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Abstract 
 

 Measuring the efficiency of public higher education institutions has become 
a subject of many studies. We analyse these studies using meta-analysis and 
identify the most commonly adopted inputs and outputs in the DEA and SFA 
models (e.g. the number of students, graduates, academic staff). Data obtained 
from these studies were used for meta-regression analysis. We analyse the effect 
of independent variables (sample size, the number of inputs and outputs, method 
used, model orientations, returns to scale and to the country) on the average 
technical efficiency of public higher education institutions. Finally, we use this 
model to predict the average technical efficiency of the Czech and Slovak public 
higher education institutions. 
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Introduction 
 

 In Europe, funding for higher education comes predominantly from public 
sources. On average, 77.7% of the EU-23 tertiary education is funded publicly 
(for OECD countries, the share stands at 69.9%). The remaining resources are 
private. The share of public funding is the highest in the Nordic countries, e.g. 
96.6% in Finland, 96.0% in Norway or 88.7% in Sweden. Among the Visegrad 
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countries, the lowest share of public funds has Hungary with only 62.9%. On the 
other hand, the proportion stands at 83.8% in Poland, 80.2% in Slovakia and 
80.1% in the Czech Republic (OECD, 2018).  
 The large share of public funding gives an incentive to focus on the efficiency 
of public higher education institutions (HEIs). In this respect, the presented study 
measures technical efficiency. By technical efficiency we understand the ability 
of a production unit to secure the maximum volume of outputs using the given 
amount of inputs, respectively, to use the minimum volume of inputs in order to 
produce the given amount of outputs (Jablonský and Dlouhý, 2004). Technical 
efficiency can be measured using non-parametric (e.g. DEA, Data Envelopment 
Analysis) or parametric (e.g. SFA, Stochastic Frontier Analysis) methods. In the 
domain of the efficiency of HEIs and tertiary education itself, DEA is the most 
frequently adopted method of measurement, popular mainly for its simplicity. DEA 
can also be used when the sample size is small. On the other hand, SFA requires 
a larger sample size and the inputs and outputs used in the model need to be ex-
pressed in monetary units (Polouček et al., 2006). For detailed description of the 
methods see the original work by Charnes, Cooper and Rhodes (1978) and Banker, 
Charnes and Cooper (1984) for DEA and Meeusen and van den Broeck (1977), 
Aigner, Lovell and Schmidt (1977) and Battese and Corra (1977) for SFA. 
 In this paper, we focus on a different approach to the efficiency of public high-
er education institutions. We do not measure efficiency of any particular HEIs in 
any given country; instead, we analyse the already existing studies and their data. 
We use this data to predict the average technical efficiency of public HEIs using 
meta-regression analysis. The aim of this paper can be split into three questions: 

• What are the most commonly adopted inputs and outputs in the DEA and 
SFA models for measuring of the efficiency of higher education institutions? 

• How do the selected variables for meta-regression analysis affect the aver-
age efficiency score of higher education institutions? 

• What is the predicted average efficiency score of the Czech and Slovak pub-
lic higher education institutions? 
 This paper is organised as follows. The literature review is presented in Sec-
tion 1. Section 2 introduces the adopted methods. Data and the results are pre-
sented and discussed in Section 3. Section 4 concludes the analysis. 
 
 
1.  Literature Review  
 
 Measurement of the efficiency of public higher education institutions has been 
approached by numerous authors and compiled for different countries. Review 
of the selected studies is presented below. 
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 Agasisti and Gralka (2017) measured the efficiency of public HEIs in Italy 
(52 HEIs in total) and Germany (70 HEIs in total) between 2001 and 2011 using 
SFA. They divided the efficiency analysis into two parts, namely the short-term 
and long-term efficiency. The shorter period reflected the efficiency of individu-
al universities in the country. The longer period highlighted in turn the influence 
of the specific structure of individual universities in the country. When compar-
ing the efficiency of higher education institutions across the two countries, the 
authors concluded that the difference in efficiency is related to the individual 
performance of the HEIs and their structure. In conclusion, they find out that the 
overall level of technical efficiency at Italian HEIs is higher than at universities 
in Germany. 
 Coelli et al. (2005) used DEA to measure the efficiency of 36 HEIs in Aus-
tralia. The analysis was carried out in 1994 and focused on administrative costs. 
The authors concluded that distance learning students are more expensive in 
terms of administrative requirements. 
 Cokgezen (2009) measured the efficiency of universities in Turkey in 2004. 
The DEA analysis included both type: 47 public and 23 private HEIs. He con-
cluded that Turkish private universities are less efficient than public institutions. 
Nevertheless, following the inclusion of a quality variable into the model (stu-
dents’ results at the university entrance examinations in 2004), the efficiency 
values of the private and public universities have converged. 
 Cuenca (2011) focused on the efficiency of 78 public universities in the Phili-
ppines in 2006 – 2009. The efficiency was measured by DEA. The result of the 
analysis showed that over the period under review, 62% of the schools improved 
their efficiency. For further research, it is recommended to look more closely at the 
analysis of inefficient HEIs and to identify the factors that led to such an outcome. 
 Daghbashyan (2011) measured the efficiency of Swedish public HEIs using 
SFA. In this work, he estimated the cost function based on the data for 30 uni-
versities from the period 2001 – 2005. Inputs were the number of academic staff, 
average salary, etc. Outputs were the number of enrolled students (which were 
further split according to the individual fields: humanities, technical fields and 
medicine) or the number of PhD students. This study shows that there are differ-
ences among universities. Efficiency of the most of them was above average. 
Only six universities were below the average. During this period, the efficiency 
of Swedish HEIs has not changed in any way. 
 Gromov (2017) analysed the efficiency of 120 Russian public HEIs using 
DEA during the period 2013 – 2015. His research has shown that there is still 
a room for improvement in the efficiency. Reducing the size of some HEIs 
would increase their efficiency. 
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 Johnes (2006) analysed the efficiency of 109 HEIs in England using DEA. He 
constructed eight models combining nine variables (inputs and outputs) in vari-
ous ways. The author concludes that the efficiency of English HEIs is high. 
 Kempkes and Pohl (2007) measured the efficiency of 72 public HEIs in Germa-
ny over the period 1998 – 2003. DEA and SFA methods were used. Once the tech-
nical efficiency was calculated for each HEI, the authors divided them into north-
ern and eastern German HEIs. They found out that in terms of the overall factor 
productivity, Eastern public HEIs are better than Western ones. However, in terms 
of the average technical efficiency, this figure is higher for the Western HEIs. 
 Maleki, Klumpp and Cuypers (2012) focused on the efficiency of 28 public 
universities in Germany. They used DEA to analyse the technical efficiency. 
They created one model, which was input- and output-oriented. Only four uni-
versities achieved 100% technical efficiency. Based on the results, the authors 
conclude that the output-oriented model is a more appropriate option with regard 
to an assessment of the education system. At the same time, the choice of such 
a model orientation is appropriate because of the insufficient supervision of uni-
versities and control over some inputs, such as their overall budget. 
 McMillan and Datta (1998) measured the efficiency of public HEIs in Canada 
using DEA. They reviewed data for 45 Canadian universities covering the period 
1992 – 1993. These universities were split into three groups: comprehensive 
universities with a medical field, comprehensive universities without a medical 
field and primarily undergraduate. The total of nine models were created, differ-
ing in the combination of inputs (number of faculties, other expenditures, total 
expenditures, etc.) and outputs (number of graduates, number of PhD awarded, 
number of researches performed, etc.). The resulting efficiency of all three 
groups of universities ranged from 89% to 98%. Although the resulting efficien-
cy was within this very favourable range, in each group there was one university 
that was significantly below the average. Despite its shortcomings, the authors 
described the DEA methodology as very useful. At the same time, they suggest 
measuring the efficiency of units that are more homogeneous, such as faculties 
or departments. 
 Nazarko and Šaparauskas (2014) measured the efficiency of 19 public tech-
nical HEIs in Poland in 2011 using DEA. The authors state that the analysis 
showed, among other things, the usefulness and rationality of using DEA in the 
higher education sector. The results of the technical efficiency carry important in-
formation on the efficiency of the operation of higher education institutions rela-
tive to other institutions within a similar field. They also mention that efficiency 
analysis can be an important stimulus to the growth of education and research 
quality, it can lead to improved efficiency in public spending and allocation of 
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funds, as well as improved management of the higher education. However, 
the authors also add it is necessary to avoid any hasty conclusions and properly 
interpret the results of technical efficiency. The correct interpretation of these 
results requires deep knowledge of the field and great care in formulating any 
radical conclusions. 
 Robst (1997) measured the efficiency of 200 US public universities using SFA. 
He concluded that inefficiencies occur in public universities located in the states 
whose costs are about 20% above the estimated frontier. He also found that states 
with a higher number of students who enrolled for a two-year study score a higher 
value of efficiency than states with a lower number of such students. He added that 
large university systems tend to be more efficient than the small ones. 
 Sav (2016) focused on public American universities (378 HEIs in total) over 
the period 2004 – 2013. The efficiency was measured by SFA. The results of his 
analysis confirm the view that the government’s involvement in financing of the 
public higher education institutions is important, as it has been shown that any 
reduction in the state funding of public HEIs causes inefficiencies. 
 Tochkov, Nenovsky and Tochkov (2012) analysed the technical efficiency of 
33 public universities in Bulgaria using DEA. The authors found that public 
universities are less effective than private universities, especially in the field of 
teaching. In Bulgaria, a proposal was made to reform the performance-based 
funding for higher education. It was found that the values of efficiency and allo-
cated subsidies are negatively correlated. On the other hand, a positive correlation 
was found between the efficiency and cost-efficiency, suggesting that the reform 
is moving in the right direction. 
 Tran and Villano (2017) measured the efficiency of 112 public universities in 
Vietnam. They used DEA and tested the period of 2011 – 2013. It was estab-
lished that the location, age, ownership and financial capacity have significant 
effects on the efficiency indicators’ mix of the examined universities. In addition 
to public universities, the authors also calculated the efficiency of private univer-
sities. In Vietnam, public universities are more efficient than private universities. 
 
 
2.  Methodology and Data  
 
 We use meta-analysis and meta-regression analysis to answer the pre-esta-
blished set of questions. Meta-analysis applies statistical procedures in order to 
summarise the results of two or more empirical studies that address the same or 
similar problem. The process of meta-analysis resembles an empirical research. 
The problem and variables are determined, the data are collected and analysed 
(Hendl, 2012). 



968 

 JSTOR, EconLit, Google Scholar and standard web searches served as the 
sources for tracing the included studies. A prerequisite for meta-analysis is to 
search for all the studies on the given topic. However, there are some limitations, 
including publication bias, identification error, and selection omissions (Hendl, 
2012). These limitations were also reflected in the performed meta-analysis. 
Only studies in English that were freely available or available after login (e.g. 
JSTOR) were selected. Keywords for the study search were: efficiency, universi-
ties, higher education, data envelopment analysis, stochastic frontier, production 
frontier, cost frontier. In total 126 primary studies were found. Most of them 
were articles published in scientific journals. Other sources included chapters in 
books, studies, or working papers. 
 Studies that did not meet the criteria for meta-regression analysis were ex-
cluded from the list. As variables were chosen the average efficiency score, 
number of units, number of inputs and outputs, model orientation, returns to 
scale, method of measuring efficiency, and the country (see Table 1). Studies 
that measured the efficiency of tertiary education among selected countries or 
departments/faculties, or that did not contain the required data for regression 
analysis were excluded from the list (e.g. missing information on the orientation 
of the model, constant or variable returns to scale, unspecified number of inputs 
and outputs used in the model, inclusion of private higher education institutions). 
Some primary studies, which included an overview of the resulting efficiency of 
individual public higher education institutions, lacked an indication of the average 
efficiency, required for regression analysis. In this case, the average efficiency 
was calculated, and the studies were included in the regression analysis list. 
 

T a b l e  1 

Definitions of Variables 

Abbreviation Variables Definition 

EFF 
Efficiency 

Average efficiency score of public higher education institutions 
(arithmetic mean). 

DMU Number of decision 
making units 

Number of public higher education institutions (HEIs) in primary 
studies. 

DIMENSIONS Number of inputs 
and outputs 

Number of inputs and outputs used in the model. 

NON_PARA Used method 
Dummy variable: 1 if DEA method is used,  
0 if SFA method is used. 

INPUT_ORT Model orientation 
Dummy variable: 1 if the model is input-oriented,  
0 if the model is output-oriented. 

CRS Returns to scale 
Dummy variable: 1 if constant returns to scale are used,  
0 if variable returns to scale are used. 

COUNTRY Country 
Dummy variable: 1 if the efficiency is measured in EU countries, 
0 if the efficiency is measured elsewhere. 

Source: Own elaboration. 
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 In total 38 primary studies were selected for meta-regression analysis. These 
studies were published from 1997 to 2017 and were from different countries. 
The list of studies, including the method used to measure the technical efficiency, 
is given in Table 9 in Appendix. The data set of 402 values (excluding outliers) 
was extracted from these studies and used in meta-regression analysis. Descrip-
tive statistics of the data set presents Table 2. 
 
T a b l e  2  

Descriptive Statistics of the Data Set 

Variables Minimum Maximum Mean Median 
Standard 

deviation 

EFF  34.1      99.96 76.645    81.4 15.049 
DMU 6 80 47.276 54 17.037 
DIMENSIONS 2   9   4.851   5   1.426 
NON_PARA 0   1   0.796   1   0.403 
INPUT_ORT 0   1   0.338   0   0.473 
CRS 0   1   0.371   0   0.483 
COUNTRY 0   1   0.841   1   0.366 

Source: Own elaboration. 

 
 Correlation analysis shows the relationship between variables (see Table 3). 
 

T a b l e  3  

Correlation Analysis 
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EFF 1.0000 –0.2365 0.1182 0.3850 –0.1617 –0.2774 –0.1756 
DMU  1.0000 0.6058 –0.3344 0.1526 –0.0293 –0.3369 
DIMENSIONS   1.0000 0.0725 0.0114 –0.1116 –0.4902 
NON_PARA    1.0000 –0.5679 –0.5608 0.0828 
INPUT_ORT     1.0000 0.4481 –0.2785 
CRS      1.0000 –0.1184 
COUNTRY       1.0000 

Source: Own elaboration. 

 
 Log-linear model was chosen for meta-regression analysis in the following form: 
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 Meta-regression analysis was performed using Ordinary Least Squares (OLS) 
in R. R is a free software environment for statistical computing and graphics 
(R Core Team, 2017). 



970 

3.  Results and Discussion 
 
 Overview of the most commonly adopted inputs and outputs in the DEA and 
SFA models of the efficiency of public higher education institutions provides 
Table 4. As can be seen, the number of students was adopted both as an input and 
output; the choice depends on what the model stands for (e.g. teaching model). 
 
T a b l e  4  

The Most Used Inputs and Outputs in the DEA and SFA Models 

Input variables Output variables 

Academic staff Number of students 
Other employees Number of graduates 
Operating costs (in USD) Total PhD degrees awarded 
Total expenditure (in USD) Number of grants 
Number of students Number of publications 
Number of employees Number of grants (in USD) 

Source: Own elaboration. 

 
 All the variables are quantitative. On the other hand, it is the quality aspect 
that is essential for tertiary education; the practice shows when two HEIs pro-
duce a different number of graduates with the same level of given input varia-
bles, this fact does not automatically mean that the HEI which produced fewer 
graduates is necessarily inefficient. It is therefore appropriate to include also 
quality indicators into the analysis. However, there is usually a problem with 
data availability. 
 Quality is a difficult aspect to quantify and therefore also rarely included in 
assessment of efficiency. Ball (1985) presented a paper titled “What the hell is 
quality”. Schindler et al. (2015) comment that since then, the definition of quality 
has not changed much. However, there are studies where authors have attempted 
to include the aspect of quality in the models using graduation rates, drop-out 
rates, or average grades (Gralka, 2018). 
 Using meta-regression analysis, we were able to specify how the selected 
variables affect the average efficiency score of higher education institutions. 
Results of meta-regression analysis are presented in Table 5. Adjusted R-squared 
is 0.4241 and F-statistic is 50.22 (p-value 0.000). 
 There is heteroscedasticity present in the model (we have used the Breusch-
Pagan test). One solution for dealing with heteroscedasticity is the so-called ro-
bust estimation of standard deviation. The standard error estimates of parameters 
are obtained from the covariation matrix of the parameter vector (Zeileis, 2004). 
 Signs of the coefficients correspond to our assumptions: increasing number of 
units (DMU) will lead to a decrease in the average technical efficiency (EFF). 
Increasing number of inputs and outputs will lead to an increase in EFF. Choosing 
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DEA will cause an increase in EFF and choosing SFA will cause a decrease in 
EFF. A decrease in EFF can also be caused by the choice of the input-oriented 
model and by the choice of constant returns to scale, which is consistent with the 
principle of constant returns to scale versus variable returns to scale. If the tech-
nical efficiency of the higher education institutions is measured for European 
countries, it will decrease EFF. 
 
T a b l e  5  

Results of Meta-Regression Analysis 

Variables Coefficients Std. error p-value 

Intercept 102.9104 5.7677 0.000 *** 
DMU –10.7744 1.2448 0.000 *** 
DIMENSIONS   14.8091 2.1662 0.000 *** 
NON_PARA     0.7288 2.2019 0.741     x 
INPUT_ORT   –3.3513 1.7175 0.052 .   x 
CRS   –4.9851 1.5885 0.002 **x 
COUNTRY   –7.3033 1.9583 0.000 *** 

Note: Significance codes: . p < 0.1; * p < 0.05; ** p < 0.01; *** p < 0.001. 

Source: Own elaboration. 

 
 We used meta-regression analysis for predicting the average technical effi-
ciency of the Czech and Slovak public HEIs. The Czech higher education system 
includes 26 public HEIs and the Slovak higher education system includes 20 
public HEIs. These figures represent the numbers of units (DMU). The variable 
DIMENSIONS represents the number of inputs and outputs. We used median of 
DIMENSIONS from Table 2 for both countries. Since DEA was chosen, the 
dummy variable NON_PARA assumes the value of 1. This choice was made 
because the number of units is small and it is suitable to use a non-parametric 
method.  
 We chose the output-oriented model for the variable INPUT_ORT (dummy = 0), 
since 66% of all the models in the data set are output-oriented. In line with 
Kempkes and Pohl (2007), we also believe the particular choice of the model 
orientation depends on the level of control under which the given university’s 
administrator works.  
 Higher education institutions in Germany, as well as those in the Czech Re-
public and Slovakia, are publicly funded and therefore the volume of expendi-
ture, research output or the number of technical staff can also be considered as 
given. Both constant and variable returns to scale were used for the variable CRS 
to calculate the scale of efficiency. The Czech Republic and Slovakia are Euro-
pean countries, therefore dummy = 1 was used for the variable COUNTRY. The 
predicted average technical efficiency of the Czech and Slovak public HEIs is 
shown in Table 6. 
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T a b l e  6  

Predicted Average Technical Efficiency of Public Heis 

Country Sample size CRS VRS Scale effect 

Czech Republic 26 80.08 85.07 94.14 
Slovakia 20 82.91 87.89 94.33 

Source: Own elaboration. 

 
 All the variables (including statistically insignificant variables at the 5% sig-
nificance level, i.e. the variables NON_PARA and INPUT_ORT) were used to 
predict the average technical efficiency of the Czech and Slovak HEIs. The rea-
son being is that Soukup (2010) recommends using confidence intervals instead 
of statistical significance. He reasons with shortcomings of statistical signifi-
cance which include insufficient testimony about the basic data set, mechanical 
work with the classical 5% significance level, statistical significance not auto-
matically translating into importance, or non-publication of statistically insignifi-
cant results. Wassertein, Shirm and Lazar (2019) also deal with this topic and go 
even further. For example, one of their chapters is called Don’t Say “Statistically 
Significant”. Confidence intervals represent the range over which the value of 
the relevant parameter can fluctuate (Soukup, 2010; see Table 7). Using only 
“stars” (*, ** and *** in the p-value column) without considering other infor-
mation can result in elimination of a variable that actually affects the dependent 
variable. The problem of reporting and accumulating only statistically significant 
results (file drawer problem) has been already pointed out by Rosenthal (1979). 
For example, if meta-analyses only draw conclusions based on the statistically 
significant results, these results are biased (Soukup, 2010). 
 
T a b l e  7  

Confidence Intervals 

Variables 2.5 % 97.5 % 

Intercept   91.5711 114.2497 
SIZE –13.2216   –8.3272 
DIMENSION   10.5504   19.0679 
NON_PARA   –3.6001     5.0577 
INPUT_ORT   –6.7279     0.0252 
CRS   –8.1081   –1.8620 
COUNTRY –11.1533   –3.4533 

Source: Own elaboration. 

 
 When the variables NON_PARA and INPUT_ORT get eliminated, we arrive 
at slightly different results (see Table 8). Meta-analysis showed that DEA is used 
more often than SFA. DEA was used in 80% of the cases in our data set, there-
fore meta-regression analysis showed the NON_PARA variable as statistically 
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insignificant at the 5% significance level. On the other hand, DEA is more suita-
ble for measuring the efficiency of the Czech and Slovak HEIs than SFA, be-
cause the sample size of units (HEIs) is small. And this information should not 
be overlooked. Elimination of the INPUT_ORT variable has no impact on the 
predicted values. We used the output-oriented model (INPUT_ORT = 0) and in 
this case, elimination of this variable has no effect on the result. Elimination of 
the variable INPUT_ORT is also supported by the research by McMillan and Datta 
(1998) and Aracil and Montero (2008), who reported that the input-oriented and 
output-oriented models give similar results. 
 
T a b l e  8  

Predicted Average Technical Efficiency of Public Heis without Statistically  
Insignificant Variables 

Country Sample size CRS VRS Scale effect 

Czech Republic 26 79.35 84.34 94.10 
Slovakia 20 82.18 87.16 94.28 

Source: Own elaboration. 

 
 
4.  Conclusion and Final Remarks 
 
 Meta-analysis is a very useful method to summarise existing research and 
analyse this data. Using this method, we were able to identify the most common-
ly adopted inputs and outputs in the DEA and SFA models and to construct the 
regression model for predicting the average technical efficiency of the Czech and 
Slovak public higher education institutions. 
 We specify the selection criteria under which the 126 examined studies were 
chosen. The most adopted input variables were the number of academic staff, 
number of other employees, volume of operating costs, volume of total expendi-
ture, number of students and number of employees. The most used outputs were 
the number of graduates, number of students, total number of PhD degrees 
awarded, number of grants, number of publications and the volume of grants. 
 Only 38 studies were suitable for meta-regression analysis. The effect of six 
independent variables (sample size, number of inputs and outputs, method used, 
model orientation, returns to scale and the country) on the dependant variable 
(average technical efficiency) was analysed. Increasing the sample size (DMU) 
leads to a decrease in the average technical efficiency (EFF). Increasing the 
number of inputs and outputs (DIMENSIONS) leads to an increase in EFF. The 
choice of the DEA methodology (NON_PARA) leads to an increase in EFF. The 
choice of input-orientation (INPUT_ORT), constant returns to scale (CRS) and 
the European country (COUNTRY) leads to decrease in EFF. 
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 We used meta-regression model for the predicting the average technical effi-
ciency of the Czech and Slovak public higher education institutions. According 
to this model, the average efficiency is slightly higher in Slovakia than in the 
Czech Republic. 
 Limits of the presented research can be seen in disadvantages of meta-
analysis. The use of this method assumes that all the relevant studies, papers and 
analyses, including those not yet published, are found. Trying to find all such 
studies would be both time and money consuming, or even impossible. 
 For further research, we recommend using other economic variables, such 
as GDP, population density, or the share of public expenditures that flow into 
public HEIs as a proportion to the total expenditure of the ministry. It would be 
interesting to analyse whether there is any impact of these economic variables on 
the technical efficiency of the public HEIs or not. 
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A p p e n d i x 
 

T a b l e  9  

Alphabetical List of Primary Studies Used for Meta-Regression Analysis 

Authors Country Method 

Abbott and Doucouliagos (2003) Australia DEA 
Afonso and Santos (2005) Portugal DEA 
Agasisti (2016) Italy SFA 
Agasisti and Gralka (2017) Italy, Germany SFA 
Agasisti and Johnes (2009) Italy, England DEA 
Agasisti and Johnes (2010) Italy SFA 
Agasisti and Pohl (2012) Italy, Germany DEA 
Agasisti and Salerno (2007) Italy DEA 
Agasisti and Wolszczak-Derlacz (2014) Italy, Poland DEA 
Avkiran (2001) Australia DEA 
Barra and Zotti (2014) Italy DEA 
Barra and Zotti (2016) Italy DEA 
Coelli et al. (2005) Australia DEA 
Cokgezen (2009) Turkey DEA 
Cuenca (2011) Philippines DEA 
Cunha and Rocha (2012) Portugal DEA 
Daghbashyan (2011) Sweden SFA 
Flegg et al. (2003) Great Britain DEA 
Flegg et al. (2004) Great Britain DEA 
Gromov (2017) Russia DEA 
Johnes (2006) England DEA 
Johnes et al. (2005) England DEA, SFA 
Kempkes and Pohl (2007) Germany DEA, SFA 
Kulshreshtha and Nayak (2015) India DEA, SFA 
Lee (2011) Australia DEA 
Maleki, Klumpp and Cuypers (2012) Germany DEA 
McMillan and Datta (1998) Canada DEA 
McMillan and Chan (2006) Canada DEA, SFA 
Monfared and Safi (2011) Iran DEA 
Nazarko and Saparaukas (2014) Poland DEA 
Robst (1997) US SFA 
Sav (2012)  US DEA, SFA 
Sav (2016) US SFA 
Stevens (2001) England SFA 
Tochkov, Nenovsky and Tochkov (2012) Bulgaria DEA 
Tran and Villano (2017) Vietnam DEA 
Zheng and Stewart (2002) US DEA 
Zoghbi, Rocha and Mattos (2013) Brazil SFA 

Source: Own elaboration.  

 


