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Abstract 

With the need of proposing qualified and impartial education to students from all around the world, the efficient use of educational 

resources and the measurement of students’ success in education have gained increasing importance. In this context, the PISA 

(Programme for International Student Assessment) provides valuable information about the success of 15-year-old students in 

PISA tests and about the factors that influence the education of students. This paper uses the PISA 2018 database for educational 

performance assessment of OECD countries. The performance evaluation is conducted by common-weight DEA-based models. 

The results obtained by different models are compared in terms of efficiency scores, rankings and weight dispersions. In majority 

of the models, Estonia and Finland are determined as the most efficient countries. While the conventional DEA model identifies 

ten countries as efficient, the majority of implemented common-weight DEA-based models achieve full discrimination among 

countries. This assessment can be a good reference for policy-makers to observe the current situation of their countries in terms of 

education efficiency and to derive political implications for the improvement of their education systems.  

Keywords: education, performance assessment, efficiency, common-weight DEA-based approach, PISA 2018 

1. Introduction  

Governments are looking for international comparisons of education opportunities and systems in order to develop 

policies that enhance efficiency in schooling and the use of educational resources to meet increasing demands. The 

PISA (Programme for International Student Assessment) contributes to these efforts by measuring the factors that 

influence education performances of countries. Together with OECD (Organization for Economic Co-operation and 

Development) country policy reviews, PISA results can be used to assist governments in building more efficient and 

equitable education systems. In this way, measuring efficiency in education is a need for fixing the inefficient 

components of the education systems and moving toward a more efficient and sustainable future for students’ 

education. 

 

In this context, this study aims to evaluate the educational efficiency of OECD countries using PISA 2018 database 

to compare the current situation of the education systems and to derive political implications for the efficient use of 

the educational resources. For this purpose, performance evaluation will be conducted by common-weight models 

based on Data Envelopment Analysis (DEA). DEA is a decision-making tool based on mathematical-programming, 

which is used for evaluating relative efficiency of homogenous decision making units (DMUs) that consume multiple 

inputs to produce multiple outputs. Traditional DEA models identify efficient and inefficient units without requiring 
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a priori information about the importance of inputs and outputs [1]. Despite their widespread use as a decision tool, 

these models also have a number of limitations. First, conventional DEA models are solved n times to measure the 

efficiency scores of all DMUs, where n is the number of homogenous DMUs to be evaluated. Second, the DMUs are 

not evaluated on a common basis for input and output weights as each DMU is allowed to choose its own weights for 

maximization of its relative efficiency score. The weight flexibility in DEA may result in a DMU to appear efficient 

by weighting  an input and/or output impractically high while assigning negligible weights to the others [2]. This 

situation leads to unrealistic weighting schemes and impractical evaluations. Third, while these models dichotomize 

the DMUs as “efficient” (with an efficiency score of 1) and “inefficient” (with an efficiency score less than 1), they 

cannot provide a further ranking among the efficient DMUs. Therefore, the discriminating power of these models is 

not sufficient either for full ranking of DMUs or for identifying the best DMU among the DMUs whose efficiency 

scores are equal to unity. In order to avoid the shortcomings of conventional DEA models, common-weight DEA-

based models can be considered. These models measure the efficiency scores of DMUs by using a common set of 

weights, provide computational savings and enhance the discriminating power of the analysis.  

 

Despite these advantages, to the best of our knowledge, the common-weight DEA-based models have not been 

used in evaluating educational efficiency using PISA data. Therefore, this paper aims to provide a comparative 

analysis using a number of selected common-weight DEA-based approaches for educational performance assessment 

utilizing the most up-to-date edition of the PISA database. 

 

The PISA conducted by OECD, evaluates the knowledge and skills acquired by 15-year-old students. The triennial 

assessment, launched in 1997, not only assesses the students’ level of knowledge but it also examines how well 

students can integrate the acquired knowledge and skills in daily life routines and can apply what they have learned 

in unfamiliar situations, both in and outside of school [3]. The assessment has three core subjects as reading, 

mathematics and science literacy. In addition, it includes optional assessments such as financial literacy and global 

competence according to the preference of participating countries [4]. Policy-makers around the world understand the 

relative strengths and weaknesses of the education systems of their countries through PISA findings. Additionally, 

they find the opportunity to compare the PISA results with other countries and form benchmarks for improvements in 

the educational outcomes of their countries. For this comparison, PISA database is valuable and very rich as the PISA 

2018 results represent 31 million 15-year-old students from the participation of 710 000 students in the schools of the 

79 participating countries and economies including 37 OECD countries [5]. Therefore, the PISA database is used in 

this paper for evaluating education efficiency of OECD countries. 

 

The rest of the paper is organized as follows. Section 2 provides a review of the literature about DEA models 

applied to PISA data, while section 3 presents the methodological approach. In Section 4, comparative evaluation of 

OECD countries using PISA 2018 data is illustrated via common-weight DEA-based models. Discussion and 

concluding remarks are outlined in the last section. 

2. Literature Review 

Since 1990s, there is an effort to measure the efficiency in education at different levels such as class, course, school 

or country. According to Witte & López-Torres [6], DEA is the most frequently used methodology throughout these 

studies and the PISA dataset is a valuable source for input and output data.  A well-known conventional DEA model 

is the CCR model proposed by Charnes et al. [7]. Although the CCR model identifies efficient DMUs, it cannot rank 

the efficient units as all the efficient units possess an efficiency score of 1. Moreover, the model is solved separately 

for each DMU and allows the evaluated DMU to select the weights in a way to maximize its efficiency. Therefore, it 

cannot provide a common weight basis for an overall assessment and, in general, it cannot identify the best DMU. 

 

The CCR model is used in the context of education efficiency and PISA data with the output-orientation [8-9] or 

the input-orientation. Marti Selva & Medina [10] applied the CCR model for education efficiency comparison of 

European and Asian countries. The data source of inputs and outputs were the results from TIMSS 2015 (Trends in 

International Mathematics and Science Study). The applied methodology separated the efficient countries from the 

non-efficient ones, however further discrimination among the efficient units could not be achieved. Margaritis et al. 

[11] investigated relative efficiency of upper secondary schools in the region of Central Greece by using the input-

oriented CCR model and the BCC model. Malmquist Indexes for years 2015-2018 were also calculated. Data source 
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for the input and output indicators was the records of upper secondary schools and regional directorate of Central 

Greece.  

 

When DEA applications in education where the PISA dataset is used as the source of inputs and outputs are 

analyzed, the most frequently used DEA model is the BCC model proposed by Banker et al. [12] . This model is one 

of the conventional DEA models and differs from the CCR model [7] with its assumption of variable-returns to scale 

(VRS). The BCC model is solved n times, where n  is the number of DMUs, and each time it generates weights for 

the inputs and outputs in favor of the evaluated DMU. This situation leads to computational disadvantages and 

unrealistic weighting schemes. Moreover, the BCC model identifies the DMUs with an efficiency score of 1 as BCC-

efficient but cannot allow further discrimination among these efficient units.  

 

The PISA studies using the BCC model can be classified in three groups. The first group used the classical BCC 

model [13-14]. The second group applied the BCC model with an output-orientation [15-20]. The last group applied 

the BCC model with an input-orientation [21-22].  Although these models suffer from the shortcomings of the BCC 

model such as insufficient discriminating power, computational disadvantage and weight flexibility, the use of output-

oriented or input-oriented DEA models have several advantages. The output-oriented BCC model can answer the 

question of how much the outputs can be improved for better performance and the input-oriented BCC model answers 

the question of how much the inputs can be reduced to have enhanced performance.  

 

Among the studies using output-oriented BCC models, one group is  distinguished based on their two-stage 

approach [15-19]. In this group of studies, they firstly applied the DEA model to measure the efficiency scores, 

secondly they applied a regression model to explain the efficiency scores, in other words to identify and visualize 

variables that are associated with PISA test performances. To illustrate, Coco & Lagravinese [17] used the output-

oriented DEA model under VRS to evaluate efficiency scores of OECD countries for the first stage of the study. 

Cumulative spending in education (in USD) was used as the input; mathematics, reading and science scores were used 

as the outputs from the PISA 2009 database. Then, the efficiency scores were corrected with a bootstrap procedure 

introduced by Simar & Wilson  [23] and explained in a truncated regression with independent variables such as parents' 

educational attainment, immigrant status, labor-market indicators, cronyism, the number of students per class, 

teaching time, examination and inspections. 

3. Methodology 

 Data Envelopment Analysis (DEA) is a linear programming technique developed by Charnes et al. [7] for 

measuring efficiency scores of homogenous decision-making units (DMUs) using multiple inputs and multiple 

outputs. DEA considers n decision-making units (DMUs) to be evaluated, where each DMU uses varying amounts of 

m different inputs to produce s different outputs. The relative efficiency (Ej0) of a DMU equals to the ratio of its total 

weighted output to its total weighted input. This ratio is the objective of the mathematical program that is solved for 

the evaluated DMU. The model is formulated with normalizing constraints that ensure the sum of weighted output to 

the sum of weighted input ratio of every DMU be less than or equal to unity. 

 

                                                                                                               ÍÁØὉ
В όώ

В ὺὼ
                                                                                                       σȢρ 

subject to 

В όώ

В ὺὼ
ρ Ƞ    Ὦ ρȟȣὲȟ 

όȟὺ πȠ      ὶ ρȟȣίȠ     Ὥ ρȟȣȟάȢ 

 

Here, yrj is the amount of output r produced by DMU j and xij is the amount of input i used by DMU j, and ό, ὺ 

are the weights for output r and input i, respectively, which are determined in favour of the evaluated DMU. The 

subscript ‘0’ is used for referencing the evaluated DMU. Ej0 is calculated using the most favourable weights of outputs 

and inputs  ό and  ὺ  for maximizing the relative efficiency of the evaluated DMU. 

The above model is an ordinary fractional programming problem, and it can be rewritten as a linear program by 

using the transformation of linear fractional programming [33][34]. The linear form of model (3.1): 
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                                                                                                                    ÍÁØὉ  όώ                                                                                                   σȢς 

subject to 

ὺὼ ρȟ 

όώ ὺὼ πȟᶅὮȟ 

όȟὺ ‐ȟ ὶᶅȟὭȢ 

 

where ‐ is a very small non-Archimedean positive number added to the model for preventing zero-weights. 

As mentioned above, the conventional DEA model (CCR model) has several limitations such as impractical weight 

flexibility and poor discriminating power. In order to deal with the limitations, researchers have focused on common-

weight DEA-based models. Some of these researches have focused on finding the best decision-making unit (DMU) 

while others have focused on providing a full ranking between the DMUs. 

 

Karsak & Ahiska [2] developed a minimax efficiency model for determining the best DMU taking into 

consideration multiple inputs and outputs. The enhanced discriminating power of the approach was shown with 

examples mentioned in earlier researches and the model achieved a better weight dispersion for inputs and outputs. 

Foroughi [24] proposed a mixed integer linear programming (MILP) model for finding the most efficient unit and 

extended the model for ranking all extreme efficient units. The model was tested with real-life examples such as 

facility layout design selections. Wang & Jiang [25] proposed three alternative MILP models for identifying the most 

efficient DMU under different returns to scale. The proposed MILP models were illustrated with four numerical 

examples. Sun et al. [26] developed two different common-weight DEA-based models considering ideal and anti-

ideal DMU for performance evaluation and full ranking. The models were applied for the performance assessment of 

Asian lead frame firms and flexible manufacturing systems. Lam [27] introduced a new MILP model whose objective 

was similar to the super-efficiency model. The proposed model was compared with two recent models with two 

illustrative examples about facility layout design and hospital management. Toloo [28] developed a new minimax 

MILP model for finding the most efficient DMU. The approach was illustrated with three different case studies from 

the literature and the results were compared with other methods. Carrillo & Jorge [29] constructed a multi-objective 

DEA approach for ranking alternatives. They used the concept of distance to an ideal, and thus the model chose the 

common set of weights by minimizing the total Tchebychev distance or Manhattan distance of DMUs to an ideal 

point. Toloo & Salahi [30] presented a new nonlinear mixed integer-programming (MIP) model whose discriminating 

power was high enough for fully ranking all DMUs.  The model was linearized and two examples were used from the 

literature for the comparison with other models. Karsak & Goker [31] proposed a novel common weight multiple 

criteria decision making (MCDM) approach based on the model proposed by Karsak & Ahiska [2] for the selection 

of best performing DMU. The approach was compared with other methods and applied to two case studies. The results 

showed that the model provided an enhanced discriminating power for the rank-order and improved weight dispersion 

for inputs and outputs. Lately, Özsoy et al. [32] proposed a new MIP model without epsilon based on the approach 

proposed by Toloo & Salahi [30]. Discriminating power of the model was illustrated with a simulation study where it 

was shown that the model was able to provide full ranking. 

4. Educational Performance Assessment 

4.1. Presentation of Data 

This paper provides educational performance evaluation of OECD countries by considering some indicators from 

PISA 2018 database. The indicators are categorized as inputs and outputs in line with DEA context. DEA considers 

inputs as indicators to be minimized and outputs as factors to be maximized.  

 

For this study, the inputs and outputs are identified by taking into consideration the most frequently used indicators 

of PISA database in DEA applications [35]. The education systems of countries are modeled as production processes 

that produce the success of students in PISA test by consuming different amounts of educational resources.  
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The PISA test scores in reading, mathematics and science are the outputs, and teachers/students ratio, learning time 

(in minutes per week) and the average number of computers available in schools for educational purposes are selected 

as the inputs of the study, respectively. Raw data for the inputs and outputs are provided in Table 1.  

 

Normalization for data is conducted via a linear normalization scheme. Normalization for input data is performed 

by using  
ὼ
ὼ,z where ὼᶻ άὥὼὼ  for Ὥᶅȟ and output data is normalized as 

ώ
ώz, where ώᶻ άὥὼώ  for 

ὶᶅ [2]. All the inputs and outputs are extracted from PISA 2018 database [36]. Concerning the lack of data for some 

OECD countries, 29 countries are included in the analysis. 

 
                            Table 1. Input and output data for OECD countries 

OECD members Input1 Input2 Input3 Output1 Output2 Output3 

Australia 0.074627 1550 196 502.6317 491.36 502.9646 

Austria 0.09177 1730 140 484.3926 498.9423 489.7804 

Belgium 0.107527 1669 109 492.8644 508.0703 498.7731 

Czech Republic 0.076555 1536 63 490.2188 499.4677 496.7913 

Denmark 0.073529 1655 53 501.1299 509.3984 492.637 

Estonia 0.080898 1563 56 523.017 523.4146 530.108 

Finland 0.092001 1479.32 57 520.0787 507.3014 521.8846 

France 0.086207 1646 183 492.6065 495.4076 492.9771 

Greece 0.10492 1662 18 457.4144 451.3703 451.6327 

Hungary 0.093966 1586 65 475.9867 481.0826 480.9117 

Iceland 0.09423 1637 68 473.9743 495.1874 475.0241 

Ireland 0.078171 1730 77 518.0785 499.6329 496.1136 

Israel 0.085977 1753 62 470.4152 463.0345 462.1966 

Italy 0.107224 1742 90 476.2847 486.5899 468.0117 

Japan 0.083785 1682.94 108 503.856 526.9733 529.1354 

Korea 0.074331 1776.4 92 514.0523 525.933 519.0073 

Latvia 0.09116 1556 42 478.6987 496.1263 487.2506 

Lithuania 0.095214 1510 64 475.8735 481.1912 482.067 

Luxembourg 0.106603 1646 213 469.9854 483.4215 476.7694 

Netherlands 0.057406 1632 199 484.7837 519.231 503.3838 

Poland 0.123712 1697 33 511.8557 515.6479 511.0356 

Portugal 0.096169 1759 69 491.8008 492.4874 491.6773 

Slovak Republic 0.077637 1517 56 457.984 486.1649 464.0476 

Slovenia 0.113344 1686 71 495.3456 508.8975 507.0065 

Sweden 0.083958 1631 106 505.7852 502.3877 499.4447 

Switzerland 0.077259 1565 83 483.9294 515.3147 495.2763 

Turkey 0.074335 1571.39 38 465.6317 453.5078 468.2996 

United Kingdom 0.065359 1613 260 503.9281 501.7699 504.6675 

United States 0.05814 1822 475 505.3528 478.2447 502.38 

4.2. Findings 

This section shows the implementation of various common-weight DEA-based approaches using PISA data and 

provides a comparative evaluation for different outcomes obtained by the implemented models. GAMS software with 

CPLEX solver is used for performing the computations. The CCR model yields ten efficient countries that are 
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country5, country6, country7, country9, country17, country20, country21, country27, country28, country29, while other 

countries are inefficient. In order to allow further discrimination among countries, common-weight DEA-based 

models proposed by Karsak & Ahiska [2], Wang & Jiang [25], Sun et al. [26],  Toloo [28], Carillo & Jorge [29], Toloo 

& Salahi [30],  Karsak & Goker [31], and Özsoy et al. [32] are applied to PISA data. In this study, the epsilon value 

is taken to be 10-6 for all the models other than the model proposed by Toloo & Salahi [30], where the epsilon value 

is calculated to be 1.2009E+05 with a mathematical-programming model. Moreover, M is taken to be 106 for the 

computations. 

 

The efficiency scores and overall rankings obtained by different common-weight DEA-based models are given in 

Table 2. All models other than the model by Wang & Jiang [25] achieved full ranking of DMUs. Estonia (country6) 

is identified as the most efficient country according to models proposed by Karsak & Ahiska [2], Wang & Jiang [25], 

Toloo [28], Carrillo & Jorge [29]. On the other hand, Finlandia (country7) is identified as the best performing country 

by Sun et al. [26], and Karsak & Goker [31] while Estonia has taken the second place in these models’ results. 

Alternatively, Netherlands (country20) is determined as the most efficient country using models by Toloo & Salahi 

[30] and Özsoy et al. [32]. 

 

Estonia and Finland are identified as minimax efficient countries according to models Karsak & Ahiska [2] and 

Karsak & Goker [31]. At the second step of Karsak & Ahiska [2] model, Estonia is the most efficient country for 

discriminating parameter k equals to 0.47. However, Finland is the most efficient unit with regard to the second step 

of model proposed by Karsak & Goker [31]. Wang & Jiang [25] model assigns efficiency score of 1 to Czech Republic 

and Finland. Alternatively, model proposed by Toloo [28] also calculates efficiency score of 1 for Czech Republic.  

 

In Table 3, the weight dispersion for inputs and outputs obtained by various common-weight DEA-based models 

is given. In the first model proposed by Sun et al. [26], v1, u1 and u3 equal to epsilon (ε) and v3 is very close to epsilon 

with a value of 2.3991E-5, thus this model results in poor weight dispersion by taking into account just one input and 

one output for efficiency evaluation. In a similar way, the second model proposed by Sun et al. [26] assigns the value 

of epsilon to v1, v3, u2 and u3. Hence, that model considers just one input and one output. Models proposed by Wang 

& Jiang [25] and Toloo [28] achieve very similar weights as they used the weight constraints from [37] for avoiding 

zero-weights. Model proposed by Carrillo & Jorge [29] using Tchebychev distance yields poor weight dispersion 

because beside the value of v2, all the weights equal to epsilon. In model proposed by Toloo & Salahi [30], u1 and u3 

equal to epsilon (ε), therefore this model considers just one output (u2 > ε). The mentioned unrealistic weighting 

schemes that consider one input and one output impair the robustness of the related models. 

 

Models in Karsak & Ahiska [2] and Karsak & Goker [31] yield enhanced weight dispersion by considering all the 

inputs and two outputs for efficiency calculations. On the other hand, model in Özsoy et al. [32] takes into account all 

the inputs and outputs with non-zero weights but the magnitude of weights vary considerably. For example, u1 and u3 

equal to 0.167 while u2 equals to 2.39E+06. The importance of the second output is relatively very high in efficiency 

calculations. 
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Table 2. Rankings with respect to efficiency scores of countries 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 3. Weight dispersion for inputs and outputs 
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Country1 Australia 12 11 14 9 3 14 15 9 6 9 
Country2 Austria 25 21 24 24 24 22 24 21 23 21 

Country3 Belgium 23 20 25 14 19 25 22 24 20 24 

Country4 Czech Republic 14 4 2 4 4 2 3 6 3 6 
Counry5 Denmark 1 6 4 13 10 4 5 3 8 3 

Country6 Estonia 1 1 1 2 2 1 1 2 2 5 

Country7 Finland 1 5 2 1 1 3 2 12 1 12 

Country8 France 20 19 19 19 16 19 21 17 18 17 

Country9 Greece 1 29 26 27 27 26 26 29 29 29 

Country10 Hungary 22 18 17 16 13 17 16 20 17 20 
Country11 Iceland 21 17 18 17 21 18 18 18 19 18 

Country12 Ireland 15 15 11 22 14 11 14 11 15 11 

Country13 Israel 28 25 21 28 29 21 25 22 28 22 
Country14 Italy 29 26 27 26 28 27 27 26 27 26 

Country15 Japan 17 8 10 10 15 10 9 10 11 10 

Country16 Korea 13 10 8 20 22 8 12 7 14 7 
Country17 Latvia 1 12 12 6 9 12 7 16 10 16 

Country18 Lithuania 18 14 15 7 5 16 10 19 13 19 

Country19 Luxembourg 26 27 29 21 23 29 28 28 25 27 
Country20 Netherlands 1 2 6 8 17 6 11 1 5 1 

Country21 Poland 1 24 23 15 12 24 19 27 21 28 

Country22 Portugal 27 23 20 25 25 20 23 23 24 23 
Country23 Slovak Republic 16 7 7 5 11 7 6 8 7 8 

Country24 Slovenia 24 22 22 18 20 23 20 25 22 25 

Country25 Sweden 19 13 13 12 7 13 13 14 12 13 

Country26 Switzerland 11 3 5 3 8 5 4 5 4 2 

Country27 Turkey 1 16 9 23 18 9 8 13 16 14 

Country28 United Kingdom 1 9 16 11 6 15 17 4 9 4 
Country29 United States 1 28 28 29 26 28 29 15 26 15 
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v1 0.18 0.261 0.000001 0.000001 0.271 0.000001 2.2155E+06 0.103 2.19E+06 

v2 0.339 0.34 1.232 1 0.332 2.60E-06 1.2027E+06 0.427 1.20E+06 

v3 0.063 0.167 2.3991E-05 0.000001 0.167 0.000001 3.3492E+05 0.03 3.17E+05 

u1 0.008 0.167 0.000001 1.143 0.167 0.000001 1.2009E+05 0.133 0.167 

u2 0.41 0.167 1 0.000001 0.167 0.000001 2.1723E+06 0.307 2.39E+06 

u3 0 0.167 0.000001 0.000001 0.167 0.000001 1.2009E+05 0.000001 0.167 
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5. Discussion and Concluding Remarks 

Governments are looking forward to enhance their educational policies for managing educational resources 

efficiently and for establishing successful education systems. In order to measure these efforts, the PISA proposed by 

OECD provides a valuable source of data. PISA measures the success of 15-year-old students in main subjects of 

reading, mathematics and science every three years and provides various indicators that influence the students’ 

success. Thus, the latest edition of PISA 2018 database assesses the current situation of education systems of OECD 

countries and enables to derive policies for improving the existing systems. In this context, PISA database can be a 

valuable source for measuring how efficient are the education systems of OECD countries. 

 

This paper compares educational performance of OECD countries by using different indicators from PISA 2018 

database. The performance assessment is conducted by various common-weight DEA-based approaches. As 

conventional DEA models have several limitations such as poor weight dispersion and insufficient discriminatory 

characteristics, the use of common-weight DEA-based models is practical in terms of efficiency evaluation and 

ranking. 

 

The models proposed by Karsak & Ahiska [2], Wang & Jiang [25], Sun et al. [26], Toloo [28], Carillo & Jorge 

[29], Toloo & Salahi [30], Karsak & Goker [31] and Özsoy et al. [32] that are selected from literature on common-

weight DEA-based methods by considering comparative advantages and limitations are implemented. The outputs are 

selected as reading, mathematics and science scores in PISA tests while the inputs are number of teachers per number 

of students, total learning time in minutes per week and average number of computers available in schools for 

education purposes.  

 

The results obtained by different models are compared in terms of efficiency scores, rankings and weight 

dispersions for inputs and outputs. In majority of the models, Estonia and Finland are selected as the most efficient 

countries. The similarities between the sets of rankings obtained by different models are tested with Spearman rank 

correlation. The strongest similarity is observed between the rank-orders obtained by Wang and Jiang [25] and Toloo 

[28]; and Toloo & Salahi [30] and Özsoy et al. [32]. The problem of obtaining a full rank-order is observed for the 

CCR model as it identifies ten countries as efficient. Moreover, the model of  Wang & Jiang [25] cannot fully rank 

the DMUs by yielding the same efficiency score of 1 for two countries. The weight dispersions are enhanced in models 

proposed by Karsak & Ahiska [2] and Karsak & Goker [31] as these models consider all the outputs and two inputs 

for efficiency calculations. Models proposed by Sun et al. [26], Carrillo & Jorge [29] and Toloo & Salahi [30] yield 

relatively poor weight dispersion by assigning a negligible value to more than one input and/or output. 

 

To the best of our knowledge, this paper is the first to implement common-weight DEA-based models in the context 

of educational performance assessment using PISA data. Until now, efficiency assessments in education are generally 

conducted with conventional DEA models, thus a full rank-order could not be achieved among DMUs. Therefore, this 

study provides a more comprehensive and practical educational assessment of OECD countries by providing a rank-

order for all the countries in most of the applied models. This assessment can be a good reference for policy-makers 

to observe the status of their countries in terms of education efficiency. Moreover, as the PISA 2018 is the latest 

edition of the PISA cycle, the performance assessment provides the latest analysis. 

 

Although the PISA database is very rich in terms of educational indicators and indexes, it contains only exact data. 

However, PISA also publishes the answers of students to different questions used in PISA tests and in extra 

questionnaires. Therefore, the future research may focus on proposing a methodology to deal with these answers in a 

way to incorporate imprecision into the decision framework. This will enable to include qualitative data provided as 

linguistic variables into the education performance assessment. 
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