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Abstract: - The aim of this research was to estimate the overall technical, pure technical and scale efficiency of 
large firms operating in the Croatian food industry. The analysis was conducted using Data Envelopment 
Analysis, while applying both, CCR and BCC output-oriented model. With this approach, it was possible to 
identify efficient firms that can serve as examples of the best operating practice, as well as those inefficient firms 
which need to improve their performance. The obtained results revealed a high level of achieved overall 
technical, pure technical and scale efficiency, as well as the fact that firms in this industry mainly over-utilize the 
existing scale size. 
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1 Introduction 
anufacturing sector, within which food industry is 

positioned, plays the most important role not only in 
the Croatian economy but in many other economies 
as well. The growth of manufacturing sector and 
technological improvements in it, are usually seen 
as main drivers of economic growth. Aside from 
being key to prosperity and core sector to develop 
national wealth and power, manufacturing industry 
is also foundation for job creation. For example, in 
2018, the Croatian manufacturing sector accounted 
for 25.6% of all employees, while generating 23.8% 
of total revenue and 21.1% of profits at the national 
level [1]. 

Significance of food industry, as the most 
prominent part of manufacturing sector, can be 
further corroborated in terms of absolute numbers, 
according to which it generated €4,8 million of 
revenue in 2018 [1] and forecast is that it will 
(together with beverage industry) create around €9,8 
million of revenue in 2020 in Croatia [2]. The 
importance of this industry, beyond national level, 
can be supported by 4,72 million of employees, €1.2 
trillion of turnover and €236 billion in value added 
at the level of the European Union (EU) [3].   

The most powerful economies are those with 
strong manufacturing sector and prosperous firms 
operating within. However, it is not enough to have 
factories and employees that produce goods e.g. 
food, a firm has to be efficient and produce as much 
as possible outputs from a given level of inputs. 
Many different (efficiency) ratios are often 

calculated to capture various aspects of firm's 
performance, but these multiple ratios can produce 
mixed results that might confuse managers in rating 
his/her firm among comparable units. Thus, in order 
to obtain a single efficiency score from a multiple 
inputs and outputs, in this research a data 
envelopment analysis (DEA) is applied. DEA is a 
non-parametric technique, based on linear 
programming, aimed to determine relative 
efficiency of decision making units (DMU), 
represented in this study by very large and large 
(hereafter: large) firms operating in the Croatian 
food industry.   

To the best of author's knowledge, this is the first 
study in which the overall technical efficiency, scale 
efficiency and returns to scale is estimated for the 
Croatian food industry.  

The paper is organized as follows. The second 
section provides literature review. Methodology and 
the selection of inputs and outputs are discussed in 
section three, while section four provides the results 
of the analysis. The last section concludes. 
 

2 Literature review 
Due to its relevance, a food industry has always 
attracted the curiosity of numerous researchers who 
endeavoured to explore it from various aspects and 
with application of different techniques. Still, a 
prevalent number of the researchers focused their 
attention on food firm’s performance. While some 
researchers investigated supply chain capabilities 
and its relationship to corporate performance [4] and 
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proposed sustainability assessment framework 
which included major performance indices in food 
supply network [5], the others analyzed different 
influential performance factors, e.g. the effect of 
vertical ownership on export performance [6], 
relationship between innovative performance and 
open innovation [7], general exploration of financial 
performance during the time [8], the impact of 
firm’s age on its performance [9], the influence of 
exports of food products on competitiveness of the 
food industry [10] and so on, whereas the latter two 
studies were conducted on the sample of the 
Croatian food firms.   

As regards the application of the Data 
envelopment analysis in researches in general, and 
in food industry in particular, the situation is as 
follows. The most recent literature survey showed a 
continuous and rapid exponential growth in the 
number of theoretical and empirical publications 
related to DEA. The most popular area of DEA 
methodology application is in banking, industry, 
energy, healthcare and education [11], [12]. In the 
last four decades, a little bit less than 10 000 DEA-
related articles have been published [11]. Although 
abundance of studies can be found for the 
previously listed area of research, e.g. [13], [14], 
[15] and [16] for banking; [17], [18], [19] and [20] 
for healthcare; [21], [22], [23] and [24] for 
education; the empirical literature dealing with DEA 
application in food industry is still relatively scarce. 
Therefore, a special attention will be devoted to 
these studies and their brief presentation will be 
provided in following paragraphs. 

A certain number of studies were conducted on a 
sample of listed firms. For example, while 
examining the efficiency of 22 listed food 
companies in Pakistan, the researchers [25] found 
out that technical efficiency scores had improved 
during the years, while reaching its peak of 0.9 in 
2010. However, the scale efficiency scores (SE) 
were not so encouraging, since the range of SE 
varied between 0.5 and 0.7. On the other hand, 
aiming to assess the performance of 23 Turkish food 
and beverage listed firms, the authors [26] used 
DEA technique and revealed that export increased 
supply chain efficiency scores for the majority of 
companies. The results also demonstrated that the 
Turkish companies could not utilize their resources 
effectively to create sufficient profits.  

The study of [27] evaluated the efficiency of 10 
listed companies operating in food and beverage 
industry in Taiwan during the 2011-2014 period. 
With the application of Mann-Whitney U test, the 
authors revealed that the dessert and beverage 
companies were more efficient than the food 

companies, as the p-value among the analysed group 
(food vs. beverage) found to be significant 
(p<0,025) for each of the analysed years. Additional 
research conducted in Taiwan was that of [28] in 
which returns to scale and technical efficiency on 
the companies operating in baking industry was 
examined. Among others, the results showed that 
the 3rd generation operational style achieved higher 
pure technical and overall technical efficiency score 
than those of 1st and 2nd generation. 

Regarding the non-listed firms, a study of [29] 
aimed to determine the efficiency of 16 leading food 
companies in Indonesia. Both models (CRS and 
VRS) that were applied, pointed to the relatively 
high level of achieved efficiency, i.e. 84.9% and 
97.7%, respectively. The results also indicated that 
inefficient firms needed to optimize the use of 
labour and raw materials. Contrary to that, instead 
of focusing on leading firms, some researchers 
decided to estimate the efficiency of small and 
medium companies (SMEs). The results of the DEA 
analysis preformed on the sample of 172 Australian 
SMEs operating in food, beverages and tobacco 
industry showed that firms with low union 
membership as well as family firms were less 
efficient than other firms. The results also revealed 
that Australian SMEs could produce the same 
amount of outputs using about 20% less inputs [30].   

The only paper dealing with the efficiency in the 
Croatian food industry is the one of [31] in which 
Croatia is analysed only as a part of Central and 
East European countries (CEE). Moreover, in that 
research, only very large companies at CEE level 
(i.e. 13 countries with total number of 285 firms) 
were taken into account, solely BCC model was 
applied and the efficiency was evaluated based on 
just one input while considering two outputs. 

Having in mind all previously stated, the 
contribution of this paper is as follows. Due to the 
generally limited number of studies dealing with the 
firm efficiency in food industry, the paper adds to 
the scarce literature in this field of research. 
Moreover, since the analysis is performed on firms 
operating in Croatia, the paper also adds to the 
empirical literature of less developed market in 
general, while at the same time, the paper 
contributes to the domestic literature in particular 
since no prior research has estimated overall 
technical (OTE) and scale efficiency (SE) for the 
Croatian food industry. Likewise, no prior research 
has determined returns to scale (RTS) under which 
Croatian firms operate within food industry. Finally, 
while focusing solely on large companies, a more 
homogenous group of firms (dealing with similar 
competitors, difficulties and industry challenges) is 

WSEAS TRANSACTIONS on BUSINESS and ECONOMICS 
DOI: 10.37394/23207.2020.17.47 Maja Pervan

E-ISSN: 2224-2899 488 Volume 17, 2020



formed/analysed and hence more reliable and 
credible results are obtained. 
 

 

3 Methodology and variables 
 
3.1 Methodology 
Basic efficiency can be defined as a ratio of output 
over input. Hence, if a firm wants to improve its 
efficiency, it has to either: (1) increase the outputs, 
while keeping the inputs at the same level, (2) 
decrease the inputs, while keeping the outputs 
unchanged, or (3) if inputs and outputs increase 
(decrease) simultaneously, the rate of increase 
(decrease) for outputs must be greater (lower) than 
the rate of increase (decrease) for inputs.  

Linear programing is a central part of DEA. 
Main difference between DEA and other methods is 
that it does not calculate averages, but rather 
identifies optimal performance. After the seminal 
work of [32], whose model was named according to 
their authors - CCR model - and which was based 
on the assumption of constant returns to scale 
(CRS), a more generalized DEA model, with the 
variable returns to scale (VRS) assumption was 
developed by [33]. Due to its VRS assumption, this 
model was more flexible and closer to the real-
world situations in which changes in all outputs do 
not always follow a proportional pattern of changes 
in inputs.  

Aside from the type of returns to scale (CRS and 
VRS), DEA models can be identified based on the 
model orientation (input and output oriented model). 
Inputs orientation assumes that firm managers have 
more control over inputs than over outputs. Hence, 
if the emphasis (in improving efficiency) is placed 
on the reduction of inputs, then an input oriented 
model should be used. Alternatively, if the firm’s 
focus is placed on the maximization of outputs from 
a given set of inputs, i.e. if managers want to 
increase firm’s efficiency by augmenting their 
outputs from a given capacity of inputs, then an 
output oriented model is preferred. Further 
distinction of the models, as well as the current state 
of the art in DEA research can be found in [34]. 

CCR model does not consider scale size of the 
firm as relevant in assessing overall technical 
efficiency (OTE). Hence, efficiency scores 
evaluated from CCR model are OTE and they 
reflect the ability of the firm to obtain maximum 
outputs from a given level of inputs. On the other 
hand, the efficiency scores obtained by BCC model 
show how efficiently inputs are transformed into 
outputs given the scale size i.e. BCC model 
estimates pure technical efficiency (PTE). 

Therefore, the firm’s scale efficiency (SE) can be 
calculated by dividing the CCR efficiency scores 
with BCC efficiency scores. In this way, a 
decomposition of the overall technical efficiency 
into pure technical efficiency and scale efficiency 
can be done. 

All efficient DMUs (with efficiency score of 1 or 
100%) form efficient frontier, while all other non-
frontier firms (with efficiency score less than 1 or 
100%) are more/less inefficient depending on their 
distance from the efficient frontier.     

In this research, DEA analysis was chosen for 
several reasons: 
 It can deal with multiple inputs and multiple 

outputs while producing single efficiency score 
for DMUs.  

 Since DEA is a non-parametric technique, no 
specific functional form has to be determined in 
advance.  

 Overall technical efficiency can be decomposed 
into pure technical efficiency and scale 
efficiency. 

 Contrary to parametric technique, DEA can be 
applied to the small sample size [35].  

A comprehensive comparison of parametric and 
nonparametric estimation techniques is provided in 
[36]. Assumption that scale of economies does not 
change as size of firms' increase, cannot hold for 
firms operating in food industry, making a BCC 
model more appropriate for our investigation than 
CCR model. Additionally, as output orientation 
assumes that firms can augment their outputs given 
their capacity of inputs, in this research an output 
oriented model is applied. Same return to scale 
assumption and model orientation can be found in 
similar studies such as [28], [25], etc.  
 
3.2 Data and variables 
The dataset used in this study refers to 2018 and is 
collected from the Amadeus database which 
contains financial and basic business information 
about the public and private companies. After 
omitting all firms for which the data were 
incomplete or inadequate to be handled with DEA 
(i.e. firms with missing and/or negative value of 
chosen inputs/outputs), the final number of large 
firms amounted 64. As such, the sample captured 
more than two-thirds (77.6%) of operating revenue 
(turnover), 64.3% of total employees and 74.3% of 
total assets of all firms (regardless of their size) 
operating in the Croatian food industry and 
available in Amadeus database. All these elements 
undoubtedly point to the importance of the large 
firms in the Croatian food industry. 
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According to microeconomic theory, the 
essential inputs used in the production function are 
labour, capital and land/materials. Therefore, inputs 
used in this research, guided by theoretical as well 
as empirical literature, were presented by the 
number of employees, firm's total assets and 
material costs. On the other hand, neo-classical 
theory of the firm stresses the profit maximisation as 
the main objective of a business firm. Apart from 
this, more contemporary managerial theories of the 
firm suggest that firms might be controlled by its 
managers instead of its owners, and therefore 
although still playing an important role, a profit is 
no longer seen as the sole objective of the firm. In 
that sense, as another possible aim of the firm, a 
revenue maximization may occur. Hence, regarding 
the choice of output variables, two measures were 
selected, one for each of the previously presented 
theories, i.e. profit and operating revenue (turnover) 
of the firm.  

Since the choice and the number of inputs and 
outputs, together with the number of DMUs 
determine how good discrimination between 
efficient and inefficient units is, a special attention 
must be devoted to the number of inputs and outputs 
in relation to the number of DMUs. As a rule of 
thumb, the number of DMUs should be at least three 
times the number of all inputs and outputs taking 
together [37]. As the number of all inputs and 
outputs in this analysis was 5, while the total 
number of DMUs was 64, it was safe to proceed 
with the DEA analysis. The analysis was performed 
with the Performance Improvement Management 
Software (PIM-DEA). 

 
4 Results and discussion 
In order to assess and verify the relationship 
between selected inputs and outputs, a correlation 
analysis was accomplished. The obtained results are 
presented in table 1. A positive and statistically 
significant relationship among all analysed inputs 
and outputs can be noticed, with correlation 
coefficients spanning from strong to moderate. The 
strongest relationship is identified between 
operating revenue and material costs, as well as 
between operating revenue and total assets. All 
coefficients have positive sign, indicating that 
output increases when input increases, therefore, 
isotonicity condition related to the data is satisfied 
[38] confirming that the analysis can be performed 
with the DEA technique. 

 

Table 1. Correlation analysis 

 

Inputs and outputs 
Total 
assets 

No. of 
employees  

Material 
costs 

Operating 
revenue 

Profit 

Total 
assets 

1     

No. of 
employees 

0.676** 1    

Material 
costs 

0.874** 0.613** 1   

Operating 
revenue 

0.910** 0.677** 0.993** 1  

Profit 0.692** 0.654** 0.529** 0.586** 1 

a. **. Correlation is significant at the 0.01 level (2-tailed) 

b. Source: Author's calculations 
 

Descriptive statistics for inputs and outputs of 
large firms operating in the Croatian food industry is 
presented in table 2. The data show variation across 
the firms. On average, firms have 339 employees, 
total assets of €32 490.25 and material costs of €31 
899.77. At the same time, average firm realizes €41 
636.09 of turnover and €1 658.72 of profits.  
 

Table 2. Descriptive statistics  

 

Inputs and outputs 

Minimum Maximum Mean 
Std. 

Deviation 

Total assets 1332.93 254358.04 32490.25 45279.35 

No. of 
employees 

8 1867 339.42 420.44 

Material 
costs 

567.06 323824.78 31899.77 49782.86 

Operating 
revenue 

2484.93 387143.99 41636.09 60435.55 

Profit 8.85 11678.68 1658.72 2540.13 

c. Source: Author's calculations 

 

Table 3 brings pure technical efficiency (PTE), 
overall technical efficiency (OTE), reference set 
(Ref. set), frequency of the efficient firms in the 
reference set (Peer count), scale efficiency (SE) and 
return to scale (RTS) for each DMU covered with 
the analysis.  

The average pure technical efficiency (PTE) of 
large companies operating in food industry in 2018 
was achieved through BCC model and amounted 
91.76%, suggesting that these companies can 
improve their efficiency, or reduce their 
inefficiency, by augmenting their outputs by 8.24%, 
given the scale of operation. The obtained results 
are similar to those of [28], [27] and [29]. 
Furthermore, since there were 24 firms (37.5%) that 
had pure technical efficiency score of 100%, these 
firms formed efficiency frontier against which all 
other firms were compared. Remaining 40 firms 
were inefficient as their scores were less than 100%.  
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Table 3. Efficiency scores of large companies in 
Croatia 

Efficiency 

DMU PTE OTE 
Ref. set 
(DMUs) 

Peer 
count SE RTS 

DMU1 100 100 1 17 100 CRS 

DMU2 100 100 2 2 100 CRS 

DMU3 100 89.2 1,4,49 0 89.2 IRS 

DMU4 100 100 4 16 100 CRS 

DMU5 73.69 73.05 1,6,10,62 0 99.13 DRS 

DMU6 100 100 6 8 100 CRS 

DMU7 100 95.52 12,49 0 95.52 IRS 

DMU8 94.22 94 4,6,15,34 0 99.77 IRS 

DMU9 75.19 75.16 10,38,62 0 99.95 DRS 

DMU10 100 100 10 24 100 CRS 

DMU11 87.23 86.56 12,49,62 0 99.23 DRS 

DMU12 100 100 12 12 100 CRS 

DMU13 100 100 13 1 100 CRS 

DMU14 93.54 92.12 
1,10,52, 
62 

0 98.48 DRS 

DMU15 100 100 15 7 100 CRS 

DMU16 92.96 92.05 10,38,62 0 99.02 DRS 

DMU17 81.8 80.91 4,49,62 0 98.91 IRS 

DMU18 81.04 74.43 49,52,62 0 91.85 DRS 

DMU19 73.19 72.29 10,62 0 98.77 DRS 

DMU20 100 95.26 12,49,53 0 95.26 DRS 

DMU21 67.93 64.96 10,38,62 0 95.63 DRS 

DMU22 100 72.32 
1,10,52, 
62 

0 
72.32 DRS 

DMU23 91.99 91.73 1,4,10,34 0 99.72 IRS 

DMU24 88.82 86.67 
1,10,52, 
62 

0 
97.58 IRS 

DMU25 88.96 85.04 12,49,62 0 95.59 DRS 

DMU26 100 98.02 2,4,49 0 98.02 IRS 

DMU27 82.4 82.37 10,38,62 0 99.96 DRS 

DMU28 90.09 77.08 
1,10,52, 
62 

0 
85.55 DRS 

DMU29 86.86 84.94 10,38,62 0 97.79 DRS 

DMU30 86.34 85.95 10,38,62 0 99.55 DRS 

DMU31 100 91.58 4,6,10,34 0 91.58 DRS 

DMU32 100 97.9 1,4,15,62 0 97.9 DRS 

DMU33 78.33 75.57 49,52,62 0 96.47 DRS 

DMU34 100 100 34 9 100 CRS 

DMU35 100 98.28 1,4,34,52 0 98.28 DRS 

DMU36 94.73 93.59 1,4,15,62 0 98.8 DRS 

DMU37 93.33 93.24 4,6,10,34 0 99.91 IRS 

Efficiency 

DMU PTE OTE 
Ref. set 
(DMUs) 

Peer 
count SE RTS 

DMU38 100 100 38 11 100 CRS 

DMU39 91.22 90.29 1,4,15,62 0 98.98 DRS 

DMU40 97.18 96.12 1,4,34,52 0 98.91 IRS 

DMU41 95.79 93.39 4,6,10,34 0 97.49 DRS 

DMU42 93.03 92.7 
10,38,52,
62 

0 
99.64 DRS 

DMU43 100 82.54 
1,10,52, 
62 

0 
82.54 DRS 

DMU44 88.02 86.53 10,38,62 0 98.3 DRS 

DMU45 87.26 86.85 
1,49,52, 
62 

0 
99.53 IRS 

DMU46 94.43 94.4 6,15,34 0 99.96 DRS 

DMU47 91.6 91.42 12,49 0 99.8 IRS 

DMU48 69.52 69.51 10,38,62 0 99.99 DRS 

DMU49 100 100 49 19 100 CRS 

DMU50 60.95 58.75 12,62 0 96.39 DRS 

DMU51 92.25 91.98 49,52 0 99.7 DRS 

DMU52 100 100 52 16 100 CRS 

DMU53 100 100 53 3 100 CRS 

DMU54 99.22 96.64 49,53 0 97.4 DRS 

DMU55 77.82 77.39 15,62 0 99.44 DRS 

DMU56 91.89 91.8 
4,12,49, 
62 

0 
99.9 IRS 

DMU57 89.98 88.02 10,38,62 0 97.82 DRS 

DMU58 93.04 92.32 
1,10,52, 
62 

0 
99.22 DRS 

DMU59 100 93.07 12,49,62 0 93.07 DRS 

DMU60 82.48 82.4 
1,10,52, 
62 

0 
99.91 DRS 

DMU61 79.85 79.54 4,49,62 0 99.61 IRS 

DMU62 100 100 62 39 100 CRS 

DMU63 98.47 94.11 12,49,62 0 95.57 DRS 

DMU64 95.93 92.86 49,52,62 0 96.8 IRS 

Average 91.76 89.41 - - 97.50 - 

d. Source: Author's calculations 

 

Overall technical efficiency scores (OTE) were 
obtained through the CCR model. Out of 64 food 
firms, 14 food firms (21.9%) were efficient, while 
remaining food firms were inefficient. Aside from 
forming efficient frontier, these efficient firms 
formed "reference set" i.e. they served as an 
example of the best operating practice that managers 
of inefficient food firms should follow. The most 
inefficient food firm, DMU50, had efficiency score 
of 58.75% indicating substantial potential for 
improvement. Among inefficient food firms, almost 
40% of them had overall technical efficiency score 
that was below the average value of OTE.  
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Reference set (Ref. set) contains efficient food 
firms that serve as benchmarks for each particular 
inefficient DMU. At the same time, as stated by 
[39], every efficient food firm is also its own 
benchmark, e.g. DMU1 for DMU1, DMU2 for 
DMU2, DMU4 for DMU4 and so on (table 3). 
However, benchmarks for (inefficient) DMU3 are 
DMU1, DMU4 and DMU49 (due to space savings, 
only a number, without DMU notation of efficient 
food firm is presented in this column i.e. 1, 4 and 
49), meaning that in order to become efficient, 
DMU3 has to use a combination from all three 
DMUs i.e. DMU1, DMU4 and DMU49 (a virtual 
food firm).  

Peer count shows how frequently each efficient 
food firm appears as a benchmark for inefficient 
food firms. Having in mind that every efficient food 
firm is always its own benchmark, this would mean 
that e.g. DMU1 is a benchmark for 17 food firms 
(i.e. itself - as it was previously identified as 
efficient and therefore its own benchmark (peer); 
and for additional 16 inefficient food firms), at the 
same time, DMU2 appears as a benchmark i.e. is 
referred in the reference set, for 2 food firms (itself 
and one inefficient food firm i.e. DMU2 and 
DMU26, respectively). These frequencies can be 
also used to discriminate among efficient food firms 
in a way that firm with higher peer count is more 
likely to be efficient from different aspects and with 
respect to a large number of factors than firms that 
appear rarely in the reference set. In that sense, a 
DMU62 and DMU10 are good example of the best 
operating practice to be followed. 

Scale efficiency (SE) shows that 14 food firms 
(21.9%) had a SE score of 100%, suggesting that the 
each of them was at the optimal size for its 
particular input-output mix. Remaining food firms 
were deemed as scale inefficient. The average value 
of scale efficiency score was 97.50% indicating that 
2.5% of inefficiency is generated because of 
deviation of the existing scale of production from 
the most productive scale size. 

Return to scale (RTS) indicates whether the food 
firm is experiencing constant (CRS), increasing 
(IRS) or decreasing (DRS) returns to scale. 
According to table 3, there were 14 food firms 
(21.9%) operating on CRS and 14 food firms 
(21.9%) operating on IRS. Most of the food firms, 
36 of them (56.3%) were operating on DRS, 
demonstrating over-utilization of the existing scale 
size. In the latter case, due to the large scale of 
production and large number of communications 
levels between firm’s management and firm’s 
workforce in production, a managerial efficiency is 
decreased. 

Finally, as our sample consisted of 14 very large 
and 50 large food firms, we wanted to determine 
whether there exists any statistically significant 
difference in efficiency between them. Therefore, 
we split the sample into two groups according to 
their size (very large and large) and conducted 
independent samples t-test (table 4).  

Table 4. Independent sample t-test 

 

Levene's Test 
for Equality of 

Variances 
t-test for Equality of Means 

F Sig. t df 
Sig. (2-
tailed) 

Mean 
Diff. 

 PTE Equal 
variances 
assumed 

  
 1.063 

  
 .307  -1.991  62  .051  -5.654 

Equal 
variances 
not 
assumed 

 -2.072  22.117  .050  -5.654 

 OTE Equal 
variances 
assumed 

  
 .553 

  
 .460  -.108  62  .914  -.3292 

Equal 
variances 
not 
assumed 

 -.099  18.726  .922  -.3292 

e. Source: Author's calculations 

 

Levene’s test was found to be insignificant 
(p>0.01), suggesting that there was no difference 
between the variance of the very large firms and the 
variance of the large food firms, regardless of 
whether the overall technical efficiency or pure 
technical efficiency was examined. Additionally, the 
results of the independent samples t-test indicated 
no statistically significant difference (at the level of 
0.01) between very large and large firms from the 
efficiency point of view (no matter whether the OTE 
or PTE was analysed). Although not found to be 
statistically significant, the difference in efficiency 
was more pronounced in PTE. 
 

5 Conclusion 
The main objective of this research was to assess the 
efficiency of large firms operating in the Croatian 
food industry as the one of the most prominent and 
important segment of the Croatian manufacturing 
sector. In evaluating efficiency, both, BCC and CCR 
output oriented models were applied. The obtained 
results showed that the pure technical efficiency was 
91.76%, indicating quite high level of achieved 
efficiency and suggesting that, on average, Croatian 
large food firms can augment their outputs by 
8.24%, given the scale of operation. As expected, a 
little lower level of overall technical efficiency is 
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recorded in this industry. Still, with the score of 
89.41%, this efficiency also proved to be relatively 
high. Among the all analysed large food firms, 
DMU62 and DMU10 were detected as good 
examples of the best operating practice to be 
followed due to their numerous appearances in 
reference set. Average score of scale efficiency was 
97.50% suggesting that 2.5% of inefficiency of food 
firms occurred due to deviation of their current scale 
of production from the most productive scale size. 

As the most of the food firms, 36 out of 64 
(56.3%), were operating on decreasing returns to 
scale (DRS) i.e. were over-utilize the existing scale 
size, these food firms should downsize their 
operation in order to increase efficiency. 

Finally, the results of the conducted independent 
sample t-test confirmed that, in terms of efficiency 
(PTE or OTE), there was no statistically significant 
difference between large and very large firms 
operating in the Croatian food industry. 

As a suggestion for future research, an efficiency 
analysis at more aggregated level i.e. manufacturing 
industry can be performed. In addition, a single 
analysis (e.g. for Croatia) or a cross-county analysis 
of manufacturing firm’s productivity with the 
implementation of Malmquist index can be 
conducted. 
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