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Abstract

The data from the PISA survey show that student performance correlates with socio-eco-
nomic background, that private schools have higher results and more privileged students,
and that this varies between countries. We explore this further and analyze the PISA data
using methods from network theory and find clusters of countries whose students have
similar performance and socio-economic background. Interestingly, we find a cluster of
countries, including China, Spain and Portugal, characterized by less privileged students
performing well. When considering private schools only, some countries, such as Portugal
and Brazil, are in a cluster with mostly wealthy countries characterized by privileged stu-
dents. Swedish grades are compared to PISA results, and we see that the higher grades in
private schools are in line with the PISA results, suggesting that there is no grade inflation in
this case, but differences in socio-economic background suggest that this is due to school
segregation.

Introduction

PISA (Programme for International Student Assessment) [1], organized by the OECD, is a
3-year recurring knowledge test used to assess the performance in science, mathematics and
reading of 15-year-olds. PISA draws considerable attention worldwide and affects educational
policies [2-6]. The 2015 PISA survey, which we focus on here, included 519334 students in

73 countries. The corresponding data set with student responses to the PISA questionnaire
also includes a set of items to assess the socio-economic background of the students [7, 8].
This allows for studying the connection between socio-economic background and student
performance.

There has been some criticism against PISA, for example regarding the effect of cultural
biases in student responses, the lack of adaptations to local curricula and language, and the
deceiving simplicity in ranking countries [9, 10], and it has been argued that this criticism is
largely ignored [10]. But it has also been shown that the PISA results are indicative of the edu-
cational outcome of students [11].

While some studies focus on for example gender differences [12, 13], we here focus on the
connection between the socio-economic background of the students and their performance
in PISA, since there is growing evidence that this is an important determinant for student
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performance [14-17], while at the same time the educational system in most cases is designed
to compensate for the variations in the students’ socio-economic background [18-20]. We
therefore explore any possible connections between performance and socio-economic status.

Some alternative analyses to reveal patterns in the PISA data have been done, focusing on
the raw data in PISA—the student responses to items (questions)—to study for example longi-
tudinal trends based on item characteristics [21] or country-specific differences using cluster
analysis [12, 22]. We believe that the data can be further explored and any possible hidden pat-
terns be discovered using modern methods, mainly from the field of network theory that has
developed tremendously over the last decades [23].

In this work we therefore apply tools from this field, previously applied mostly in theoretical
ecology on species distribution data [24-28], to find patterns in the PISA data that can tell us
something about the structure in performance and socio-economic background of the stu-
dents and further nuance the PISA results.

We also study the performance of students at private and public schools respectively, since
this aspect of school organization also has been shown to affect student performance [29, 30],
and grade inflation has been reported at private schools [31-33], in this way reinforcing social
inequality and undermining the compensatory effect of the educational system. We compare
PISA data to grading in Swedish schools, where we have access to grading data in these two
sectors respectively, to investigate possible grading inflation in Sweden.

Results

PISA consists of a set of items, or questions, that the student should answer in order to assess
the student’s knowledge in different areas, such as science and mathematics. These items

are ranked according to their overall difficulty d which is derived from student responses
worldwide [8]. Here we normalize d such that the normalized difficulty d, of item i is
d,=(d,— min,(d,))/(max;(d,) — min;(d;)), where j € [0, N] if N is the number of items. This
means that d € [0, 1], which is necessary for further calculations if we want to sum difficulty-
weighted responses. The student response r is here coded as either 1 (pass) or 0 (fail). We can
then assign a number P; to a student i, giving the student’s number of points in science and
mathematics, by calculating

P. = Z dr... (1)

i jlij
je{sci,math}

This measure then gives a number in a transparent way for each student’s achievement in
science and mathematics, weighted by the item difficulty.

PISA also includes an index called ESCS (Economic, Social and Cultural Status) derived
from the student responses about home possessions and the parents’ education and occupation
[8]. This index quantifies the students’ economic, social and cultural background. We are here
interested in the relation between the student’s socio-economic background and performance
in mathematics and science. It is therefore interesting to study how the students are distributed
over P and ESCS, and how this varies between countries and between public and private
schools.

Fig 1(a) shows the distribution of all participating students (without student weights and
resampling) over points and ESCS. We see that the distribution is not uniform, but skewed so
that students with higher points tend to have high ESCS. Highly performing students thus
tend to be more socio-economically privileged. Using the student weights [8] to resample the
data (details in Methods) we can calculate the correlation (Spearman’s p) between Points and
ESCS to be p = 0.2836+0.0002, 95% CI. If we consider public and private schools separately
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Fig 1. The distribution (number of students, as isolines) of student results (Points) over economic, social and cultural
status (ESCS) is skewed so that highly performing students tend to be more privileged (a). Fig 1(b) shows that private
schools tend to have somewhat better results than public schools (top), and that students at private schools are more
privileged (bottom). The 57464 students with zero points (visible in (a)) have been omitted in the top figure to better
display the distribution of the other students.

https://doi.org/10.1371/journal.pone.0267040.9001

this correlation is p = 0.2777+0.0002 for public schools and p = 0.2246:+0.0005 for private
schools. The tendency that highly performing students are also socio-economically privileged
is thus stronger in public schools than in private schools, on a world-wide level. Another aspect
of the differences between public and private schools is shown in Fig 1(b), where we see that
the average number of points in public schools is lower than in private schools (4.366+0.001,
95% CI vs. 5.290+0.002), and that the mean ESCS in public schools is lower than in private
schools (—0.3899+0.0003 vs. 0.0516+0.0005).

As a further step in understanding the differences between countries Fig 2 shows the corre-
lation (Spearman’s p) between points P and ESCS for the participating countries. This ranges
from p = 0.313+0.002, 95% CI, for Peru, to p = 0.052+0.002 for Algeria. This shows that there
are variations between countries, and that the tendency that highly performing students are
also socio-economically privileged is not equally strong in all countries.
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Fig 2. The correlation (Spearman’s p) between student points in mathematics and science, and student ESCS for
the participating countries (ISO 3166-1 alpha-3 codes). The error bars indicate a 95% confidence interval obtained
by bootstrapping the data using the student weights (details in Methods). It is evident that privileged students (high
ESCS) tend to perform better in PISA in many countries, but this tendency is weaker in countries to the right in the
figure.

https://doi.org/10.1371/journal.pone.0267040.9002
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This type of data where different groups (here countries) are distributed differently in a pos-
sibly multidimensional space can be difficult to interpret based on simple correlations, and the
large-scale patterns in the data can be difficult to find. A growing body of research is therefore
developing, mainly in the field of theoretical ecology [24-28], to employ methods from net-
work theory to find these patterns by, for example, representing species distributions in geo-
graphic space [24-26] or in a space of climatic variables [27] as networks in order to study
their structure. We here apply this framework to the PISA data to identify clusters of countries
that are connected together due to their students performing similarly in PISA while at the
same time having a similar socio-economic background, meaning that their students are dis-
tributed similarly in the ESCS-Points space.

To start with we discretize the space of socio-economic background and performance in
PISA, i.e. the ESCS-P space, by selecting the number of quantiles to divide each dimension in.
This is done by computing the Jensen-Shannon divergence of the distributions of the partici-
pating countries in this space, in order to see when it is no longer meaningful to continue to
divide the space. Details on this are provided in Methods, where we show that this space
should be divided in nine quantiles in each dimension. Each bin in this distretized space is a
node in a bipartite network where these space nodes are one category of nodes and the coun-
tries are the other category. A country node is connected to these space nodes based on how
the country’s students are distributed in the ESCS-P space. If the fraction of students in a space
node (ESCS-P bin) for a country exceeds the fraction of students in this bin averaged over all
countries, the link weight between this country and the corresponding space node is the differ-
ence between these fractions. Details on this are given in Methods, and Fig 3 shows an over-
view of this whole procedure.

Once the network is constructed we employ the Infomap algorithm [34] to find sets of
highly interconnected nodes, called modules in network science but commonly referred to as

A. Raw data B. Distribution over quantiles
2]
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Fig 3. An illustration of the method used here to find large scale patterns in the PISA data using network theory.
The PISA data (A) are mapped onto a two dimensional space divided in quantiles (B) where each quantile corresponds
to a node in a bipartite network with links weights calculated from the data (C). A community detection algorithm
(Infomap) is used to find highly interconnected nodes forming clusters (modules) in this network (D). These clusters
contain countries with similar patterns in the PISA data.

https://doi.org/10.1371/journal.pone.0267040.g003

Link weight = max(0, Dcountry - Daverage)

ESCS - Points nodes
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Fig 4. The clusters resulting from the network representation of the PISA data. The blue cluster is characterized by
privileged students over the whole scale of performance. The green and purple clusters have less privileged students
performing poorly. The red cluster has under-privileged students that perform well in PISA. The bootstrap support for
the clusters is indicated by the numbers in the inset, and the node significance by the transparency of the colors.

https://doi.org/10.1371/journal.pone.0267040.9004

network clusters. Infomap is widely used and has been shown to be highly reliable for cluster-
ing networks [26, 35, 36].

Fig 4 shows the resulting clusters of countries and ESCS-Points nodes. The blue cluster is
characterized by privileged students on the whole spectrum of performance, and includes
many of the world’s wealthy countries. The orange cluster has the same range of privileged stu-
dents but with zero or few points. The green and purple clusters are characterized by less privi-
leged students that perform poorly, with the green having somewhat better performance than
the purple. Interestingly, the red cluster is characterized by less privileged students that per-
form well in PISA. This red cluster includes both Spain and Portugal, China, Latvia and
Poland, but the significance analysis (details in Methods) however shows that Poland is less
significantly clustered in this red cluster. The significance analysis also shows that both the
blue and the red together with the orange cluster have a high support (0.97, 0.72 and 0.89) in
the bootstrapped networks (inset in Fig 4).

These clusters of countries can contribute to our understanding of inter-country differences
and can nuance the PISA overall ranking [37]. We can see, for example, if the top ranking
countries tend to be clustered together and if they share some common feature. We see how-
ever that this is not the case. Some top ranking countries like China, including Hong Kong, are
in the red cluster, while most of the others are in the blue cluster. In a top ranking country like
China the underprivileged students perform well, which the OECD point out in their report
[37], stating that they have greater equity than other countries. They also mention Canada in
this context but the results shown here indicate that Canada is better characterized by privi-
leged students, together with many other top ranking countries. The OECD does not mention
the interesting features of the countries on the Iberian peninsula, Latvia and Poland that they
share with China, in that they have high-performing under-privileged students. Countries like
Canada and Estonia are ranked high, while many other countries in the same blue cluster are
not, such as Sweden and The United States.

If we consider data from all schools, public schools and private schools separately, we obtain
three different networks that can be clustered and compared using an alluvial diagram, as
show in Fig 5. We see that the clustering of students at private schools is fragmented, resulting
in many clusters with low bootstrap support. This is due to the scarce data with relatively few
students in private schools worldwide. We can however see some interesting features that have
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Fig 5. An alluvial diagram showing how the clustering of countries changes when considering all schools, private
schools or public schools, and the bootstrap support of the clusters. The clustering of countries using data only
from private schools is fragmented and some of the clusters have low bootstrap support. We can however see, for
example, that Portugal and Brazil both change cluster to the blue cluster, which is characterized by privileged students
over the whole scale of performance, when considering private schools only.

https://doi.org/10.1371/journal.pone.0267040.9005

support in the bootstrapped data, such as Portugal and Brazil both being clustered in the blue
cluster, with privileged students over the whole scale of performance, when considering stu-
dents from private schools only. Also, Latvia is clustered in the blue cluster when considering
only public schools. The other countries in the red cluster remain in this cluster both for public
and private schools.

To further study the differences between public and private schools we calculate the median
value of points P in each interval of ESCS ranging from -8 to 4 in steps of one. We use boot-
strapped data sets to obtain a confidence interval for this median value. Fig 6 shows these data
for all countries (a), China (b), Portugal (c) and Brazil (d). In all cases the private schools do
not include the tail of socio-economically weak students, but this is most apparent in Brazil.
Fig 6 shows that both Portugal and Brazil have significantly higher results in private schools,
which was indicated by them switching clusters in the cluster analysis. China has only small
differences between public and private schools, but a clear tendency for high-performing stu-
dents to be also socio-economically privileged. This aspect of China’s results goes against
OECD’s statement of greater equity in China [37]. Portugal and China are clustered together
in the red cluster, with high-performing less privileged students, and this is also seen here
where students with low ESCS have relatively high points, but for Portugal this is due to the
higher performance of these students in public schools. The data for Spain show that students
at public and private schools perform similarly.

The world-wide data (Fig 6(a)) shows interesting differences between public and private
schools. For example, less privileged students achieve better results in public schools than they
do in private schools. At the same time more privileged students score higher in private
schools than they do in public schools.
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Fig 6. The bootstrapped median values and confidence intervals for the number of points in different intervals of
ESCS. The network analysis revealed significant differences between public and private schools in Brazil and Portugal,
which here shows as higher results (Points) for private schools. Both Portugal and China have relatively high results for
less privileged students (low ESCS), which is why they are clustered together when considering all schools.

https://doi.org/10.1371/journal.pone.0267040.9006

School inequality and grade inflation in Sweden

Sweden has seen a highly debated rapid change in educational policy towards market competi-
tion in the school system [38-41]. An increase of the inter-school variations in grading of stu-
dents has been observed [42], and others report that the right to freely choose your school has
led to an increase in school segregation [43]. Students at private schools in Sweden are clearly
more privileged (ESCS = 0.575%0.005, 95% CI) than students at public schools (ESCS = 0.283
+0.002), and they also perform better in PISA (Points = 5.79+0.02 vs. Points = 5.26+0.01). We
can compare the points in PISA to the corresponding grades in Swedish schools [44], as
shown in Table 1 where we include all points, and points in mathematics and science sepa-
rately. We see that the grading is in line with the PISA results, and these data thus suggest that
there is no grade inflation at private schools, contrary to what has been suggested previously
[31-33]. In fact, based on the PISA results even higher grades in mathematics can be justified
at private schools.

Table 1. PISA points and the average grades in mathematics, physics and chemistry of students in private and public schools in Sweden. Students in private schools
have better results in PISA and also higher grades than students in public schools. These data thus suggest that there is no grade inflation at private schools in Sweden.

Public Schools Private Shools Difference (%)
Points 5.26+0.01 5.79+0.02 10.1
Points, Mathematics 1.450+0.006 1.62+0.01 11.7
Points, Science 3.814+0.006 4.17+0.01 9.3
Grade, Mathematics 12.0 13.3 10.8
Grade, Physics 12.7 14.0 10.2
Grade, Chemistry 12.8 14.0 9.4

https://doi.org/10.1371/journal.pone.0267040.t001
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Fig 7. Histograms of PISA points divided in three quantiles (low-high in (a)-(c)) of public school ESCS in Sweden show that public schools have a large
part of their students in the lowest quantile (a), while the opposite is true for private schools (c). This can explain part of the higher PISA results and
grades in private schools in Sweden.

https://doi.org/10.1371/journal.pone.0267040.9g007

However, by considering how the students are distributed over ESCS in public and private
schools respectively, as shown in Fig 7, we see that the public schools have a large part of their
students in the lower ESCS quantile, while the opposite is true for private schools. This can
explain why private schools have the higher PISA scores (and also grades) that we have seen,
since the less privileged students do not attend private schools to the same extent that they
attend public schools. This suggests that there is a school segregation in Sweden, where the less
privileged students predominantly attend public schools, and that this is responsible for the
differences in PISA results and also grades between public and private schools.

Discussion

We have seen that students from a privileged socio-economic background tend to perform
better in PISA and that this tendency varies between countries and private and public schools.
These tendencies are known from previous studies, but the network based approach that we
propose here sheds new light on this and shows, for example, that some countries go against
this general trend since their less privileged students have relatively high results. This group
includes China, Spain and Portugal, and further analysis showed that privileged students tend
to perform better than less privileged also in these countries, but that less privileged students
achieve higher results compared to the world-wide average. In Portugal however, students in
private schools perform significantly better than students in public schools. This is not the case
in China and Spain. Some countries, such as Brazil, show large differences between public and
private schools.

This type of results can nuance the PISA overall ranking and inform policy makers, for
example about which student groups to target in order to invest resources in the most efficient
way, if the goal is to improve the PISA results in a country. For example, Portugal’s public
schools perform well but their private schools are significantly better, which should raise ques-
tions about the causes of this. Also, Poland and Latvia are clustered weakly in the cluster char-
acterized by socio-economically weak students performing well, and one could ask why this is
the case and what can be done if one should desire to be more connected to this cluster.

This way of analyzing difficulty-weighted item responses opens up new ways of doing
research with the PISA data. A possible next step in this line of research is to study time
resolved (longitudinal) data gathered from several rounds of PISA to see how trends develop
over time. It would be interesting to see if there is a detectable signal over time of increasing
school and student differences, i.e. segregation, and how this affects the overall results coun-
try-wise and world-wide.
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A wider contribution of this paper is to advance the understanding of network theory as a
tool for data analysis, by contributing with another application of these methods.

The comparison between PISA results in public and private schools in Sweden and their
respective grades, showed that the higher grades in private schools are justified given the PISA
results. This is evidence that there is no grade inflation in private schools in Sweden since the
PISA tests are marked centrally in a standardized manner, thus excluding the role of the school
and the teacher which can otherwise affect the results in for example nation-wide but locally
marked tests. We however also saw that these differences can be explained by socio-economi-
cally weak students predominantly attending public schools.

Methods
Data

The PISA 2015 data have been obtained from the OECD website [45] in SPSS format and read
using Pandas to do further analysis. Data on item difficulties have been obtained from the
PISA 2015 Technical Report [8].

Data on whether a school is private or public is primarily taken from the item “SC013Q01TA”,
which reads “Is your school a public or a private school?”. The exception is Sweden where
this information is coded in the field “STRATUM?”, and values “SWE0001”, “SWE0002”,
“SWE0003”, “SWE0004” correspond to public schools. These data are missing for approxi-
mately 1/10 of the students worldwide.

Significance analysis

To estimate summary statistics we perform a bootstrap analysis, as prescribed by the OECD,
by resampling the data with replacement to obtain a set of 100 bootstrap samples. Using this
set we can calculate for example mean values and confidence intervals in a standard manner.
The resampling of students is done with the recommended PISA weights (W_FSTUWT) that
compensate for possible biases in the selection process [7]. We have however done extensive
testing with and without these weights and the results are in general robust with respect to
these weights being used or not.

The significance analysis of modules and module node assignments follows the procedure
outlined by Calatayud et al [26]. We measure the distance between two modules C; and C; as
the Jaccard distance J(C;, C)), given by

J(C.C)=1— ", (2)

which is one minus the fraction of the number of common nodes and total number of nodes.
The significance X of a module i in a reference partition R is the fraction of partitions that
have a module with a smaller Jaccard distance to i than a threshold 7, that is

= o[- mier. ], )

P#R

where we sum over all p — 1 partitions P that are not the reference partition R, and © is the
Heaviside step function. We have here used 7 = 0.8. Due to the bootstrapping procedure with
the PISA weights there is no reference partition based on raw or unsampled data. Instead we
use as reference partition the bootstrapped (with PISA weights) partition with the shortest
average Jaccard distance to all other bootstrapped partitions.
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The node significance #* of node v in reference partition R is calculated as the fraction of
partitions in which v appears in the module that is most similar to v’s module in the reference
partition. Using the Kronecker delta function & this can be written

R 1 RP
ﬂv :I)leé<cs7cv )7 (4)

P#£R

where ¢} is the module index of node v in partition P, and ¢ = arg max|Cl N C7|/[C U C7|

is the module index of the module in partition P that is most similar to the module of v in par-
tition R.

Dividing the space of socio-economic background and PISA performance

It is important to choose the best possible division of the ESCS-P space to define the nodes in
this space. If the division is to coarse grained we loose information, with the extreme case
being no division at all and all countries would then be connected to the same node in this
space, giving no structure whatsoever. In the other extreme we divide the space in to many
quantiles so that only one or very few countries are connected to a node. This also leads to a
loss of information.

The best division is somewhere in between these extremes and to find it we calculate the
Jensen-Shannon divergence between the countries’ distributions in the ESCS-P space, where

ISDzH(Z?%) -y ) (5

i=1
is the Jensen-Shannon divergence. Here H is the entropy, meaning that

H(X) = pr(xi) logpx(xi)7 (6)

where X is some variable with possible values x; and px(x;) is the relative frequency of x;, or the
probability of x; if X is a stochastic variable. The unit of entropy is normally called bits and it
measures the information content in a distribution of X, such that a completely uniform
distribution has maximum entropy (since it is completely unpredictable if X is a stochastic
variable).

The Jensen-Shannon divergence is thus the difference between the entropy of the average
distribution of countries, and the average of the entropy of each country’s distribution. If this
is zero all countries are equally distributed in the ESCS-P space, as is the case if we have only
one ESCS-P node. When the number of quantiles is increased JSD also increases if there is a
difference between how the countries are distributed, but only up to a some point when we
gain no or little more information by dividing the space further.

We calculate JSD when varying the number of quantiles that we divide the ESCS-P space in
and calculate the JSD for each division. Fig 8 shows JSD for quantiles in the range 2-16, and we
see that there is a steep increase in JSD up until some point between 6 and 8 quantiles. To fur-
ther illustrate this we show in Fig 8(b) the increment of JSD as we increase the number of
quantiles. We see here that after approximately nine quantiles the increment flattens out, and
we therefore choose to use nine quantiles in our analysis.
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Fig 8. The Jensen-Shannon divergence (a) and its increments (b) when varying the number of quantiles in the ESCS-P space. After approximately
six quantiles we gain little information by dividing further.

https://doi.org/10.1371/journal.pone.0267040.9008

Building the network of countries and space nodes

Once the space of ESCS and points is divided in quantiles we construct a bipartite network by
linking countries to the ESCS-points nodes (space nodes) where the country has a larger frac-
tion of its students than the average of all countries.

The bipartite network is ' = (C, S, £), where C = {c,, c,, - . ., cy, } is the set of N, country
nodesand & = {s,s,,...,$y,, } is the set of Ng p space nodes. Here Ng p = q” if g denotes the
number of quantiles in each dimension. The set of potential links £ = {e, |, ¢,,,..., ey y,,}
thus connects country nodes to space nodes. A link e. . is given by

Soer  Scey
_ c ep Ciep
€ o = max(O, CR > (7)

where S¢ .,y denotes the number of students in country ¢’ that are in node ep’, S the total num-
ber of students in country ¢, S¢,,y the total number of students, in all countries, in node ep’,
and S the total number of students in all countries. This means that there is a link between a
country and a space node if the fraction of students of that country in that node is larger than
the fraction of students of all countries in that node. A country is thus connected to a space
node if the country has a higher proportion of the students in a part of the ESCS-P space than
the average, thus capturing the notable features of that country.

Acknowledgments

N. Eliasson and M. Oskarsson are acknowledged for advice on data retrieval.

Author Contributions
Conceptualization: Magnus Neuman.
Data curation: Magnus Neuman.
Formal analysis: Magnus Neuman.
Investigation: Magnus Neuman.

Methodology: Magnus Neuman.

PLOS ONE | https://doi.org/10.1371/journal.pone.0267040 May 11, 2022 11/14


https://doi.org/10.1371/journal.pone.0267040.g008
https://doi.org/10.1371/journal.pone.0267040

PLOS ONE

PISA results show student and school inequality

Software: Magnus Neuman.

Validation: Magnus Neuman.

Visualization: Magnus Neuman.

Writing - original draft: Magnus Neuman.

Writing - review & editing: Magnus Neuman.

References

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

Programme for International Student Assessment, OECD;. https://www.oecd.org/pisa/.

Baroutsis A, Lingard B. Counting and comparing school performance: an analysis of media coverage of
PISA in Australia, 2000—2014. Journal of Education Policy. 2017; 32(4):432—449. https://doi.org/10.
1080/02680939.2016.1252856

Breakspear S. The Policy Impact of PISA: An Exploration of the Normative Effects of International
Benchmarking in School System Performance. OECD Education Working Papers. 2012;71. http://dx.
doi.org/10.1787/5k9fdfgffr28-en.

Ertl H. Educational standards and the changing discourse on education: the reception and conse-
quences of the PISA study in Germany. Oxford Review of Education. 2006; 32(5):619—-634. https://doi.
org/10.1080/03054980600976320

Grek S. Governing by numbers: the PISA ‘effect’ in Europe. Journal of Education Policy. 2009; 24
(1):23-37. https://doi.org/10.1080/026809308024 12669

Hopfenbeck TN, Lenkeit J, Masri YE, Cantrell K, Ryan J, Baird JA. Lessons Learned from PISA: A Sys-
tematic Review of Peer-Reviewed Atrticles on the Programme for International Student Assessment.
Scandinavian Journal of Educational Research. 2018; 62(3):333-353. https://doi.org/10.1080/
00313831.2016.1258726

PISA Data Analysis Manual SPSS Second Edition, OECD, 2009;.
PISA 2015 Technical Report, OECD, 2017;.

Goldstein H. International comparisons of student attainment: some issues arising from the PISA study.
Assessment in Education: Principles, Policy & Practice. 2004; 11(3):319-330. https://doi.org/10.1080/
0969594042000304618

Zhao Y. Two decades of havoc: A synthesis of criticism against PISA. Journal of Educational Change.
2020; 21(2):245-266. https://doi.org/10.1007/s10833-019-09367-x

Fischbach A, Keller U, Preckel F, Brunner M. PISA proficiency scores predict educational outcomes.
Learning and Individual Differences. 2013; 24:63-72. https://doi.org/10.1016/}.lindif.2012.10.012

Kjeernsli M, Lie S. PISA and scientific literacy: similarities and differences between the nordic countries.
Scandinavian Journal of Educational Research. 2004; 48(3):271-286. https://doi.org/10.1080/
00313830410001695736

Stoet G, Geary DC. Sex Differences in Mathematics and Reading Achievement Are Inversely Related:
Within- and Across-Nation Assessment of 10 Years of PISA Data. PLOS ONE. 2013; 8(3):1-10. https:/
doi.org/10.1371/journal.pone.0057988 PMID: 23516422

Perry L, McConney A. Does the SES of the School Matter? An Examination of Socioeconomic Status
and Student Achievement Using PISA 2003. Teachers College Record. 2010; 112(4). https://doi.org/
10.1177/016146811011200401

Schulz W. Measuring the Socio-Economic Background of Students and lts Effect on Achievement on
PISA 2000 and PISA 2003. Annual Meeting of the American Educational Research Association. 2005.

Berliner D. W. Effects of Inequality and Poverty vs. Teachers and Schooling on America’s Youth.
Teachers College Record. 2013; 115(12). https://doi.org/10.1177/016146811311501203

Palardy G. J. High School Socioeconomic Segregation and Student Attainment. American Educational
Research Journal. 2013; 50(4). https://doi.org/10.3102/0002831213481240

Gamoran A, Mare RD. Secondary School Tracking and Educational Inequality: Compensation, Rein-
forcement, or Neutrality? American Journal of Sociology. 1989; 94(5):1146—11883. https://doi.org/10.
1086/229114

Anderhag P, Emanuelsson P, Wickman PO, Hamza KM. Students’ Choice of Post-Compulsory Sci-
ence: In search of schools that compensate for the socio-economic background of their students. Inter-
national Journal of Science Education. 2013; 35(18):3141-3160. https://doi.org/10.1080/09500693.
2012.696738

PLOS ONE | https://doi.org/10.1371/journal.pone.0267040 May 11, 2022 12/14


https://www.oecd.org/pisa/
https://doi.org/10.1080/02680939.2016.1252856
https://doi.org/10.1080/02680939.2016.1252856
http://dx.doi.org/10.1787/5k9fdfqffr28-en
http://dx.doi.org/10.1787/5k9fdfqffr28-en
https://doi.org/10.1080/03054980600976320
https://doi.org/10.1080/03054980600976320
https://doi.org/10.1080/02680930802412669
https://doi.org/10.1080/00313831.2016.1258726
https://doi.org/10.1080/00313831.2016.1258726
https://doi.org/10.1080/0969594042000304618
https://doi.org/10.1080/0969594042000304618
https://doi.org/10.1007/s10833-019-09367-x
https://doi.org/10.1016/j.lindif.2012.10.012
https://doi.org/10.1080/00313830410001695736
https://doi.org/10.1080/00313830410001695736
https://doi.org/10.1371/journal.pone.0057988
https://doi.org/10.1371/journal.pone.0057988
http://www.ncbi.nlm.nih.gov/pubmed/23516422
https://doi.org/10.1177/016146811011200401
https://doi.org/10.1177/016146811011200401
https://doi.org/10.1177/016146811311501203
https://doi.org/10.3102/0002831213481240
https://doi.org/10.1086/229114
https://doi.org/10.1086/229114
https://doi.org/10.1080/09500693.2012.696738
https://doi.org/10.1080/09500693.2012.696738
https://doi.org/10.1371/journal.pone.0267040

PLOS ONE

PISA results show student and school inequality

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.
38.

39.

40.

M,

Gorard S. Education Can Compensate for Society—a Bit. British Journal of Educational Studies. 2010;
58(1):47-65. https://doi.org/10.1080/00071000903516411

Jakobsson A, Davidsson E, Karlsson KG, Oskarsson M. Exploring Epistemological Trends in Student-
s’Understanding of Science from the Perspective of Large-Scale Studies. ISRN Education. 2013;
2013:196014. https://doi.org/10.1155/2013/196014

Olsen RV. An exploration of cluster structure in scientific literacy in PISA: Evidence for a Nordic dimen-
sion? Nordina—Nordic Studies in Science Education. 2005; 1(1).

Barabasi AL. The network takeover. Nature Physics. 2012; 8(1):14—16. https://doi.org/10.1038/
nphys2188

Vilhena DA, Antonelli A. A network approach for identifying and delimiting biogeographical regions.
Nature Communications. 2015; 6(1):6848. https://doi.org/10.1038/ncomms7848 PMID: 25907961

Edler D, Guedes T, Zizka A, Rosvall M, Antonelli A. Infomap Bioregions: Interactive Mapping of Bio-
geographical Regions from Species Distributions. Systematic Biology. 2016; 66(2):197—204. https://doi.
org/10.1093/sysbio/syw087

Calatayud J, Bernardo-Madrid R, Neuman M, Rojas A, Rosvall M. Exploring the solution landscape
enables more reliable network community detection. Phys Rev E. 2019; 100:052308. https://doi.org/10.
1103/PhysRevE.100.052308 PMID: 31869919

Calatayud J, Neuman M, Rojas A, Eriksson A, Rosvall M. Regularities in species niches reveal the
World’s climatic regions. eLife; 10. https://doi.org/10.7554/eLife.58397 PMID: 33554863

Blanco F, Calatayud J, Martin-Perea DM, Domingo MS, Menéndez |, Muller J, et al. Punctuated ecologi-
cal equilibrium in mammal communities over evolutionary time scales. Science. 2021; 372(6539):300—
303. https://doi.org/10.1126/science.abd5110 PMID: 33859037

Horowitz JB, Spector L. Is there a difference between private and public education on college perfor-
mance? Economics of Education Review. 2005; 24(2):189-195. https://doi.org/10.1016/j.econedurev.
2004.03.007

Chakrabarti R. Can increasing private school participation and monetary loss in a voucher program
affect public school performance? Evidence from Milwaukee. Journal of Public Economics. 2008; 92
(5):1371-1393. https://doi.org/10.1016/j.jpubeco.2007.06.009

Wikstrom C, Wikstrom M. Grade inflation and school competition: an empirical analysis based on the
Swedish upper secondary schools. Economics of Education Review. 2005; 24(3):309-322. https://doi.
org/10.1016/j.econedurev.2004.04.010

Nata G, Pereira MJ, Neves T. Unfairness in access to higher education: a 11 year comparison of grade
inflation by private and public secondary schools in Portugal. Higher Education. 2014; 68(6):851-874.
https://doi.org/10.1007/s10734-014-9748-7

Neves T, Ferraz H, Nata G. Social inequality in access to higher education: grade inflation in private
schools and the ineffectiveness of compensatory education. International Studies in Sociology of Edu-
cation. 2017; 26(2):190-210. https://doi.org/10.1080/09620214.2016.1191966

Rosvall M, Bergstrom CT. Maps of random walks on complex networks reveal community structure.
Proceedings of the National Academy of Sciences. 2008; 105(4):1118—1123. https://doi.org/10.1073/
pnas.0706851105 PMID: 18216267

Lancichinetti A, Fortunato S. Community detection algorithms: A comparative analysis. Phys Rev E.
2009; 80:056117. https://doi.org/10.1103/PhysRevE.80.056117 PMID: 20365053

Ghasemian A, Hosseinmardi H, Clauset A. Evaluating Overfit and Underfit in Models of Network Com-
munity Structure. IEEE Transactions on Knowledge and Data Engineering. 2019;. https://doi.org/10.
1109/TKDE.2019.2911585

PISA 2015—Results in Focus, OECD, 2018;.

Bunar N. Choosing for quality or inequality: current perspectives on the implementation of school choice
policy in Sweden. Journal of Education Policy. 2010; 25(1):1-18. https://doi.org/10.1080/
02680930903377415

Holm AS, Lundstrom U. “Living with Market Forces”Principals’ Perceptions of Market Competition in
Swedish Upper Secondary School Education. Education Inquiry. 2011; 2(4):601-617. https://doi.org/
10.3402/edui.v2i4.22002

Lundstrom U, Parding K. Teachers’ Experiences with School Choice: Clashing Logics in the Swedish
Education System. Education Research International. 2011; 2011:869852. https://doi.org/10.1155/
2011/869852

Lundahl L, Arreman IE, Holm AS, Lundstréom U. Educational marketization the Swedish way. Education
Inquiry. 2013; 4(3):22620. https://doi.org/10.3402/edui.v4i3.22620

PLOS ONE | https://doi.org/10.1371/journal.pone.0267040 May 11, 2022 13/14


https://doi.org/10.1080/00071000903516411
https://doi.org/10.1155/2013/196014
https://doi.org/10.1038/nphys2188
https://doi.org/10.1038/nphys2188
https://doi.org/10.1038/ncomms7848
http://www.ncbi.nlm.nih.gov/pubmed/25907961
https://doi.org/10.1093/sysbio/syw087
https://doi.org/10.1093/sysbio/syw087
https://doi.org/10.1103/PhysRevE.100.052308
https://doi.org/10.1103/PhysRevE.100.052308
http://www.ncbi.nlm.nih.gov/pubmed/31869919
https://doi.org/10.7554/eLife.58397
http://www.ncbi.nlm.nih.gov/pubmed/33554863
https://doi.org/10.1126/science.abd5110
http://www.ncbi.nlm.nih.gov/pubmed/33859037
https://doi.org/10.1016/j.econedurev.2004.03.007
https://doi.org/10.1016/j.econedurev.2004.03.007
https://doi.org/10.1016/j.jpubeco.2007.06.009
https://doi.org/10.1016/j.econedurev.2004.04.010
https://doi.org/10.1016/j.econedurev.2004.04.010
https://doi.org/10.1007/s10734-014-9748-7
https://doi.org/10.1080/09620214.2016.1191966
https://doi.org/10.1073/pnas.0706851105
https://doi.org/10.1073/pnas.0706851105
http://www.ncbi.nlm.nih.gov/pubmed/18216267
https://doi.org/10.1103/PhysRevE.80.056117
http://www.ncbi.nlm.nih.gov/pubmed/20365053
https://doi.org/10.1109/TKDE.2019.2911585
https://doi.org/10.1109/TKDE.2019.2911585
https://doi.org/10.1080/02680930903377415
https://doi.org/10.1080/02680930903377415
https://doi.org/10.3402/edui.v2i4.22002
https://doi.org/10.3402/edui.v2i4.22002
https://doi.org/10.1155/2011/869852
https://doi.org/10.1155/2011/869852
https://doi.org/10.3402/edui.v4i3.22620
https://doi.org/10.1371/journal.pone.0267040

PLOS ONE

PISA results show student and school inequality

42, OsthJ, Andersson E, Malmberg B. School Choice and Increasing Performance Difference: A Counter-
factual Approach. Urban Studies. 2013; 50(2):407—425. https://doi.org/10.1177/0042098012452322

43. HansenKY, Gustafsson JE. Causes of educational segregation in Sweden—school choice or residen-
tial segregation. Educational Research and Evaluation. 2016; 22(1-2):23-44. https://doi.org/10.1080/
13803611.2016.1178589

44. The National Agency for Education;. https://www.skolverket.se.
45. PISA Database;. https://www.oecd.org/pisa/data/.

PLOS ONE | https://doi.org/10.1371/journal.pone.0267040 May 11, 2022 14/14


https://doi.org/10.1177/0042098012452322
https://doi.org/10.1080/13803611.2016.1178589
https://doi.org/10.1080/13803611.2016.1178589
https://www.skolverket.se
https://www.oecd.org/pisa/data/
https://doi.org/10.1371/journal.pone.0267040

