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Abstract
The aim of this paper was to investigate the relationship between countries’ PISA 
study results from 2018 and a set of indices related to socio‑economic inequality, 
such as the Gini index, human development index, or gender inequality index, along 
with purely economic variables, such as GDP per capita and government expenditure 
on education. The study covered 70 countries, consisting of 37 OECD countries and 
33 non‑OECD countries. Research methods included multivariate linear regression 
models, k‑means clustering, and hierarchical clustering. Our findings revealed that 
the Gini index was statistically insignificant, indicating income inequality had little 
effect on students’ PISA performance. On the other hand, the gender inequality in‑
dex was the single most statistically significant explanatory variable for both OECD 
and non‑OECD countries. Therefore, our recommendation for policymakers is simple: 
increase students’ PISA performance, thus enhancing countries’ human capital and 
competitiveness, and focus on decreasing gender disparity and the associated loss 
of achievement due to gender inequality. 

Keywords: education, gender inequality index, Gini index, inequality, PISA 2018

JEL: I20

https://doi.org/10.18778/1508-2008.24.27
https://orcid.org/0000-0002-7965-0457
mailto:mazurek@opf.slu.cz
https://orcid.org/0000-0003-0943-756X
mailto:garciafernandez.c@gmail.com
https://orcid.org/0000-0002-4154-5483
mailto:cristina.perez@epn.edu.ec


164

Jiri Mazurek, Carlos Fernández García, Cristina Pérez Rico

Introduction
The second paragraph of the United States Declaration of Independence starts as fol‑
lows: “We hold these truths to be self‑evident, that all men are created equal…” To‑
day, this statement means that all humans are equal regardless of their race, gender, 
age, religion, wealth, intellect, social status, or class. However, in real‑world societies, 
experience teaches us that this noble premise is not satisfied, as various forms of ine‑
quality emerge again and again. 

In this paper, we focus on the relationship between selected forms of inequality, 
which commonly occur in each society, and students’ performance. Knowledge and 
skills attained at school are assets of each individual for his/her subsequent life and 
career. At a national level, the set of skills and knowledge forms a fundamental part 
of national human capital with an immense impact on national competitiveness in the 
near future. Therefore, measuring skills and knowledge attained by (formal) education 
has become more important than ever and has led to many national and international 
studies, such as TIMSS or PISA. Subsequently, the results of these studies have been 
extensively studied not only by academics, teachers, and other experts from the field 
of education, but also by policymakers who shape educational systems in each country 
and decide about its resources, goals, rules of operation, and other parameters. 

The majority of the literature on students’ performance in international studies fo‑
cuses on the link between mostly economic variables, such as national GDP, govern‑
ment expenditure on education and teachers’ salaries, and educational system param‑
eters, such as teacher/student ratio, curriculum, and the number of schooling years, 
etc., on the one hand, and students’ scores on the other, in order to assess the efficien‑
cy of educational systems. 

However, studies on the relationship between students’ performance and inequality 
are quite rare (with the exception of the Gini index). Therefore, the aim of this paper is to 
present the results of the analysis of the relationship between the PISA international study 
results from 2018 and a set of socio‑economic indicators related to inequality on a nation‑
al level. Specifically, we use income inequality expressed by the Gini index, gender ine‑
quality expressed by the gender inequality index, and educational inequality expressed 
by the inequality in education index. Our working hypothesis can be formulated as fol‑
lows: Inequality measured by the above‑mentioned indices statistically significantly re‑
lates to PISA 2018 scores. Moreover, we examine OECD countries, non‑OECD countries, 
and Central and Eastern Europe (CEE) countries, both altogether and separately.

The data for our analysis were gathered mostly from the OECD, UNDP, and the 
World Bank databases, and the applied research methods include linear (multivariate) 
regression models and cluster analysis (k‑means clustering and dendrograms). 

The paper is organized as follows: a literature review is provided in Section 1, the 
PISA study is briefly described in Section 2, the data and research methods are de‑
scribed in Section 3, while results are provided in Section 4. A Discussion and Con‑
clusions end the article. 
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Literature review
Recent large international studies, such as PISA (Programme for International Stu‑
dent Assessment) and TIMSS (Trends in International Mathematics and Science Study), 
of students’ skills and knowledge in several areas, such as reading, mathematics, or sci‑
ence, provide a unique opportunity for international comparisons. Studies on the ef‑
ficiency of education both on a micro‑level, including individual schools and cours‑
es, and macro‑level, including countries, regions, or districts, are relatively common, 
see, e.g., Hanushek (1986), Lockheed and Hanushek (1994), Clements (2002), Afonso 
and Aubyn (2005), Aubyn et al. (2009), Aristovnik and Obadic (2014), or Flores (2017). 
However, there are few studies that examine the direct links between students’ out‑
comes in standardized tests (such as PISA and TIMSS) and inequality. 

Clements (2002) compared selected countries in terms of their expenditure per stu‑
dent and teacher‑to‑student ratio as input variables, and scores in the international 
standardized test (TIMSS) as an output variable. He concluded that the resources were 
not used effectively. Duru‑Bellat and Suchaut (2005) studied PISA 2003 and reported 
that a high degree of social inequality translated into a high dispersion of overall test 
scores. Afonso and Aubyn (2006) used the data envelopment analysis to assess the 
efficiency of expenditure for 25 countries participating in the PISA 2003 study. They 
found that expenditure was highly inefficient. Further, they showed that the GDP per 
capita and parents’ educational attainment were highly and significantly correlated 
to PISA scores; hence wealthier and more cultivated environments enhanced students’ 
performances. 

Hanushek and Woessmann (2011) performed an extensive study on the influence 
of economic factors on educational achievements with the use of PISA and TIMSS data. 
They found a strong relationship between the cognitive skills of tested students and 
the economic growth of their respective countries. Nicoletti and Rabe (2012) found 
that the rise in the expenditure per pupil of £1,000 in the United Kingdom led to an 
increase in test scores of about 2% of a standard deviation. This effect was small, but 
statistically significant. Agasisti (2014) used PISA scores to compare the spending effi‑
ciency on education in 20 European countries during the period 2006–2009. He found 
that teachers’ salaries and Internet use played a positive role in affecting educational 
performance, while GDP per capita was negatively related to efficiency. French, French, 
and Li (2015) found a strong positive association between public expenditure on edu‑
cation and PISA scores at the country level. Wolff (2015) found a positive effect of sec‑
ondary education spending on both PISA mathematics and literacy scores (both sig‑
nificant at p = 0.01). In addition, primary school spending was also a significant factor 
in explaining PISA’s literacy scores. 

DiCorrado, Kelly, and Wright (2015) used linear regression models with PISA 2012 
scores as an output variable and GDP per capita, GDP growth, literacy, and spending 
on education as input variables. They found a positive and statistically significant re‑
lationship between GDP per capita and PISA scores, but spending on education was 
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found to be statistically insignificant. Yorulmaz, Colak, and Ekinci (2017) studied the 
relationship between PISA 2015 scores and income inequality. Their results suggested 
income inequality was one of the variables influencing the PISA achievements of stu‑
dents, but several countries with high‑income inequality scored above average results, 
nonetheless. Mazurek and Mielcová (2019) examined the relationship between PISA 
2015 scores and a set of socio‑economic indicators, such as GDP, expenditure on edu‑
cation, or the democracy index. They found GDP and the democracy index to be sta‑
tistically significant and directly proportional to PISA scores, while expenditure was 
negatively correlated with PISA scores. In addition, they showed that the relationship 
differed between OECD and non‑OECD countries. Miningou (2019) focused on the 
efficiency of public spending in developing countries. She estimated that, on average, 
sixteen percent of the public financial resources dedicated to education in developing 
countries were wasted because of inefficiencies. 

Programme for International Student Assessment (PISA)

The Programme for International Student Assessment, organized by the Organization 
for Economic Cooperation and Development (OECD), is a worldwide study of pupils 
between the age of 15 years and 3 months and 16 years and 2 months. The first PISA 
study was conducted in 2000, and after 2000 it was repeated every 3 years. The last 
study took place in 2018, with the results of the study being published in OECD (2019). 
Altogether, 78 countries or territories participated in the PISA study.

From each country, 4,000 to 8,000 pupils participated in the test. Only students at‑
tending schools (home‑schoolers were excluded from the study) were tested. In less 
populated countries, such as Iceland or Luxembourg, the entire age cohort was se‑
lected. In total, around 600,000 students, out of a total of 32 million students of the 
same age in the world, took the PISA 2018 test. As for the continental representation, 
42 countries were from Europe, 21 from Asia, six from North America, six from South 
America, two from Australia and Oceania, and one from Africa. China’s sample con‑
sisted of pupils from four cities, Beijing, Shanghai, Jiangsu, and Zhejiang. 

The cognitive test lasted two hours and had three main parts: mathematics, science, 
and reading. The test was computer‑based with multiple‑choice or open (full) answers. 
After the test, students filled in a questionnaire on their background. Detailed meth‑
odology of the pupils’ sampling, formulation of the test questions, and other features 
of the PISA tests can be found on the PISA OECD webpage (OECD n.d.).

The best results, in mathematics, reading, and science combined, were achieved 
by China (579 points), followed by Singapore (556), Macao (542), Hong Kong (531), 
and Estonia (525).
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Data and method
We used national data mainly from the United Nations Development Programme 
(UNDP) and World Bank (WB) databases. PISA data were retrieved from the OECD 
(2019). From a total of 78 countries that participated in PISA 2018, eight countries 
or territories were excluded due to an insufficient amount of data: Bosnia, Brunei, 
Hong‑Kong, Kosovo, Macao, Montenegro, Morocco, and Taiwan.

The dependent variable was the national mean PISA 2018 score, the average of math‑
ematics, reading, and science. Independent (explanatory) variables included:

– GDP per capita (GDP), purchase power parity, in US dollars, from WB (2020).
– Government expenditure on education (EXP) in % of national GDP, from WB

(2020).
– Gender inequality index (GII), which is a composite index quantifying the loss

of achievement within a country due to gender inequality. It has three dimen‑
sions: reproductive health, empowerment, and labor market participation. GII
attains values 0 to 1, where 0 means perfect equality and 1 perfect inequality,
from UNDP (2020).

– Gini coefficient (GINI), which expresses income inequality on a scale from 0 to 1, 
where 0 means perfect equality and 1 perfect inequality, from World Bank (2020).

– Human Development Index (HDI), which is a composite index of three main
dimensions: life expectancy, education, and per capita income. It attains values
from 0 to 1, where values close to 0 mean very low human development, while
values near 1 mean very high human development, from UNDP (2020).

– Inequality in education (EDU), which is an index describing inequality in the
distribution of years of schooling based on data from household surveys. The
higher the EDU, the greater the inequality, from UNDP (2020).

Altogether, six independent variables were selected for further analysis. Two of them 
have an economic nature (GDP and EXP) and were found to be important (statistically 
significant) in previous studies. One variable, HDI, is associated with national devel‑
opment and well‑being, and the last three variables are inequality indices (GII, GINI, 
and EDU), where each index ‘captures’ a different form of inequality. The EDU and 
GII indices have not been used in the context of the PISA study before. All data from 
the year 2018 were retrieved from respective databases with the exception of GDP per 
capita, which was averaged over the 2014–2018 period, and the Gini index, where the 
last known value for a given country was used when the 2018 value was not available. 
Detailed descriptions of the GII and HDI indices can be found in UNDP (2013). For 
an explanation of the Gini index, see Gini (1921), and for EDU, see UNDP (2020).

A linear relationship between pairs of variables in the form of a correlation matrix 
is shown in Table 2, along with a heat map in Figure 1. The results of the correlation 
analysis with respect to PISA showed that HDI was the most positively correlated varia‑
ble, while GII was the most negatively correlated variable, see also Figures 3 a)–b). 
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Table 1. Data: descriptive statistics

Variable
Mean

(st. deviation)
All countries

Mean
(st. deviation)

OECD countries

Mean
(st. deviation)

non-OECD countries
PISA 457.91 (50.84) 488.24 (26.73) 423.91 (50.1)
EDU 8.51 (5.99) 6.69 (5.74) 10.55 (5.67)
EXP 4.75 (1.45) 5.21 (1.18) 4.23 (1.55)
GDP 37447 (23796) 45597 (18097) 28309 (26260)
GII 0.192 (0.128) 0.120 (0.090) 0.271 (0.117)
GINI 0.350 (0.069) 0.333 (0.059) 0.370 (0.074)
HDI 0.847 (0.071) 0.894 (0.047) 0.795 (0.054)

Source: authors compilation.

Table 2. Correlation matrix

Variable PISA GINI GII GDP EXP EDU HDI
PISA 1.0000 –0.4377 –0.8204 0.6281 0.2875 –0.4689 0.7523
GINI –0.4377 1.0000 0.5780 –0.2100 –0.2823 0.6312 –0.3800
GII –0.8204 0.5780 1.0000 –0.6780 –0.4309 0.5322 –0.8423
GDP 0.6281 –0.2100 –0.6780 1.0000 0.2755 –0.3642 0.8275
EXP 0.2875 –0.2823 –0.4309 0.2755 1.0000 –0.2611 0.5027
EDU –0.4689 0.6312 0.5322 –0.3642 –0.2611 1.0000 –0.5437
HDI 0.7523 –0.3800 –0.8423 0.8275 0.5027 –0.5437 1.0000

Source: authors compilation.

Jiri Mazurek, Carlos Fernández García, Cristina Pérez Rico
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Figure 1. The heat map of the Pearson correlation coefficient for variables in Table 1. 
Source: authors compilation.

To examine the relationship between the PISA 2018 scores and other variables, 
we used a multivariate linear model: 

Heat Map of the Pearson Correlation Matrix

Inequality and Students’ PISA 2018 Performance: a Cross‑Country Study
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0 1 1 ...b b b e= + + + +i i p pi iy x x

where y  denotes the dependent (explained) variable, ( )1,...,= px x x  is a vector of p 
independent (explanatory) variables, i denotes individual countries, bi  are regression 
coefficients, and e  is the error term. 

We performed the linear regression via the free Gretl statistical software, applying 
the OLS method with corrected heteroscedasticity, a built‑in feature of Gretl.

In addition, we used the k‑means clustering method and hierarchical method (den‑
drograms) to examine similarities among countries via NCSS 2020 statistical software. 
An explanation of the k‑means clustering method can be found in MacKay (2003), 
while the hierarchical method is well described, e.g., in Nielsen (2016). 

Results 

Multivariate linear regression models

At the beginning, we examined the multicollinearity of the data. According to Ken‑
nedy (2003), multicollinearity does not affect the reliability of a regression model 
as a whole, but it affects individual predictors. A standard measure of multicollinear‑

ity is the variance inflation factor (VIF), see O’Brien (2007): 2

1( )
1

=
- i

VIF i
R

 , where 

2
iR  is the coefficient of determination of a regression of a variable (i) on other varia‑

bles in the model. According to O’Brien (2007), values ( ) 10>VIF i  indicate a prob‑
lem of multicollinearity. The variance inflation factor for all independent variables 
is provided in Table 3. No value of VIF exceeds 10; therefore, multicollinearity is not 
a problem. 

Table 3. The variance inflation factor for independent variables

Variable GINI GII GDP EXP EDU HDI
VIF 2.353 5.055 2.471 1.298 2.044 6.374

Source: authors compilation.

For the linear regression, we first consider the following Model 1 with six inde‑
pendent variables:

0 1 2 3

4 5 6

PISA GINI GII GDP
 EXP EDU HDI

b b b b
b b b e
= + + + +

+ + + +
i i i i

i i i i
(1)

The results are shown in Table 4. The only variable found statistically insignificant 
was (somewhat surprisingly) the GINI index. Negative signs for GII and EDU indi‑
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cate indirect proportionality between PISA results on the one hand, and gender and 
education inequality on the other. The positive sign for HDI means that it is directly 
proportional to PISA, which could be expected. However, contrary to expectations, 
negative signs of GDP and EXP mean that the richer the country, or the higher its ex‑
penditure on education, the lower the PISA results. 

In Model 2, we omitted the least significant variable in Model 1, the GINI index:

0 1 2 3 4 5PISA GII GDP EXP EDU HDIb b b b b b e= + + + + + +i i i i i i i  (2)

As can be seen from Table 4, Model 2 is slightly better than Model 1, the regression 
coefficients are similar to those in Model 1, and all signs are preserved. Again, all in‑
dependent variables are highly statistically significant.

In the following Model 3, we omit both the GINI and EDU (the least significant 
variables from Model 2) variables:

0 1 2 3 4PISA GII GDP EXP HDIb b b b b e= + + + + +i i i i i i  (3)

In this case, the adjusted coefficient of determination R2 = 0.819 is slightly lower, 
but the explanatory power of Model 3 is still high. All signs of regression coefficients 
remain the same as in Models 1–2.

To illustrate that the economic variables cannot be omitted from linear models, 
we construct the last Model 4:

0 1 2 3 4PISA GINI GII EDU HDIb b b b b e= + + + + +i i i i i i  (4)

Model 4 is clearly inferior to the previous models. Interestingly, the Gini coefficient 
is still statistically insignificant. On the other hand, the GII was statistically signifi‑
cant, at least at the p = 0.01 level in all considered models. 

Since the data sample consisted of 37 OECD countries and 33 non‑OECD coun‑
tries, we examined both subsamples separately. Although the subsamples are smaller, 
they are more homogeneous and might reveal new insights (see Mazurek and Miel‑
cová 2019). The mean values of all variables for both groups of countries are provided 
in Table 5. OECD countries have, on average, higher PISA scores, lower income, gen‑
der, and educational inequality, a higher development index as well as higher GDP per 
capita and expenditure on education.

Linear regression was performed for both subsamples separately, and the results 
are reported in Table 4. Models 5–7 are associated with OECD countries, models 8–10 
with non‑OECD countries, and models 11–14 deal with CEE countries. 

In the case of data from OECD countries, linear regression models fitted the data 
very well, with the adjusted coefficient of determination above 0.82. The goodness‑of‑fit 
of the data from non‑OECD countries was significantly worse, with the adjusted R2 
between 0.48 and 0.61. Another noticeable difference between both samples is related 
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to the GDP, EXP, and HDI variables, which are highly statistically significant in the 
case of OECD countries, but rather statistically insignificant for the non‑OECD coun‑
tries. The GII is statistically highly significant in (almost) all examined models. Fig‑
ures 2 a)–f) graphically illustrate selected (dis)similarities between both sets of coun‑
tries. 

As for the fifteen CEE countries, only two and three regressors were applied to avoid 
overfitting of the data. Model 13 provides the best fit in the case of two explanatory 
variables, while Model 14 provides the best fit in the case of three explanatory varia‑
bles. In both cases, the adjusted R2 exceeded 0.9, and the EXP and HDI variables were 
highly statistically significant.

Table 4. Results of multivariable linear regression models

Model
no./

sample

Sample
size; adj. 

R2
const. GINI GII GDP EXP EDU HDI

1 /All 70; 0.844 326.39*** 19.87 –226.8*** –0.00045*** –6.738*** –1.601** 274.67***
2 /All 70; 0.851 310.41*** ‑ –211.3*** –0.00043*** –6.503*** –1.475** 293.79***
3 /All 70; 0.819 267.35*** ‑ –224.8*** –0.00049*** –5.357*** ‑ 329.01***
4 /All 70; 0.629 343.22*** 47.66 –210.6*** ‑ ‑ –1.446* 175.59*
5 /OECD 37; 0.899 411.30*** –121.1* –110.8** –0.00030*** –4.787** –0.974 194.79*
6 /OECD 37; 0.875 291.6*** –148.1** –82.33* –0.00037*** –6.382*** ‑ 342.25***
7 /OECD 37; 0.823 205.0*** ‑ –133.2*** –0.00045*** –5.546*** ‑ 390.36***
8 /non O 33; 0.606 466.3*** 1.498 –276.2*** –0.00048 –3.970* 0.172 73.50
9 /non O 33; 0.556 505.5*** ‑ –255.9*** –0.00033 –4.224 –0.803 26.19
10 /non O 33; 0.484 521.3*** ‑ –251.2*** –0.00003 –3.646 –1.238 ‑
11/CEE 15; 0.772 555.3*** ‑ –249.6*** ‑ ‑ –9.218*** ‑
12/CEE 15; 0.738 259.8*** ‑ ‑ 0.00335*** 25.913** ‑ ‑
13/CEE 15; 0.960 –89.7*** ‑ ‑ ‑ 20.556 ‑ 556.21
14/CEE 15; 0.989 –80.5 ‑ ‑ ‑ 20.925*** 0.394 536.88***

Note: * statistically significant at the 0.10 level, ** significant at the 0.05 level, *** significant 
at the 0.01 level
Source: authors compilation.
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Figures 2 a)‑f). Scatter plots of selected variables for OECD countries (left side, red) and non-OECD 
countries (right side, blue)
Source: authors compilation.
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K-means clustering

K‑means clustering of 70 countries was performed via NCSS 2020. For the clustering, 
all seven variables (PISA, EDU, EXP, HDI, GDP, GII, and GINI) were applied. The op‑
timal number of clusters was determined by the “elbow rule.” Table 5 provides a sum‑
mary of all clusters with mean values of all variables. 

– Cluster 1, which includes both OECD and non‑OECD countries, is character‑
ized by extremely high GDP per capita, high gender equality, and average PISA 
results.

– Cluster 2 consists of both OECD and non‑OECD countries with relatively high
PISA scores, while other variables are close to average.

– Cluster 3 contains almost exclusively OECD countries (with the only exception
being Malta) with the highest PISA scores on average, with a high human de‑
velopment index, the highest expenditure on education, and the lowest values 
of inequality in terms of GINI and GII.

– Cluster 4 is formed by non‑OECD countries with low PISA results, the lowest
GDP per capita, and average inequality, both in terms of GINI and GII. 

– Cluster 5 groups together non‑OECD countries with the lowest PISA scores and 
the highest inequality in terms of GINI, GII, and EDU.

To illustrate the distribution of clusters graphically, see Figures 3 a)–d). For example, 
from Figure 3 c) it can be seen that Cluster 1 (red squares) is characterized by an 
aver age human development index but very high GDP per capita. Similarly, from 
Figure 3 d) it is obvious that countries from Cluster 5 (black diamonds) typically 
have a low human development index and high gender inequality. 

Table 5. Clusters – summary

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5
Coun‑
tries

Luxembourg, 
Qatar, Singa‑
pore, UAE, 

Belarus, Croatia, 
Cyprus, Greece, 
Hungary, Chi‑
na, Italy, Japan, 
S. Korea, Latvia, 
Lithuania, Po‑
land, Portugal, 
Russia, Slovakia, 
Spain

Austria, Austral‑
ia, Belgium, Can‑
ada, Czechia, 
Denmark, Es‑
tonia, Finland, 
France, Germa‑
ny, Iceland, Ire‑
land, Israel, Mal‑
ta, Netherlands, 
New Zealand, 
Norway, Slo‑
venia, Sweden, 
Switzerland, UK, 
USA

Albania, Argen‑
tina, Azerbaijan, 
Bulgaria, Geor‑
gia, Kazakh‑
stan, Lebanon, 
Moldova, North 
Macedonia, Ro‑
mania, Serbia, 
Ukraine, Uru‑
guay

Brazil, Colom‑
bia, Costa Rica, 
Dominican Rep., 
Chile, Indone‑
sia, Jordan, Ma‑
laysia, Mexico, 
Panama, Peru, 
Philippines, Sau‑
di Arabia, Thai‑
land, Turkey

PISA 470 488 498 415 401
GINI 0.386 0.328 0.310 0.335 0.438
GII 0.115 0.132 0.085 0.266 0.368
GDP 104210 32407 51764 17617 21208
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Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5
EXP 2.828 4.358 5.883 4.391 4.329
EDU 12.25 8.01 3.88 6.59 16.51
HDI 0.890 0.858 0.921 0.782 0.774

Source: authors compilation.

a) b) 

d) 

Plot of PISA vs GII by Cluster
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c)

Figures 3 a)–d). Scatter plots of selected variables
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Hierarchical clustering

For the hierarchical clustering (a tree diagram) of 70 countries, all seven variables 
(PISA, EDU, EXP, HDI, GDP, GII, and GINI) were applied. The result is shown in 
Figure 4. 

Countries are displayed on the vertical axis and are gradually, from left to right, 
connected by nodes into growing clusters with respect to their similarity (relative dis‑
tance). The distance of a node from the vertical axis is called height, and it is provid‑
ed on the horizontal axis. The more two objects connected by a node are similar, the 
lower the height of the node. 

From Figure 4, it is clear that the two closest (most similar) countries are Sweden 
and Denmark, followed by the UK and Australia. Interestingly, China is grouped with 
the United Arab Emirates, while the USA is, in the first step, included in a cluster 
with New Zealand and Israel. In addition, it can be noticed that towards the end of 
the diagram, three clusters are formed. The first cluster consists of China and the 
UAE only, the second cluster is formed almost exclusively by OECD countries, and 
the last cluster (the bottom half of the diagram) is formed by mostly non‑OECD 
members. Yet, both large clusters are closer to each other than to the cluster con-
taining China and the UAE. These findings support the division of countries into 
OECD and non‑OECD groups in Section 4.1.
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Dendrogram of Country
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Discussion
The aim of our study was to examine whether three forms of inequality (income, gen‑
der, and educational inequality) have a statistically significant impact on students’ 
performance in the 2018 PISA international study. 

Multivariate linear regression applied to data from all 70 countries revealed that gen‑
der and educational inequalities (GII and EDU) were highly statistically significant, but 
income inequality (GINI) was statistically insignificant. In addition, both economic var‑
iables (GDP and EXP) and the human development index (HDI) were statistically signif‑
icant. Both regression coefficients of gender and educational inequality were, as expect‑
ed, negative, which means the lower the inequality, the higher the PISA score. In the case 
of gender inequality, the estimated regression coefficient was between –226 and –210. This 
can be interpreted in the following way: when the gender inequality index GII decreases 
by 0.10, PISA scores increase by 21 to 22.6 points. Similarly, if the inequality in the edu‑
cation index EDU decreases by 1 point, PISA scores increase by 1.44–1.60 points. 

The regression coefficients of the economic variables GDP and EXP attained neg‑
ative values as well, while being highly statistically significant. This means the high‑
er the GDP per capita or expenditure on education, the lower the PISA scores. In the 
case of expenditure, a similar result was reported in several previous studies, see, e.g., 
Afonso and Aubyn (2006) or Mazurek and Mielcová (2019), and it is related to expend‑
iture inefficiency. As for GDP per capita, the wealth of a nation does not give obvious 
evidence of the quality of its educational system. Estonia achieved scores well above 
average in PISA 2018, though its GDP per capita is well below the average of OECD 
countries. On the other hand, the PISA scores of very rich countries, such as Qatar 
or the UAE, are situated in the bottom half of the list. Finally, a multicollinearity ef‑
fect in linear regression models cannot be ruled out either. 

It is important to note that the data sample of countries participating in the PISA 2018 
study was very non‑homogeneous. The sample contained very developed countries, at lev‑
el IV according to Rosling’s classification (see Rosling 2018), but also rather poor countries, 
such as the Philippines (at level II‑III) with GDP per capita approximately 14 times lower 
than that of the richest countries. That is why dividing the whole set of countries into two 
subsets, OECD countries (on average richer and more developed) and non‑OECD coun‑
tries, might lead to more conclusive results. This approach can also be supported by the 
dendrogram in Figure 4, where countries “naturally” formed two large clusters (and one 
mini‑cluster of China and the UAE), with 33 out of 37 OECD countries grouped together 
with six non‑OECD countries in one of the two large clusters. 

After the division, a different pattern emerges – see Table 4, Model 5. In the case 
of OECD countries, the most significant variables are GDP per capita, the gender ine‑
quality index, and expenditure on education. Inequality in education is insignificant. 
OECD countries are characterized by very low inequality in general; hence students’ 
PISA performance most likely depended more strongly on economic variables. In the 
case of non‑OECD countries – see Model 8, Table 4 – the only statistically significant 
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variable at the p = 0.01 level is gender inequality. Expenditure on education is signifi‑
cant at the p = 0.10 level, and all other variables, including GDP per capita, are insig‑
nificant. This might be at least partially explained by the fact that non‑OECD coun‑
tries differ significantly in inequality – see Table 1 – which was most likely reflected 
in Model 8. Additionally, the sample of non‑OECD countries is still very diverse (Qatar 
or the UAE versus the Philippines or Jordan) in terms of culture, economy, or human 
development, hence the predictive power of linear models is weaker, and conclusions 
drawn from the models are less clear and conclusive.

In the case of the CEE countries (former socialist countries of the post‑World War II 
Eastern bloc), the expenditure on education and human development indicators were 
the two most statistically significant (p = 0.01 level) explanatory variables, see Models 
13–14. The higher the expenditures on education and human development indicators, 
the higher the PISA scores. Income and gender inequality were statistically insignifi‑
cant, which might be due to historical reasons –socialism was known for its egalitari‑
anism concerning income and gender, and this feature likely persists up today. On the 
other hand, former socialist countries significantly differ by their economic power and 
their overall level of development (consider, e.g., the Czech Republic or Slovenia versus 
Romania or Bulgaria). This non‑homogeneity is corroborated by the cluster analysis 
in section 4.2, where the CEE countries were divided into Clusters 3, 4, and 5, with 
different levels of GDP per capita. That is why this kind of inequality is probably re‑
flected in the expenditures on education and human development indicators.

Therefore, we conclude that our findings indicate that there might be no universal 
answer to the question of how to enhance students’ PISA performance (or students’ 
performance in general) for all countries because each country is unique in terms 
of its education system, economic level, and culture, etc. In countries at Rosling’s lev‑
el I and II, where people struggle with basic needs, such as food supply or shelter, and 
pupils and students can hardly afford textbooks, the financial aspect will likely prevail. 
In richer societies (levels III and IV), students’ skills and knowledge can be boosted 
by other means than just in the form of finances invested into an educational system. 
Nevertheless, if a general answer to the question stated above has to be provided, then 
it is gender inequality. Our analysis indicates that decreasing gender inequality in both 
OECD and non‑OECD countries would lead to substantially better PISA results.

The limitations of the study rest mainly in the fact that data were not available for 
all 78 countries or territories that participated in the PISA 2018 study, as eight coun‑
tries had to be excluded through a lack of data. Africa was strongly under‑represent‑
ed, as only Morocco took part in the PISA 2018 study, but, unfortunately, it had to be 
excluded from this study due to the lack of other data. Additionally, the Gini index 
in the year 2018 was not available for several countries, and was replaced by older es‑
timates from 2013. Moreover, it should be noted that inequality is a complex phenom‑
enon that cannot be completely reduced to the three (currently existing and widely 
available) inequality indices applied in this study, and further progress on the quan‑
titative measuring of inequality in society is necessary.
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Conclusions

The aim of the paper was to present the results of the analysis of the relationship be‑
tween inequality and students’ performance in the PISA 2018 study. 

Our results indicate that inequality, described in terms of income inequality, gen‑
der inequality, and education inequality, can indeed explain (along with three other, 
rather economic variables) the majority of observed data variance across countries. The 
most important and most statistically significant variable was the gender inequality 
index GII. The higher the GII, the lower the PISA scores. By contrast, the Gini index 
expressing income inequality was found to be insignificant as an explanatory variable. 
The inequality expressed by the education index EDU was statistically significant only 
in models encompassing all countries, but not in separate models for OECD countries 
and non‑OECD countries, respectively. In the case of the CEE countries, only eco‑
nomic inequality expressed by the government expenditures and human development 
index was found to be highly statistically significant. 

Moreover, we found that the relationship between GDP per capita and expendi‑
ture on education on the one hand, and PISA scores on the other, was statistically sig‑
nificant, but had a negative sign. Hence, the more money that is spent on education, 
the worse the educational outcomes. These somewhat counter‑intuitive findings are 
in accord with previous studies, which reported that financial resources for educa‑
tion are expended inefficiently in many countries, and are prone to being wasted, see, 
e.g., Afonso and Aubyn (2006), Agasisti (2014), or Mazurek and Mielcová (2019). 

Therefore, our recommendation to policymakers (which we consider the most im‑
portant added value of the presented study) is simple: focus on decreasing gender dis‑
parity and the associated loss of achievement due to gender inequality, and PISA scores, 
as well as the associated skills and knowledge of students, will likely significantly im‑
prove in the majority of countries.
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Nierówności a wyniki badania umiejętności uczniów 
PISA 2018: porównanie międzykrajowe
Celem tego artykułu było zbadanie związku między wynikami badania PISA przepro‑
wadzonego w poszczególnych krajach w 2018 r. a zestawem wskaźników związanych 
z nierównościami społeczno‑ekonomicznymi, takimi jak indeks Giniego, wskaźnik roz‑
woju społecznego czy wskaźnik nierówności płci, oraz ze zmiennymi czysto ekono‑
micznymi, takimi jak PKB per capita i wydatki rządowe na edukację. Badaniem objęto 
70 krajów, w tym 37 krajów OECD i 33 kraje spoza OECD. Metody badawcze obej‑
mowały wielowymiarowe modele regresji liniowej, grupowanie k‑średnich i grupo‑
wanie hierarchiczne. Wyniki przeprowadzonej analizy wykazały, że wskaźnik Giniego 
był statystycznie nieistotny, co wskazuje, że nierówności dochodowe miały niewielki 
wpływ na wyniki uczniów w badaniu PISA. Z drugiej strony, wskaźnik nierówności płci 
był jedyną najbardziej istotną statystycznie zmienną objaśniającą zarówno dla krajów 
OECD, jak i spoza OECD. Dlatego nasza rekomendacja dla decydentów jest prosta: 
należy zwiększyć wyniki uczniów w badaniu PISA, a tym samym osiągnąć poprawę 
w obszarze kapitału ludzkiego i konkurencyjności krajów, oraz skupić się na zmniej‑
szaniu nierówności płci i związanej z tym utraty osiągnięć edukacyjnych wynikających 
z nierówności płci. 

Keywords: edukacja, wskaźnik nierówności płci, indeks Giniego, nierówności, PISA
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