mergers and antitrust
policies. If the evidence favors the efficient structure hypothesis, then mergers (and market
concentration in general) are motivated by efficiency considerations, which should increase
consumer and producer surplus. If, however, the evidence validates the market power
hypotheses, it would imply that the motivation behind mergers is monopolistic price
setting. As a consequence, an argument for pursuing antitrust policies emerges.

3. Methodology

The empirical analysis testing the hypothesis of performance, represented by the
Return on Assets (ROA), is based on two phases. The first one employs stochastic frontier
analysis (SFA) to estimate the technical efficiency of the food processing industry. The
second phase employs a regression model to verify how the performance of companies in
the Czech food processing industry is affected by efficiency and market power.
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3.1. Technical Efficiency Model Specification and Estimation Strategy

The empirical model is specified under the assumption of the cost-minimizing behavior
in the form of an input distance function (IDF) because the estimation of the IDF compared
to a cost function does not require any price information, which is an important advantage
of the IDF; hence, reliable input prices are not available at the firm level. Formally, the IDF
is specified as (Kumbhakar et al. 2007):

DI(x, y, t) = max
{

ρ :
x
ρ
∈ L(y)

}
, (1)

where x denotes the input vector, y denotes the output vector, L(y) is the input requirement
set (Caves et al. 1982), and t is a time trend variable capturing technological change
(Chambers 1988).

The IDF exhibits several interesting properties. It is symmetric, monotonic, linear
homogeneous, and concave in inputs and quasi-concave in outputs (Coelli and Perelman
2000). The value of the IDF measures the maximum amount by which the input vector
can be deflated, given the output vector. In other words, the IDF measures the minimal
proportional contraction of the input vector required to bring it to the frontier of the input
requirement set for the output vector. Thus, by definition, the IDF provides a measure of
technical efficiency since its reciprocal to Farrell’s (1957) input-based technical efficiency
(Hailu and Veeman 2000):

TEI =
1

DI(x, y, t)
(2)

As Irz and Thirtle (2005) add, the IDF takes a value greater or equal to one for any
input–output combination (x,y) belonging to the technology set: DI(y, x, t) ≥ 1. A value
of greater than one indicates that the observed input–output combination is technically
inefficient. A value of unity indicates that the input–output combination belongs to the
input isoquant, representing the minimum input quantities necessary to produce a given
output vector, and the producer is technically efficient.

For the interpretation of the IDF estimates, the duality between the cost and input
distance functions is another important property. This is expressed as (Färe and Primont 1994):

C(w, y, t) = min
x

{
wx : DI(y, x, t) ≥ 1

}
, (3)

where w denotes an input price vector. The log derivative of the IDF with respect to mth
output, obtained by the application of the envelope theorem on Equation (3), gives (Irz and
Thirtle 2005):

∂ ln DI(x∗(w, y, t), y, t)
∂ ln ym

= −∂ ln C(w, y, t)
∂ ln ym

= em,it (4)

Equation (4) represents that the elasticity of the IDF with respect to the mth output is
equal to the negative of the cost elasticity of that output. According to Rasmussen (2010),
from these IDF elasticities, the returns to scale can be quantified:

RTS = −
[
∑ em,it

]−1
(5)

This measure, under a certain assumption about technology and prices (Morroni 2006),
informs about the percentage increase in costs in response to a 1% increase in all outputs.
Thus, it can be interpreted equivalently to economies (diseconomies) of scale, which are
present if costs increase by a smaller (larger) rate than output (Singbo and Larue 2016).

The elasticity of the IDF with respect to the jth input captures the relative importance of
that input in the transformation process (Irz and Thirtle 2005). In terms of the log derivative
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of the IDF, this elasticity of the IDF with respect to the jth input (Singbo and Larue 2016) is
calculated as:

∂ ln DI(x, y, t)
∂ ln xj

= Sj,t, (6)

where Sj,t is a cost-share of the given input.
Finally, the log derivative of the IDF with respect to time provides a dual measure of

technological change with a cost-saving interpretation (Karagiannis et al. 2004):

TCH = −∂ ln DI(x∗(w, y, t), y, t)
∂t

= −∂ ln C(w, y, t)
∂t

(7)

A negative value for this measure indicates technological regress and a positive value
of technological progress.

The IDF can be approximated by the flexible translog functional form. In our model
that employs J-inputs (x), output (y), and time (t) the translog IDF takes the following form:

ln DI
it = α0 + αm ln yit +

1
2

αmm(ln yit)
2 +

J

∑
j=1

γmj ln yit ln xj,it +
J

∑
j=1

β j ln xj,it

+
1
2

J

∑
j=1

K

∑
k=1

β jk ln xj,it ln xk,it + δtt +
1
2

δttt2 + δmt ln ym,itt +
J

∑
j=1

δjt ln xj,itt,

(8)

where subscripts i, with i = 1, 2, . . . , I, and t, with t =1, . . . , T, refer to a certain company
and year, respectively. α, β, γ, and δ are vectors of the parameters to be estimated. The
symmetry property of the IDF assumes that: β jk = βkj (Tsionas et al. 2015). The linear
homogeneity of degree one in inputs is imposed by dividing the inputs by one of the inputs
(x1 in this case). This implies that the parameters of the IDF are restricted: ∑J

j=1 β j = 1;

∑J
j=1 β jk = 0; ∑J

j=1 γmj = 0; ∑J
j=1 δjt = 0 (Sipiläinen 2007). After this normalization, the IDF

takes the following form:

ln DI
it − lnx1it = α0 + αm ln yit +

1
2

αmm(ln yit)
2 +

J

∑
j=2

γmj ln yit ln x̃j,it +
J

∑
j=2

β j ln x̃j,it

+
1
2

J

∑
j=2

K

∑
k=2

β jk ln x̃j,it ln x̃k,it + δtt +
1
2

δttt2 + δmt ln ym,itt +
J

∑
j=2

δjt ln x̃j,itt,

(9)

where ln x̃j,it = ln xj,it − ln x1,it.
The IDF specified in (9) can be extended to the stochastic frontier model by the

introduction of an error term εit. Our research followed the latest approach to technical
efficiency investigation (Kumbhakar et al. 2014; Colombi et al. 2014). Hence, the error
term is composited from time-invariant (persistent) technical inefficiency (ηi), time-varying
(transient) technical inefficiency (uit) for which holds ηi + uit = ln DI

it, latent heterogeneity
(µi), and statistical error term (vit). The resulting four-error component model, named by
Tsionas and Kumbhakar (2014) as the generalized true random-effects model (GTRE), can
be written as:

− ln x1,it = α0 + αm ln yit +
1
2

αmm(ln yit)
2 +

J

∑
j=2

β j ln x̃j,it +
1
2

J

∑
j=2

K

∑
k=2

β jk ln x̃j,it ln x̃k,it

+
J

∑
j=2

γmj ln yit ln x̃j,it + δtt +
1
2

δttt2 + δmt ln ym,it +
J

∑
j=2

δjt ln x̃j,itt− ηi − uit + µi + vit,

(10)

where vit ∼ N
(
0, σ2

v
)
, uit ∼ N+

(
0, σ2

u
)
, ηi ∼ N+

(
0, σ2

η

)
, µi ∼ N

(
0, σ2

µ

)
.
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The GTRE model specified in (10) can be estimated by a four-step procedure that con-
trols for the potential endogeneity of netputs (Bokusheva and Čechura 2017). In particular,
this study addresses two potential sources of endogeneity—firms’ heterogeneity and the
simultaneity of inputs with technical efficiency. For the four-step estimation procedure, the
model is rewritten according to Kumbhakar et al. (2014):

− ln x1,it = α∗0 + αm ln yit +
1
2

αmm(ln yit)
2 +

J

∑
j=2

β j ln x̃j,it +
1
2

J

∑
j=2

K

∑
k=2

β jk ln x̃j,it ln x̃k,it

+
J

∑
j=2

γmj ln yit ln x̃j,it + δtt +
1
2

δttt2 + δmt ln ym,it +
J

∑
j=2

δjt ln x̃j,itt + αi + εit

(11)

where α∗0 = α0 − E(ηi)− E(uit), αi = µi − (ηi − E(ηi)) and εit = vit − (uit − E(uit)).
This specification ensures that αi and εit have zero means and constant variance. In

step 1, the two-step system generalized method of moments (GMM) estimator (Arellano
and Bover 1995; Blundell and Bond 1998) is used to obtain consistent estimates of the
IDF parameters. The system GMM, solving the endogeneity problem and the problem of
weak instruments, estimates a model in differences and levels and employs two types of
instruments: the level instruments for the differenced equations and the lagged differences
for the equations in levels. In particular, we used 2–3 lags for internal (GMM style)
instruments. The validity of instruments is tested by the Hansen J-test, which evaluates
the joint validity of the instruments, and the Arellano–Bond test for the autocorrelation,
which evaluates lags as valid instruments (Roodman 2009). In step 2, residuals are used
from the system GMM level equation to estimate a random effects panel model employing
the generalized least squares (GLS) estimator to obtain theoretical values of αi = µi −
(ηi − E(ηi)) and εit = vit − (uit − E(uit)). In step 3, the transient technical inefficiency is
estimated from the theoretical value of εit using the standard stochastic frontier technique
with assumptions: vit ∼ N

(
0, σ2

v
)
, uit ∼ N+

(
0, σ2

u
)
. Finally, in step 4, the persistent

technical inefficiency is estimated using the theoretical value of αi and the stochastic
frontier model with the following assumptions: µi ∼ N

(
0, σ2

µ

)
, ηi ∼ N+

(
0, σ2

η

)
, and the

overall technical efficiency (OTE) is quantified based on Kumbhakar et al. (2014):

OTEit = exp(−η̂i) ∗ exp(−ûit) (12)

All these estimates are performed in the SW STATA 14.0. For code, see Kumbhakar
et al. (2015) and Roodman (2009).

3.2. Regression Model and Variables

The panel data regression model was used to verify how the market power, efficiency
level, and other determinants affect the performance of the Czech food processing industry.

The performance is represented by the return on assets in line with Evanoff and Fortier
(1988), Seelanatha (2010), Destiartono and Purwanti (2021). ROA measures the company
management ability to generate profits from the total assets of the company regardless
of the way of funding. The relative market share was used to proxy the market power
for examining the influence of market structure on performance and technical efficiency
estimated by the SFA described above to represent the firm´s efficiency.

The market share and subsequently market concentration were calculated according
to Blažková (2016) on the basis of sales data, i.e., sales of own products, services, and goods
as a percentage of sales of the firm in the given sub-sector of the Czech food processing
industry divided by the sum of sales of all firms in the sub-sector.

The empirical model is specified as a random effects model:

ROAit = α + βMS MSit + βTETEit +
K

∑
k=1

βkZk,it + εit, (13)
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where ROA is return on assets, MS refers to market share, TE represents technical efficiency,
and Zk represents control variable, subscripts i, with i = 1, 2, . . . , I, and t, with t = 1, . . . , T,
referring to a certain company and year, respectively. α and β are vectors of the parameters
to be estimated, and ε is the error that consists of two errors: within-entity error and
between-entity error.

The specification of the model follows previous studies (Seelanatha 2010; Destiartono
and Purwanti 2021) and includes several control variables to mitigate the omitted variable
bias. In particular, the following control variables are used: the total capital intensity
defined as total assets-to-output ratio, fixed capital intensity calculated as fixed assets-
to-output ratio, labor intensity defined as personal cost-to-output ratio, and risk defined
as debt-to-assets ratio. The specification of this model as random effects allows us to
include dummy variables, e.g., for sub-sectors and size that are also mostly time invariant.
However, based on the statistical significance at 10% level, only the dummy variables for
size (based on the number of employees) are included in the model of the food industry
performance, and to analyze the effect of inter-sector heterogeneity in our results, the model
in Equation (13) is also estimated using sub-sector data. All these models are estimated by
the generalized least squares (GLS) estimator in the software STATA 14.0. For more details,
see Hsiao (2003).

Moreover, we employed three variants of the regression model. Model 1 tests the
positive relationship between market structure and profitability; ROA is regressed on market
shares, while efficiency measures are not directly considered. Model 2 adds efficiency
measures and focuses on a change in the relationship between ROA and market share found
by model 1. Model 3 represents a fully specified model that includes market power, efficiency,
and control variables and tests the effect of market share vs. the effect of technical efficiency.

Furthermore, the concentration ratio of the four largest firms in the market and the
Herfindahl–Hirschman Index (HHI) were used to better describe the market structure in
the individual sub-sectors of the food industry:

CR4 =
4

∑
i=1

Si (14)

HHI =
n

∑
i=1

(Si)
2 (15)

where Si denotes the individual market share; n denotes number of firms in the sub-sector.
While the CR4 index only measures the percentage of the turnover held by the four largest
firms in the industry, HHI shows the inequality of distribution of market shares among all
firms in the industry. According to Nes et al. (2021), HHI is often considered as a better
indicator of market power than the CR4 index, because the CR4 index considers exclusively
the relevance of the top four firms and disregards the distribution of market shares of a
given industry. HHI index ranges from 0 (no concentration and highly competitive system)
to 10,000 (pure monopoly). The thresholds for determining the competition level were
taken from Naldi and Flamini (2014).

3.3. Data

The data required for estimating the IDF and the profitability model are obtained from
the database Bisnode Albertina. This database collects information on all Czech business
entities listed in the Register of Economic Entities. Specifically, this database contains regis-
tration information, company’s subject of activity according to Nomenclature of Economic
Activities (NACE), financial statements, annual reports, and payment information.

The analysis uses micro-level data of the Czech food processing industry in the period
2016–2020. In particular, this study focuses on the following NACE:

C 10.1 Processing and preserving of meat and production of meat products;
C 10.5 Manufacture of dairy products;
C 10.6 Manufacture of grain mill products, starches, and starch products;
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C 10.7 Manufacture of bakery and farinaceous products;
C 10.8 Manufacture of other food products;
C 10.9 Manufacture of prepared animal feeds.
Since not all food producers in the Bisnode Albertina database have complete infor-

mation, companies with incomplete financial statements and less than three consecutive
years of observations in the analyzed period are excluded from our dataset. This procedure
decreases the problem associated with the entry and exit of companies from the database
and allows for the use of the GMM estimator with a sufficient number of lagged instru-
ments. The final dataset consists of 2639 observations of 623 companies. Table 1 presents
the structure of the dataset based on NACE sub-sectors.

Table 1. Structure of the dataset. Source: Bisnode Albertina (2022).

NACE Number of Companies Number of Observations

10.1 134 555

10.5 58 258

10.6 40 162

10.7 201 854

10.8 130 544

10.9 63 266

The following output and input variables are defined to estimate the IDF: output (y),
represented by revenues from the sale of own products and services, revenues from sold
goods, change in inventory of own products, and capitalization deflated by the NACE
sub-sector index of food processing prices (2015 = 100); labor (xL), represented by the
personnel costs deflated by the index of gross wages and salaries in the manufacturing
industry (2015 = 100); capital (xC), represented by the book value of fixed assets deflated by
the index of producer prices in the industry (2015 = 100); and material (xM), the total cost of
materials and energy deflated by the index of producer prices in the industry (2015 = 100).
All these price indexes are from the Czech Statistical Office.

Before the estimation, these variables were transformed to logarithm and were normal-
ized by their sample mean. This procedure allows us to interpret the first-order parameters
of the IDF as output elasticity and input cost shares, evaluated on the sample mean. Fur-
thermore, we used the following instrumental variables for the system GMM: return on
sale, share of inventories in current assets, material costs–sales ratio, and current liquidity.
These variables were also obtained from the Bisnode Albertina database.

4. Results and Discussion
4.1. Food Processing Technology

The input distance function, of which the estimate1 is presented in Appendix A,
Table A1, provides us the information about the technology of the Czech food industry. In
particular, it informs us about the input shares, cost elasticity of output, and technological
change. The input cost shares (Table 2) reveal that the Czech food industry employs highly
materially intensive technology, with the labor share prevailing over the capital share.
Two NACE sub-sectors can be highlighted regarding the input shares—the NACE 10.7
(Manufacture of bakery and farinaceous products), which employs the most labor-intensive
and the least material-intensive technology from investigated sub-sectors, and the NACE
10.5 (Manufacture of dairy products), which technology is the least labor- and capital-
intensive but the most material-intensive from the evaluated NACE sub-sectors. Moreover,
in the analyzed period, these two sub-sectors exhibited the highest (NACE 10.5) and the
lowest (NACE 10.7) technological regression.
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Table 2. Technology description. Source: own calculations.

Estimated
Sample Mean

NACE Sub-Sector
with the Lowest Mean

NACE Sub-Sector
with the Highest Mean

Labor-share 23.0% 10.5 10.7

Material-share 70.5% 10.7 10.5

Capital-share 6.5% 10.5 10.9

Output-elasticity −0.987 10.1 10.7

Technological change −0.008 10.5 10.7

The estimated elasticity of output (−0.99) and its dual measure—returns to scale
(1.02)—reveal that the production process occurs almost under the optimal scale, evaluated
on the sample mean. In other words, the average food processor in the sample is scale
efficient. However, the inter- and intra-sectoral differences can be observed (Figure 1).
Intersectorally, NACE 10.1 (processing and preserving of meat and production of meat
products) exhibited the highest average returns to scale (RTS = 1.04), representing increasing
returns to scale in the analyzed period. However, the movement to the optimal scale of
operations has been observable in this sub-sector since 2017. Furthermore, NACE 10.6 and
10.7 (the sector with mean RTS = 0.999) exhibited the movement away from the optimal
scale in the last years of the analyzed period. Intra-sectorally, the highest variability of RTS
is revealed in the NACE 10.8 (manufacture of other food products), where the distribution
of RTS is positively skewed.
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To make the description of technology comprehensive, the technological change
derived from the IDF must be added. Table 2 presents that the food industry exhibited
technological regression in the analyzed period, evaluated on the sample mean. However,
the second order differentiation of the translog IDF with respect to time indicates that the
technological regression decelerated. Furthermore, Figure 2 presents that the negative
values of technological change switched to the positive values in the middle of the analyzed
period. Of the analyzed sub-sectors, the earliest such switch in the nature of technological
change occurred in NACE 10.8.
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4.2. Profitability, Technical Efficiency and Market Share

The previous section revealed that individual sub-sectors differ in the input shares,
cost elasticity of output, and technological change. Therefore, technical efficiency, which
is one of the explanatory variables of profitability, was estimated for each individual
sub-sector. In addition, the influence of the market structure on profitability is examined
according to individual sub-sectors. Nes et al. (2021) emphasize that for the determination
of market power within a market, it is necessary to define the relevant market, which can
be defined by the geographical area (Czech Republic) and product aggregation (the NACE
sub-sectors).

Table 3 and Figures 3 and 4 provide a general overview of the profitability, efficiency,
and market power of companies in the Czech processing industry and their development.
A detailed overview by individual sub-sectors is given in Appendix A in Table A2.

Table 3. Profitability, market share, technical efficiency, and concentration. Source: own calculations.

Estimated
Sample Mean

NACE Sub-Sector
with the Lowest Mean

NACE Sub-Sector
with the Highest Mean

Return on assets 4.13% 10.7 10.6

Market share 1.02% 10.7 10.6

Hefindahl–Hirschman
Index 478.70 10.8 10.9

CR4 37.16% 10.8 10.9

Transient technical
efficiency 93.53% 10.5 10.6

Persistent technical
efficiency 88.57% 10.5 10.8

Overall technical
efficiency 82.88% 10.5 10.8

The best economic results expressed by the ROA indicator are achieved by the NACE
10.6 (manufacture of grain mill products, starches, and starch products) and by the NACE
10.8 (manufacture of other food products, e.g., sugar, cocoa, sweets, coffee, tea, spices and
ready-to-eat meals). Similar results are also obtained by Blažková and Dvouletý (2019).
Firms operating in both sub-sectors differ in terms of the mean value of the market share
(10.6–2.582%, 10.8–0.835%) and its variability (see Figure 4a, which presents inter-sectoral
and intra-sectoral differences in market share), which is mainly due to the different number
of firms in the industry (10.6–40, 10.8–130). In the case of NACE 10.6, it is clear that there are
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few companies with considerably high market share. However, other indicators of market
power do not indicate an uneven distribution of market shares, i.e., increased concentration
in the sub-sector. Both these sectors can be described as unconcentrated markets2 (HHI <
1500) with effective competition or monopolistic competition3 (CR4 < 40%), and both these
sectors achieve the highest level of technical efficiency. While NACE 10.6 is, according to
currently available information from the year 2019 in the publication of Mezera et al. (2020),
rather marginal from the point of view of the share of personnel costs (3.8%) or added
value (4.0%) of the entire food sector, NACE 10.8. is the second most important sector in
terms of share of personnel costs (22.0%) and added value (23.7%).
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The least profitable sector of the Czech food processing industry was in the observed
period NACE 10.7 (Manufacture of bakery and farinaceous products) and NACE 10.1
(processing and preserving of meat and production of meat products). Both sub-sectors
achieve a rather lower level of technical efficiency and, according to the HHI, can be
described as unconcentrated markets with the lowest mean value of the market share and
its variability (10.7–0.532, 10.1–0.829; see Figure 4a) due to a large number of firms in both
sub-sectors (10.7–201, 10.1–134). However, NACE 10.1 reaches CR4 below the threshold of
40 and can thus be characterized as a sector with an effective competition or monopolistic
competition. NACE 10.7 moves on this boundary and can be characterized as a sector with
loose oligopoly with the dominance of four companies (Penam, a.s. (Brno), La Lorraine, a.s.
(Kladno), United Bakeries, a.s. (Prague), Mondelez ČR Biscuit Production s.r.o. (Prague)),
which are significantly different from the others with their market share. According to
Mezera et al. (2020), these are sub-sectors that belong to the main production branches of
food products. They contribute the most to the personal costs (10.7–28.7% and 10.1–20.6%)
and added value (10.7–20.6% and 10.1–18.6%) of the entire food sector. Almost 70% of all
food industry companies in the Czech Republic operate in these two sectors.



Economies 2022, 10, 215 13 of 22Economies 2022, 10, x FOR PEER REVIEW 14 of 23 
 

  

(a) (b) 

  

(c) (d) 

  

(e) (f) 

Figure 4. Violin plots of market share in % (MS) (a) and overall technical efficiency in % (OTE) (b) 
and development of market share (c), TE (d), and Hefindahl–Hirschman Index (HHI) (e), and CR4 
(f). Source: own calculation. 

Table 4 presents the estimation results of three models investigating the relationship 
between profitability and market power/efficiency. Model 1 explains the effects of market 
power on profitability without including efficiency and control variables, model 2 fo-
cuses on the impact of efficiency, and model 3 represents the fully specified model that 

Figure 4. Violin plots of market share in % (MS) (a) and overall technical efficiency in % (OTE) (b)
and development of market share (c), TE (d), and Hefindahl–Hirschman Index (HHI) (e), and CR4 (f).
Source: own calculation.

Based on the development of all three indicators representing the market structure
(relative market share, CR4, HHI), the general concentration in the Czech food processing
sector has increased; however, there are differences in development between individual
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sub-sectors (Figure 4c,e,f). Moreover, for a better description of the development of the
industry in terms of market structure, it would be necessary to have a longer time series.
Similar conclusions are also reached by Blažková (2016) for the period 2003–2014. Blažková
(2016) emphasizes that the level of concentration of the Czech food market is still low
in comparison with the subsequent stage of the commodity chain, i.e., retail, which may
cause a worse market position of food processors and traders. Taking a more detailed look
at the market structure in particular sub-sectors, it is possible to state that all monitored
sub-sectors can be characterized as highly competitive industries, as the value of HHI did
not exceed 1500 in any of the sectors (see Table A2). The highest HHI value is reached
in 10.9 (manufacture of prepared animal feeds, 781.5). According to CR4 (49.1%), this
industry can be evaluated as an industry with loose oligopoly or monopolistic competition
with the dominant market position of these four companies: Vafo Praha, s.r.o. (Prague),
Afeed, a.s. (Hustopeče), Partner in Pet Food CZ, s.r.o. (Prague), De Heus, a.s. (Bučovice).
Sub-sector 10.7 and 10.9 are the only sub-sectors where the CR4 level is higher than 40,
which indicates the existence of loose oligopoly or monopolistic competition. The lowest
inequality among market shares is observed by NACE 10.8 (manufacture of other food
products, HHI = 265.2); the four largest firms hold only 23.1% of the market.

Table 3 also presents average values for overall technical efficiency and its parts:
transient and persistent technical efficiency. Given that our model estimates input-oriented
technical efficiency, these results show that companies in the food processing industry can
reduce their cost by 17.1%, evaluated on the sample mean. The highest cost savings (17.9%
on average) can be achieved by improving the efficiency of input transformation in NACE
10.5 (manufacture of dairy products). Furthermore, NACE 10.8 (manufacture of other food
products), as was mentioned above, is revealed as the most efficient sub-sector, evaluated
on sub-sector means (see Table A2 in Appendix A). However, Figure 4b declares that there
are no considerable differences in overall technical efficiency among analyzed sub-sectors,
both in the mean values and in the distribution. Focusing on the intra-sectoral differences in
more detail, our results point out that the sub-sector with the highest variability in overall
technical efficiency is NACE 10.6 (manufacture of grain mill products, starches, and starch
products) followed by NACE 10.9 (manufacture of prepared animal feeds); in both cases,
the variability in persistent technical efficiency contributes more strongly to this result.

Moreover, in all sub-sectors analyzed, persistent technical inefficiency, representing
structural problems in the organization of the production process or the presence of sys-
tematic shortfalls in managerial capabilities (Filippini and Greene 2016), is a more serious
problem than transient technical inefficiency (Table A2 and Figure A1 in Appendix A) that
relates to non-systematic management problems, shocks associated with new production
technologies, and changes in human capital (Njuki and Bravo-Ureta 2015). The outliers in
Figure A1 in Appendix A inform us that few companies, particularly in NACE 10.1, 10.7,
and 10.8, have systematically lagged behind the sub-sectoral best practice.

Table 4 presents the estimation results of three models investigating the relationship
between profitability and market power/efficiency. Model 1 explains the effects of market
power on profitability without including efficiency and control variables, model 2 focuses
on the impact of efficiency, and model 3 represents the fully specified model that includes
market power, efficiency, and control variables. The Wald test proves that these models
are statistically significant at 5% significance level; however, the R2 of models 1 and 2
are considerably low. Incorporation of the efficiency into the model does not change the
sign of the market share parameter, but it affects its statistical significance. This result
shows the importance of efficiency in explaining profitability (if we also estimate the model
without the market share, the parameter of technical efficiency is almost unchanged; see
Table A3 in Appendix A). The introduction of the control variables, in general, maintains
the above results that market power and technical efficiency positively affect profitability
and that efficiency is the more important source of profitability; hence, the marginal effect
of efficiency is greater than the marginal effect of market power. The findings support the
efficiency structure hypothesis that higher profits are likely due to improved efficiency.
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Table 4. The estimation results of profitability model. Source: own calculations.

ROA Model 1 Model 2 Model 3

Coef. Std.Err. P > |z| Coef. Std.Err. P > |z| Coef. Std.Err. P > |z|

Market share 0.406 0.201 0.043 0.308 0.194 0.112 0.564 0.225 0.012

Overall technical efficiency 1.039 0.060 0.000 1.069 0.065 0.000

Total capital intensity −0.009 0.005 0.044

Fixed capital intensity 0.017 0.005 0.001

Labor intensity 0.195 0.062 0.002

Risk −0.001 0.000 0.000

D_small 0.064 0.020 0.001

D_medium 0.050 0.019 0.008

Constant 0.038 0.005 0.000 −0.822 0.050 0.000 −0.861 0.060 0.000

Rho 0.447 0.463 0.426

R2 0.004 0.096 0.209

Wald test 4.090 Chi2[1] 0.043 301.02 Chi2[2] 0.000 579.91 Chi2[8] 0.000

The parameters of control variables are statistically significant at 5% level of sig-
nificance. The total capital intensity and risk negatively affect profitability. The negative
relationship between indebtedness (however expressed using debt-to-equity ratio) of Czech
food companies and profitability is also observed by Blažková and Dvouletý (2018). The
effects of fixed capital intensity and labor intensity on profitability are positives. Moreover,
the statistical significance of dummy variables of size confirms that there are intra-industrial
differences in profitability resulting from different sizes of companies. However, contrary
to our expectations, the signs of size dummy parameters reveal that large companies do
not capture the cost advantages over the smaller ones. An explanation for these results is
provided by examining the returns to scale of food producers divided into three size groups
(Table A4 in Appendix A). While medium and large companies exhibit diseconomies
of scale and have to reduce the scale of their operations to gain cost advantages, small
companies benefit from economies of scale.

The result that efficiency (not market share) is the main performance driver is also
confirmed by the sub-sector models estimates (see Table A5 in Appendix A). Table 5
summarizes these findings and presents that a statistical significance at the 5% level and
a higher marginal effect of market share are revealed only in NACE 10.9 (manufacture
of prepared animal feeds). NACE 10.9 is the sector with the highest HHI value (781.5).
There are companies with a relatively high market share (on average 1.7%), and at the same
time, based on the CR4 concentration coefficient, it can be stated that during the monitored
period, the four largest companies held an average of 49.1% of the market. It turns out that
here the market share already has a significant effect on the profitability of companies in
the sector; thus, it can mean non-competitive price setting behavior. To sum up, the results,
with the exception of NACE 10.9, allows for the rejection of the hypothesis of collusion in
the particular sub-sectors of the Czech food processing industry.

Table 5. Sub-sectors comparison. Source: own calculations.

10.1 10.5 10.6 10.7 10.8 10.9

Coef. Coef. Coef. Coef. Coef. Coef.

Market share 0.957 2.725 0.354 −0.197 1.073 0.782 ***

Overall technical efficiency 1.311 *** 2.194 *** 1.429 *** 1.309 *** 0.811 *** 0.550 ***
Note: *** significant at α = 1%.
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5. Conclusions

The aim of the paper was to explain the performance of Czech food processing firms
in the period of 2016–2020 using market power (RMP hypothesis) and efficiency (ESX
hypothesis). For this purpose, a panel data regression model was used. The analysis
was based on microeconomic data obtained from the database Bisnode Albertina, and
the final dataset consists of 2639 observations of 623 companies. The market power was
expressed by the relative market share and efficiency by technical efficiency estimated by
SFA for particular NACE sub-sectors. Part of the analysis of technical efficiency is also the
determination of differences in technology, return to scales, and technological change of
food processing firms. To estimate technical efficiency, the input distance function in the
specification of the Generalized True Random Effect model was employed. The market
structure was described by the CR4 and HHI measures as well.

Our results indicate that performance does not seem to be explained by a greater
market power represented by a firm´s market share. In contrast, the ability to effectively
convert inputs into outputs is the biggest driving force behind the profitability of most
sectors in the food industry. With a focus on individual sub-sectors, only NACE 10.9
(manufacture of prepared animal feeds) was proven to have a higher marginal effect of
market power on profitability than efficiency. Thus, the results (with the exception of
NACE 10.9) allow for the rejection of the hypothesis that the firms with relatively bigger
market shares have superior market power and use it to set market prices and therefore
achieve higher profitability.

Based on the performed analysis, it is also possible to rank individual NACE sectors
according to market structure measures, technical efficiency, and profitability. From the
point of view of the market structure, all sub-sectors of the Czech food industry can be
characterized according to the HHI as highly competitive industries; according to the CR4,
only two sub-sectors are industries with loose oligopoly or monopolistic competition (10.9
and 10.7), and for the remaining sub-sectors, it is typical effective competition. It is possible
to state that in the monitored period, there was an overall increase in market concentration
in the monitored set of food processing companies, but with differences between individual
sub-sectors.

The highest profitability was achieved in NACE 10.6 (manufacture of grain mill
products, starches, and starch products), i.e., in the sector with the highest technical
efficiency and the highest average market share. In contrast, the lowest profitability was
observed for companies in NACE 10.7 (manufacture of bakery and farinaceous products),
i.e., sub-sector with a rather lower level of technical efficiency and the lowest average
market share. However, it must be added that there are no large differences in technical
efficiency between individual sub-sectors, both in the mean values and in the distribution.

This study points to: (i) a strong competitive environment (according to the market
structure measures—CR4, HHI) where firms do not form agreements and thus cannot
jointly influence prices and thus their profitability (with the exception of NACE 10.9).
Although concentration in the Czech food processing sector is increasing over time, as
pointed out by Blažková (2016), it is probably still too low to have a significant impact
on the profitability of companies; (ii) the importance of increasing the efficiency of the
Czech food processing industry, as this is the main way that companies can influence their
profitability.

Based on the obtained results, two recommendations for policymakers can be proposed.
First, it was found that the concentration of the Czech manufacturing industry is very low,
and market power in most sectors does not affect profitability. In contrast, there is a highly
concentrated retail trade with foreign chains that have great market power, which is likely
to increase in the future. Therefore, it will be crucial to ensure a healthy competitive
environment at all levels of the agricultural and food verticals. Related to this is the
adoption of the currently much-discussed amendment to the Act on Significant Market
Power, which should be formulated as precisely as possible in order to consistently combat
unfair business practices (for example, selling at below-cost prices or prices lower than
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the purchase price), protect Czech processors and not only increase the administrative
burden for food companies. Support for the creation of various sales cooperatives could
also increase the bargaining power of processors. From the point of view of the competitive
environment, the support of so-called short supply chains can also be beneficial, although
it is not mainstream, by the support of local products.

Second, in order to increase the efficiency of Czech processing companies, the pol-
icymakers should create a competitive business environment that supports knowledge
transfer, product and process innovation, as well as suitable investments, e.g., building
storage and processing capacities.

For further research in this area, it would be advisable to employ a longer time series
and to take into account the property ties between individual enterprises of the Czech
processing industry firms. In the next step of the profitability–market power–efficiency
research, the authors would like to logically follow up on the results found and include the
next level of the agricultural food chain, specifically retail.
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Table A1. IDF estimates.

ln_xC Coef. Std. Err. P > |t|

ln_y −0.987 0.010 0.000

ln_xL 0.230 0.021 0.000

ln_xM 0.705 0.018 0.000

t 0.008 0.003 0.004

ln_y_2 −0.024 0.020 0.223

ln_xL_2 0.138 0.054 0.010

ln_xM_2 0.143 0.043 0.001

ln_yxL −0.049 0.023 0.032

ln_yxM 0.066 0.022 0.003

ln_xLxM −0.115 0.050 0.021

t_2 −0.025 0.002 0.000

ln_yt 0.002 0.002 0.254

ln_xLt −0.005 0.005 0.300

ln_xMt 0.007 0.007 0.310

_cons −0.072 0.028 0.010

Tests p-value

F-test 4026.370 F [14,622] 0.000

AR(2) −0.870 0.384

Hansen 102.010 Chi2[83] 0.077

Wald test of second order parameters 19.180 F [10,622] 0.000

Number of instruments 98

Number of groups 623
Source: Own calculations.

Table A2. Profitability in %, market share in %, technical efficiency in %, and concentration. Source:
own calculations.

10.1 10.5 10.6 10.7 10.8 10.9

Return on assets 4.167 5.242 5.944 2.297 5.805 4.376

Market share 0.829 1.841 2.582 0.532 0.835 1.653

Hefindahl–Hirschman Index 433.294 570.319 521.548 512.976 265.206 781.525

CR4 34.536 39.018 36.978 40.310 23.076 49.048

Transient technical efficiency 93.638 93.419 93.640 93.419 93.602 93.550

Persistent technical efficiency 88.575 87.826 89.237 87.911 89.425 89.284

Overall technical efficiency 82.978 82.079 83.579 82.171 83.745 83.577
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Table A3. Model 4 estimates. Source: own calculations.

ROA Model 4

Coef. Std.Err. P > |z|

Market share

Overall technical efficiency 1.043 0.060 0.000

Constant −0.822 0.050 0.000

Rho 0.464

R2 0.094

Wald test 298.41 Chi2[1] 0.000

Table A4. Returns to scale in size groups. own calculations.

Small Medium Large

Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.

Returns to scale 1.038 0.057 0.981 0.036 0.945 0.034

Table A5. Estimation results by sub-sector. own calculations.

ROA 10.1 10.5 10.6

Coef. Std.Err. P > |z| Coef. Std.Err. P > |z| Coef. Std.Err. P > |z|

Market share 0.957 0.707 0.176 2.725 0.802 0.001 0.354 0.804 0.660

Overall technical efficiency 1.311 0.184 0.000 2.194 0.269 0.000 1.429 0.267 0.000

Total capital intensity −0.015 0.012 0.211 −0.032 0.024 0.185 −0.066 0.044 0.137

Fixed capital intensity 0.033 0.014 0.022 0.091 0.027 0.001 0.053 0.046 0.258

Labor intensity −0.442 1.605 0.783 −0.821 4.965 0.869 0.650 0.494 0.188

Risk −0.001 0.000 0.000 −0.001 0.000 0.000

D_small 0.068 0.045 0.132 0.169 0.064 0.008

D_medium 0.071 0.042 0.090 0.155 0.060 0.010 −0.044 0.051 0.391

Constant −1.036 0.162 0.000 −1.881 0.255 0.000 −1.101 0.222 0.000

Rho 0.300 0.719 0.643

R2 0.362 0.228 0.248

Wald test 221.95 Chi2[8] 0.000 131.92 Chi2[8] 0.000 32.32 Chi2[6] 0.000
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Table A5. Cont.

10.7 10.8 10.9

Coef. Std.Err. P > |z| Coef. Std.Err. P > |z| Coef. Std.Err. P > |z|

Market share −0.197 0.632 0.755 1.073 0.996 0.281 0.782 0.304 0.010

Overall technical efficiency 1.309 0.123 0.000 0.811 0.141 0.000 0.55 0.162 0.001

Total capital intensity −0.022 0.014 0.132 −0.001 0.009 0.878 −0.012 0.006 0.036

Fixed capital intensity 0.035 0.016 0.029 0.001 0.013 0.935 0.013 0.007 0.081

Labor intensity 0.248 0.091 0.007 0.338 0.465 0.467 0.588 0.377 0.119

Risk −0.001 0.000 0.000 −0.002 0.000 0.000 −0.001 0.000 0.000

D_small 0.081 0.050 0.102 0.087 0.049 0.080 0.058 0.049 0.233

D_medium 0.055 0.047 0.244 0.056 0.043 0.187 0.046 0.046 0.312

Constant −1.080 0.117 0.000 −0.619 0.136 0.000 −0.411 0.160 0.010

Rho 0.397 0.576 0.284

R2 0.176 0.206 0.216

Wald test 192.57 Chi2[8] 0.000 113.13 Chi2[8] 0.000 55.96 Chi2[8] 0.000

Notes
1 The estimated IDF fulfills the theoretical and econometrical assumptions. The signs of the first-order coefficients show that the

estimated IDF is non-increasing in output and non-decreasing in inputs at the sample mean since all variables in the logarithm
are normalized by their sample mean. That is, monotonicity conditions are fulfilled at the sample mean. Moreover, the IDF is
concave in inputs and quasi-concave in outputs. The appropriate specification of the IDF in trans-log form is confirmed by the
Wald test at 5% significance level, and the majority of parameters are statistically significant at 5% significance level. In addition,
the AR(2) test and the Hansen‘s J-test statistics confirm the validity of GMM estimates.

2 According to Naldi and Flamini (2014), the thresholds for HHI for determination of the competition level are as follows:
0 < 1500—unconcentrated markets, 1500–2500—moderately concentrated markets, >2500 highly concentrated markets.

3 According to Naldi and Flamini (2014), the thresholds for CR4 for determination of the competition level are as follows:
0%—perfect competition, 0–40% effective competition or monopolistic competition, 40–60% loose oligopoly or monopolistic
competition, >60% tight oligopoly or dominant firm with a competitive fringe.

References
Arellano, Manuel, and Olympia Bover. 1995. Another look at the instrumental variable estimation of error-components models. Journal

of Econometrics 68: 29–51. [CrossRef]
Ariyaratne, Chatura B., Allen M. Featherstone, Michael R. Langemeier, and David G. Barton. 2000. Measuring X-Efficiency and Scale

Efficiency for a Sample of Agricultural Cooperatives. Agricultural and Resource Economics Review 29: 198–7. [CrossRef]
Bain, Joe S. 1951. Relation of Profit Rate to Industry Concentration: American Manufacturing, 1936–1940. The Quarterly Journal of

Economics 65: 293–324. [CrossRef]
Bain, Joe S. 1956. Barriers to New Competition. Cambridge: Harvard University Press. [CrossRef]
Berger, Allen N. 1995. The Profit-Structure Relationship in Banking—Tests of Market-Power and Efficient-Structure Hypotheses. Journal

of Money, Credit and Banking 27: 404–31. [CrossRef]
Berger, Allen N., and Timothy H. Hannan. 1993. Using Efficiency Measures to Distinguish Among Alternative Explanations of the

Structure-Performance Relationship in Banking. Managerial Finance 23: 6–31. [CrossRef]
Bisnode Albertina. 2022. Albertina CZ Gold Edition. Version 5.3.7.0. Prague: Dun&Bradstreet Czech Republic, a.s.
Blažková, Ivana. 2016. Convergence of Market Concentration: Evidence from Czech Food Processing Sectors. AGRIS On-Line Papers in

Economics and Informatics 8: 25–36. [CrossRef]
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