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Abstract. The Programme for International Student Assessment (PISA) is a worldwide 

study that assesses the proficiencies of 15-year-old students in reading, mathematics, and 

science every three years. Despite the high quality and open availability of the PISA data 

sets, which call for big data learning analytics, academic research using this rich and care-

fully collected data is surprisingly sparse. Our research contributes to reducing this deficit 

by discovering novel knowledge from the PISA through the development and use of appro-

priate methods. Since Finland has been the country of most international interest in the 

PISA assessment, a relevant review of the Finnish educational system is provided. This 

chapter also gives a background on learning analytics and presents findings from a novel 

case study. Similar to the existing literature on learning analytics, the empirical part is 

based on a student model; however, unlike in the previous literature, our model represents a 

profile of a national student population. We compare Finland to other countries by hierar-

chically clustering these student profiles from all the countries that participated in the latest 

assessment and validating the results through statistical testing. Finally, an evaluation and 

interpretation of the variables that explain the differences between the students in Finland 

and those of the remaining PISA countries is presented. Based on our analysis, we conclude 

that, in global terms, learning time and good student-teacher relations are not as important 

as collaborative skills and humility to explain students’ success in the PISA test. 
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8.1 Introduction 

The original purpose of Learning Analytics (LA), as stated by researchers such as 

Siemens (2013, p. 1383) and Ferguson (2012, p. 306), was to “measure, collect, 

analyze, and report data about learners and their contexts, for the purposes of un-

derstanding and optimizing learning and the environments in which it occurs.” 

Slightly different variants were later offered to characterize the discipline (Pardo 

& Teasley 2014, Gray et al. 2014, Siemens & Baker 2012). Increased attention to 

Massive Open Online Courses (MOOCs) (e.g., Wang et al. 2014, Ye & Biswas 

2014, Reich et al. 2014, Coffrin et al. 2014, Hickey et al. 2014, Santos et al. 2014, 

Vogelsang and Ruppertz 2015, Ferguson and Clow 2015, Hansen and Reich 2015, 

Wise et al. 2016, Hecking et al. 2016) has intensified the need for data-based 

learning support from the perspective of big data. This is evidenced by several ar-

ticles (e.g., Picciano 2012, Chatti et al. 2012, Siemens 2012, Chatti et al. 2014, 

Dawson et al. 2014, Wise & Shaffer 2015, Merceron et al. 2016) as well as by the 

theme of the 2015 Learning Analytics and Knowledge conference “Scaling Up: 

Big Data to Big Impact” (see Dawson et al. 2015).  

The PISA is a worldwide triennial survey conducted by the Organisation for 

Economic Cooperation and Development (OECD), resulting in publicly available 

educational data on a large scale. In addition to assessing the proficiency of 15-

year-old students from different countries and economies in reading, mathematics, 

and science, the PISA provides “data about learners and their contexts” as one of 

the largest public databases1 of students’ demographic and contextual data, such as 

their attitudes and behaviors toward various aspects of education. More than sev-

enty countries and economies have already participated in the PISA, and the as-

sessment is referred to as the “world’s premier yardstick for evaluating the quality, 

equity, and efficiency of school systems” (OECD 2013a). 

In the PISA studies, data collection is of very high quality, including the devel-

opment of the appropriate instruments, the procedures, and the storage of the data 

in public databases. This is evidenced by the large amount of money spent on en-

suring quality related to these issues. However, much less money has been invest-

ed in the analysis of the collected data, and only a few PISA analysis studies have 

resulted in publications in the scientific field (Olsen 2005a). Rutkowski et al. 

(2010) argue that the size of the PISA data sets as well as the technical complexi-

ties within them may be the reason why more researchers do not work with these 

freely available and high-quality data.  

Our research is motivated by the lack of secondary analysis of the PISA data, 

which calls for the development and utilization of big data LA methods for mak-

ing discoveries within the international domain of the PISA. Such methods can 

then be used to summarize the PISA data sets in novel ways in order to better un-

derstand students from diverse countries and the settings in which they learn 

(Siemens & Baker 2012). Hence, in relation to big data LA, we focus on the inter-

                                                           
1The PISA data can be downloaded from http://www.oecd.org/pisa/pisaproducts/. 
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national context in an effort to understand national education systems as learning 

environments. Such a scope for LA was also emphasized by Long & Siemens 

(2011), who pointed out that LA should occur on the national and international 

levels, primarily targeting national governments and education authorities. As a 

classroom is in a school is in a city is in a region is in a country is in a continent, 

thorough use of educational data and empirical evidence should be linked to those 

principles and practices of educational systems that are known to have an effect on 

learning. This is the primary concern in the PISA. 

Chatti et al. (2014) introduced a reference model for LA based on four dimen-

sions (stakeholders, objectives, data, and methods) that resembles the critical LA 

dimensions suggested by Greller & Drachsler (2012). Fig. 8.1 illustrates how 

large-scale educational assessments, such as the PISA, can leverage big data LA 

according to these dimensions. Specifically, national bodies introduce the objec-

tives (i.e., the factors that constitute good national education systems) for as-

sessing the international student population. Then, large amounts of data repre-

senting student background and proficiency are sampled and transformed into 

derived representations, whose characteristics (the sample to population alignment 

introducing weights and the rotated test design introducing missing values) must 

be handled by applied LA methods. When meaningful patterns are found, these 

are reported back to the educational decision makers. 

 

 

Fig. 8.1 Conducting big data LA for large-scale educational system assessments (cf. Chatti et al. 

2014, Greller & Drachsler 2012). 

Ferguson et al. (2014) emphasize the large-scale institutional adoption of ap-

propriate educational patterns. In the best case, the institutional meso-level ap-

proaches are aggregated from the upscale local micro-level patterns and from the 

downscale macro-level characteristics of a good educational system. Thus, mean-
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ingful patterns at the macro level (e.g., within a large educational organization) 

originate from characteristics of a large student population in relation to the rigor-

ously measured learning outcomes. 

The structure of this paper is as follows. In Section 8.2, we provide necessary 

background on big data LA and educational knowledge discovery from the PISA. 

In Section 8.3, a relevant review on methodologically related studies is provided, 

and the forms and complexities of PISA data are described. Next, the overall anal-

ysis method is depicted in Section 8.4. In Section 8.5, the results and interpreta-

tions of the hierarchical clustering of the aggregated country profiles are presented 

and statistically validated. In Section 8.6, the PISA results are visualized in a 

dashboard. Finally, in Section 8.7, the empirical work is summarized, and in Sec-

tion 8.8, the overall conclusions are presented. 

8.2 Background and Related Work 

We next provide the necessary theoretical background for the empirical part of the 

chapter. First, we explain big data LA and summarize LA methods. Then, we 

characterize a pool of methodologically related work on the use of clustering in 

educational data analysis. We observe that methodologically related studies are 

typically conducted on the micro level of individual courses or tutoring systems.  

8.2.1 Toward Big Data LA 

As emphasized in the introduction, LA studies are increasingly leveraging big da-

ta. The term “big” in “big data” does not solely refer to the amount of data but ac-

tually references four “V”s (the first three according to Laney (2001) and the last 

one as described by Gupta et al. (2014)): (i) Volume refers to the size of data sets 

caused by the number of data points, their dimensionality, or both; (ii) Velocity is 

linked to the speed of data accumulation; (iii) Variety stands for heterogeneous da-

ta formats, which are caused by distributed data sources, highly variable data 

gathering, etc.; and (iv) Veracity refers to the fact that (secondary) data quality can 

vary significantly, and manual curation is typically impossible. 

In relation to big data LA, PISA data are characterized by a high volume and 

low veracity due to missing values, but there is no velocity and small, well-

managed variety due to the meticulous design. Moreover, unlike the existing LA 

studies, the collected student sample is aligned to the whole worldwide student 

population under study using weights (see the last paragraphs in Section 8.2.3). 

For example, the sample data of the PISA 2012 consists of approximately half a 

million students, representing 24 million 15-year-old students from 68 different 

countries and territories. 
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Chatti et al. (2012) state that different LA techniques for detecting interesting 

educational patterns originate from four analysis categories: statistics; information 

visualization; data mining (identifying this with knowledge discovery in data-

bases) in the form of classification, clustering, and association rule mining; and 

social network analysis. Other LA researchers support this notion that data mining 

and knowledge discovery techniques are one category of the broader set of LA 

methods. Rogers (2015), for example, lists data mining as one of the more sophis-

ticated quantitative methods in LA, and Siemens (2013) states that knowledge dis-

covery from databases is an LA technique that has become increasingly important. 

Generally, with the advent of big data in education, LA methods have shifted 

from the more traditional data analysis techniques, such as statistics, to more scal-

able data mining methods (Hershkovitz et al., 2016; Joksimović et al., 2016). In 

fact, Ferguson (2012) points out that the two main differences between general 

educational research and the specific research field of LA (according to the LA 

definition given in the beginning of this chapter) is that LA “make[s] use of pre-

existing, machine-readable data, and that its techniques can be used to handle ‘big 

data.’” 

Application of data mining and knowledge discovery methods in an educational 

context typically realizes an educational knowledge discovery process that, espe-

cially when using an open educational data set like that of the PISA, supports 

learning and knowledge analytics (Verbert et al. 2012). Several case studies (e.g., 

Hu et al., 2016; Brown et al., 2016; Grawemeyer et al., 2016; Allen et al., 2016; 

Chandra & Nandhini 2010) have proven the need for and the success of specific 

knowledge discovery processes and data analysis methods within the educational 

domain. However, data from many of the existing educational case studies are 

specific to certain educational environments or institutions, which complicates the 

comparison of the techniques and the results provided.  

In contrast, the PISA tests are standardized, and the resulting data sets are com-

parable between different nations and their educational arrangements. Hence, the 

PISA provides an interesting and novel case for big data LA techniques (Saarela 

& Kärkkäinen 2014, Saarela & Kärkkäinen 2015a,b,c, Kärkkäinen & Saarela 

2015), combining the methodological requirements that are due to the above-

mentioned technical complexities of the data with comparative educational 

knowledge discovery. 

8.2.2 On Educational Data Analysis Using Clustering 

As has been pointed out above, clustering is one of the key techniques in the data 

mining category of the LA methods. Next, we describe a pool of work related to 

the clustering of educational data as well as the empirical work in Sections 8.4–

8.5. This set of papers was primarily identified by scanning through the most rele-

vant publication forums (see Saarela et al. 2016a) in the field, especially the Jour-
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nal of Learning Analytics2 and the Conference on Learning Analytics & 

Knowledge3, restricting the topic to clustering with real educational data sets. The 

description of the work is organized according to the clustering method used and 

the size of the clustered educational data set. 

Hierarchical Clustering. Logs of 454 online mathematics practice sessions by 69 

students were clustered by Desmarais & Lemieux (2013). In that study, prepro-

cessing first transformed the logs into temporal sequences (time series) reflecting 

the state of interaction between the student and the learning environment. These 

representations were then clustered using an agglomerative hierarchical method, 

and the interpretation of the result was based on visualizing the clusters as state 

sequence diagrams. Three characteristic forms of using the system were identified: 

(i) exploratory browsing, (ii) short practice sessions, and (iii) exercise-intensive 

sessions. 

Self-regulatory strategies of undergraduate students, especially their character-

istics in accessing online learning material, were studied by Colthorpe et al. 

(2015). Hierarchical clustering of 97 students was able to separate high- and low-

performing students, and the low-performing students were characterized by ex-

tensive use of lecturing recordings. This could, however, be explained by the form 

of engagement with the learning material.  

Segedy et al. (2015) provided a more in-depth analysis of students’ self-

regulated interaction with the learning material in an open-ended computer-based 

learning environment. Student assessment was based on the coherence analysis, 

whose descriptive metrics for 99 sixth grade students were separated into five 

clusters using complete-link hierarchical clustering as part of the versatile analysis 

process. In addition to two very small clusters of (i) confused guessers and (ii) 

students disengaged from the task, the main clusters characterized the self-

regulated interaction patterns of (iii) frequent researchers and careful editors, (iv) 

strategic experimenters, and (v) engaged and efficient students. 

Hu et al. (2016) used hierarchical clustering to analyze the responses of 523 

English and Chinese primary school students to a questionnaire about their read-

ing behaviors, reading preferences, and attitudes toward reading. Three main read-

ing profiles were identified, and they were fully characterized by good, moderate, 

and bad reading habits. 

Hecking et al. (2016) combined social similarity (i.e., distances in the commu-

nication graph of the students) and semantic similarity (i.e., distances between the 

content-based roles by the students) to construct a socio-semantic block modeling 

approach for analyzing a MOOC discussion forum. Hierarchical clustering was 

used in the actual construction of the block model from the derived similarity 

measure. The analysis of the communication graph of 647 students in 502 threads 

on 27 forums verified the presence of different roles, with a moderate correlation 

                                                           
2 See http://learning-analytics.info/ . 
3 See http://lakXX.solaresearch.org/, where XX stands for year in which the conference took 

place. For example, http://lak16.solaresearch.org/ contains a link to the proceedings of the 2016 

conference. 

http://learning-analytics.info/
http://lakxx.solaresearch.org/
http://lak16.solaresearch.org/
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between the social and the semantic role by a student. Discovery of the three main 

socio-semantic roles suggested that online discussion forums need better recogni-

tion and adaptation to the different user roles. 

K-Means. A collaboration of 31 participants in a math discussion board was ad-

dressed by Xing et al. (2014) through the lens of activity theory, which links indi-

vidual and social behavior, using the prototype-based k-means clustering method. 

In this study, the important phases of the educational clustering process, prepro-

cessing, and interpretation of the clustering result were strongly present. The result 

consisted of three clusters characterizing (i) learners who were personally partici-

pative but less communicative on the group level, (ii) collaboratively participating 

but shallow learners, and (iii) less participative poor learners.  

An automated approach using the k-means clustering algorithm was described 

by Li et al. (2013) for constructing a student model from the content features of 

algebra problems. Methodologically versatile preprocessing (feature extraction, 

min-max scaling, and principal component analysis) and tenfold cross-validation 

characterized the approach. The experiment with data from 71 students concluded 

that the clustering-based model was at least as good as the prior manually con-

structed model, as it was able to reveal previously unidentified and valuable 

knowledge components of mathematical problem solving. An innovative assess-

ment of the physical learning environment that also used the k-means clustering 

method was reported by Almeda et al. (2014). The result consisted of four differ-

ent clusters characterizing the similar content profiles of 30 classroom walls, as 

decorated by the teachers. 

Multiple clustering methods (including k-means and hierarchical clustering) at 

various stages of the data analysis were applied by Blikstein et al. (2014) to reveal 

the different patterns and trends of the development of programming behavior in 

an introductory undergraduate programming course. The overall analysis of 370 

participants and 154,000 code snapshots was concluded in multiple ways. First, 

for different tasks within LA, different kinds of tools are needed, ranging from fast 

and simple wrap-ups of data to advanced machine-learning methods running on 

high-performance computing platforms. Secondly, concerning the clustering 

methods, it is necessary to have either better support to interpret the result of a 

clustering method or the application of more advanced methods to improve the po-

tential insights and knowledge discovery from data. Thirdly, concerning the do-

main of the study, the changes in the code update patterns by the students were 

more strongly correlated with the course performance compared to the size of 

code updates. 

A subset of methods used by Blikstein et al. (2014) were also utilized by Wors-

ley & Blikstein (2014) to analyze the problem-solving patterns of 13 students for 

open-ended engineering tasks. This LA method was based on the segmentation 

and extraction of action features from the hand-coded video data. The k-means al-

gorithm produced four clusters whose interpretation could be summarized into two 

principal dimensions of idea quality and design process, which were both related 

to students’ level of experience. 
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Expectation Maximization. Bouchet et al. (2013) clustered the derived variables 

of multiple thematic groups from the log data of 106 college students using an in-

telligent tutoring system fostering self-regulated learning. They used the expecta-

tion-maximization algorithm from Weka, resulting in three clusters as suggested 

by the knee point (see Saarela & Kärkkäinen 2015a), after careful cross-validation 

with multiple restarts. The three clusters were generally characterized by varying 

levels of performance but also reflected (through metadata) differences in the 

number of self-regulated learning processes in which the students were engaged. 

Bogarin et al. (2014) also used the expectation-maximization algorithm from We-

ka and discovered three clusters from the log data of 84 Psychology students train-

ing to learn online with Moodle. In particular, a cluster of the most passive online 

students was detected, of which two-thirds failed the course. 

Activity in online discussion forums as a predictor of study success was also 

studied by López et al. (2012). Methodologically, it was shown that the prototypes 

obtained from the expectation-maximization clustering algorithm with tenfold 

cross-validation with Weka software were able to distinguish 114 different and in-

formative cases of university student behavior. Similar to Bogarin et al. (2014), it 

was concluded that active participation in the course forum was a good predictor 

of the final grade for the course.  

Summary. To summarize this small survey of educational clustering methods, hi-

erarchical clustering, k-means, and expectation maximization were the most 

common approaches. This was also the conclusion in the review by Peña-Ayala 

(2014). Similarly, student modeling, including behavior and performance models, 

was the dominant educational data analysis approach, covering all the assessed re-

search except Almeda et al. (2014) (see Table 11 in the work published by Peña-

Ayala 2014). Note that a set of older references concerning the use of clustering in 

educational settings, as briefly introduced by Bouchet et al. (2013) in Section 6, 

also emphasized the student model as an important part of intelligent online tutor-

ing systems.  

8.2.3 LA Approaches Oriented to Analyze PISA Repositories 

As concluded in the previous section, clustering is one of the key techniques for 

analyzing educational data, especially in LA. However, most of the educational 

clustering studies use small data sets of tens or at most hundreds of students at the 

micro and meso levels of educational systems. By comparison, the PISA 2012 da-

ta set is comprised of around half a million students and represents a population of 

24 million people worldwide (see the last paragraph in Section 8.3.2). 

A considerable amount of literature has been published on the PISA. However, 

as observed by Olsen (2005a), these publications are mainly national or interna-

tional reports that have not undergone the peer-review process. Furthermore, many 

of the peer-reviewed publications dealing with the PISA (e.g., Deng & Gopinathan 

2016, Auld & Morris 2016, Rasmussen & Bayer 2014, Yates 2013, Bank 2012, 
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Bulle 2011, Waldow et al. 2014, Grek 2009, Simola 2005, Sahlberg 2011, Kum-

pulainen & Lankinen 2012) do not present the researchers’ own empirical analysis 

but only refer to the reports or statistics published by the OECD. In the papers 

where the researchers’ own empirical models are being derived and analyzed (e.g., 

Skryabin et al. 2015, Kriegbaum et al. 2015, Erdogdu & Erdogdu 2015, Tømte & 

Hatlevik 2011, Zhong 2011, Fonseca et al. 2011), the missing data is most often 

completely removed, and the sample is analyzed by ignoring the weights and, 

hence, the population level. Moreover, typically students from only a few coun-

tries are being compared in the existing literature, although a very scarce pool ex-

ists of comparisons at the level of the whole PISA sample (e.g., Drabowicz 2014, 

Zhong 2011).  

We have also carefully assessed the use of clustering with the PISA data sets 

and have only been able to identify our own recent publications for the PISA 2012 

(Saarela & Kärkkäinen 2014, Saarela & Kärkkäinen 2015b,c) and two older publi-

cations for the PISA 2003 (Olsen 2005b) and for the PISA 2000 (Kjærnsli & Lie 

2004). Thus, our main contributions here are that we augment the traditional PISA 

analysis by utilizing big data LA methods and work with the data set on the macro 

level of the whole student population, as conforms to the recommendations given 

by the OECD (2014b). This population-level scope is a novel setting in big data 

LA. 

8.3 The PISA Profile 

In this section, we outline the contextually related work of the chapter. More pre-

cisely, since Finland is the primary interest in our clustering application, we intro-

duce the main characteristics of the Finnish educational system, which has per-

formed so well in the PISA assessments, as well as related research. The last part 

of this section is devoted to a description of the collection and overall processing 

of the PISA assessment, yielding to multiple forms of publicly available educa-

tional data sets on a macro level. 

8.3.1 The Finnish Educational System and the PISA 

In this paper, our main focus is on Finland in comparison to the other countries 

that participated in the latest PISA assessment. Traditionally, Finnish students 

have performed exceptionally well in the PISA tests. The reasons for Finland’s 

success on the PISA, particularly in the 2003 and 2006 assessment cycles, have 

been analyzed in several studies, and educational stakeholders from all over the 

world have visited Finland to find explanations for the high-performing students.  

Consequently, education became an important asset in Finland’s image and 

identity. In fact, Finland has invested considerably in the international educational 
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export sector (Schatz et al. 2016), and, although Finland’s place in the internation-

al ranking dropped in the latest PISA assessment, it is still placed the highest in 

Europe. Here, our goal is to assess the variables that most distinguish Finland 

from the other countries participating in the PISA. 

Finland’s high performance in the PISA assessments has been analyzed in sev-

eral articles. Many of these articles have linked the well-performing students to 

the highly qualified teachers, who need to have a Master’s degree for a permanent 

position. In particular, it has been argued that, in Finland, being a teacher is one of 

the most prestigious occupations, as evidenced by the fact that only the best and 

most motivated students are admitted to the teacher training programs as well as 

the observation that Finnish teachers enjoy a very high status in society (Morgan 

2014, Sahlberg 2011, Linnakylä et al. 2011, OECD 2011, Andere 2015).  

A second reason that has been identified as contributing to Finland’s high re-

sults in the PISA relates to the organization of the national school system. Instead 

of (i) market-oriented schooling, (ii) standardization of schools and tests, concen-

trating on measurable performance, and (iii) competition between students and 

schools, the focus in Finland’s schools is more on cooperation, collaboration, and 

the belief that teachers will support each student’s individual learning (Simola 

2005, Sahlberg 2011). National curricula as well as explicit learning objectives 

and standards do exist, but schools and teachers in Finland enjoy great autonomy 

and decision-making authority (i.e., they can decide on individualized learning 

strategies and pedagogical methods in order to reach the common educational 

goals) (Kumpulainen & Lankinen 2012, Linnakylä et al. 2011, OECD 2011). 

The fact that schools in Finland are neither competing nor evaluated by stand-

ardized tests is one of the reasons why the variance between the Finnish schools is 

so small4 (Simola 2005). Additionally, there is a no division of students into dif-

ferent school types or tracks based on their performance. Indeed, all students in 

Finland attend common, untracked, comprehensive schools of equally good quali-

ty from grades 1–9, typically those nearest to their homes. These schools are pub-

licly funded and offer free lunches, health care, and school transport for all pupils 

(OECD 2011, Linnakylä et al. 2011). 

These mutually interdependent and interconnected factors that are associated 

with Finland’s high achievements in the PISA have also been emphasized by Väli-

järvi et al. (2007), who have concluded that Finland’s success can be explained by 

a combination of “comprehensive pedagogy, students’ own interests and leisure 

activities, the structure of the education system, teacher education, school practic-

es and, in the end, Finnish culture” (see Table 8.1). 

Research has shown that culture tends to affect both people’s goals and their 

actions to reach these goals (Hitlin & Piliavin 2004). As has been pointed out 

above, Finnish people put great emphasis on equity and equality. Several studies 

have also highlighted the trust that seems to exist in Finnish culture in general and 

                                                           
4 According to the 2012 assessment, the between-school variation in Finland is only 6% of the 

overall math performance, which is the second-lowest figure in comparison with all PISA coun-

tries. 
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between the educators and the community in particular (Sahlberg 2011, OECD 

2011).  

 

Table 8.1 Interaction between culture and education in Finland. 

Culture Education 

strong mutual trust parents and government trust teachers (indicated 

by the strong autonomy and authority of the 

teachers) 

equity and equality (care for others instead of 

wanting to be the best) 

common untracked comprehensive school sys-

tems; free lunch, health care, and school 

transport; children with special needs study in 

the same classroom 

indulgent country minimal time allocated to studying, broad rich 

curriculum 

 

The Hofstede model (Hofstede 2011) acknowledges the idea that Finland is 

more of a collaborative than a competitive country. According to the model, Fin-

land’s society can be characterized as being highly “feminine,” meaning that the 

most important driving factors in life are to live a good life and to care for others 

instead of to focus on one’s own success and want to be the best. This is interest-

ing when linked to the recent study by French et al. (2015), who found a negative 

causal relationship between education expenditure and power distance and mascu-

linity. According to this study, the less masculine a country is, the more it invests 

in education. 

8.3.2 Characteristics and Forms of the PISA Data 

The OECD states that the PISA results have a high degree of validity and reliabil-

ity (for example, OECD 2014b, 2012), so they can be used to assess and compare 

the educational systems of the participating countries. To ensure the validity and 

reliability of the PISA data, large amounts of money are spent. For example, in 

Germany alone, the aggregate costs of the PISA assessment have reached 21.5 

million euros (Musik 2016). However, as was pointed out in the introduction of 

this chapter, the PISA assessments as well as the resulting PISA data are methodo-

logically very complex.  

As highlighted by the OECD (2012), “the successful implementation of PISA 

depends on the use, and sometimes further development, of state-of-the-art meth-

odologies and technologies.” Since a mixture of different methods is used in this 

large study, and many variables are derived, it is not obvious how certain values in 

the publicly available database5 (see Fig. 8.2) were collected, obtained, and report-

                                                           
5 Can be downloaded from http://pisa2012.acer.edu.au/downloads.php 
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ed. The fact that the PISA data are voluminous and complex can also be conclud-

ed based on the time that is needed to publish the PISA data and results: Usually 

around 1.5 years passes between data collection and when the first PISA results 

and data are published. For example, the 2012 PISA data collection took place in 

spring 2012, and its results were published in December 2013. 

 

 

Fig. 8.2 Overview of the 2012 data sets available from OECD. 

An overview of the 2012 PISA data is provided in Fig. 8.2. In all three data sets 

with pink backgrounds in Fig. 8.2, the observations are the assessed students. The 

basic information about the student (student’s ID, country, test language, and 

school ID) and which test he or she was administered (booklet ID) is provided in 

all three of these student data sets. The student cognitive items and scored cogni-

tive item response data sets document the students’ responses to the cognitive 

items and how these were scored. Altogether, there were 206 different cognitive 

items in the PISA 2012 data. An example of a cognitive item variable label is 

“SCIE—P2006 Wild Oat Grass Q4.” As can be seen, it includes the domain (in 

this case, science), the PISA cycle in which the question was first used (the PISA 

2006), the name for the particular task unit6 (Wild Oat Grass), and the question 

number (4). 

The most informative and meaningful part of the PISA data is the student ques-

tionnaire data set (see Fig. 8.2). However, as previously mentioned, one of the 

biggest challenges when working with the PISA data is that many variables in this 

data set are not direct measurements but rather variables that have already been 

transformed and preprocessed. For example, the students’ abilities/performances 

in the cognitive tests are summarized in the form of plausible values. Plausible 

                                                           
6 PISA items are organized into units. Each unit consists of a stimulus (consisting of a piece of 

text or related texts, pictures, or graphs) followed by one or more questions. 
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values are, as Wu (2005) puts it, “multiple imputations of the unobservable latent 

achievement for each student.” This is explained more thoroughly at the end of 

this section.  

Certain scale indices in the data—indicating, for example, students’ attitudes 

toward school and learning—are also derived variables. This means that in order 

to be able to work with the PISA data, it is necessary to understand how the many 

derived variables have been created and how they can be used for further analysis. 

In the PISA, the Rasch model, which is a special case of item response theory, is 

used for this purpose.  

Gray et al. (2014) emphasize the importance of integrating item response theo-

ry factors and methods, such as the Rasch model, into the existing LA models. 

Item response theory models can improve existing models, because they can mod-

el latent (i.e., not directly measurable) traits, such as intelligence, ability, or moti-

vation. Moreover, they can be applied even with a large number of missing values. 

The potential of using item response theory in LA has been shown, for example, 

by Bergner et al. (2015), who estimated student abilities based on homework 

scores from an MOOC in which a large number of scores were missing.  

The second challenge when working with the PISA data is the high sparsity. 

Since the assessment material developed for the PISA exceeds the time that is al-

located for the test, each student is administered only a fraction of the whole cog-

nitive testing material and only one of the three different background question-

naires. Because of this rotated design, very few variables in the PISA data sets 

have values for all observations. For example, in the PISA 2012, each student was 

assigned a test booklet of cognitive items that should be solvable in two hours. 

However, the comprehensive PISA 2012 cognitive item battery consisted of test 

items to be solved in six hours.  

The scored item set (see Fig. 8.2) incorporates 206 scored items for 485,490 

students. Nevertheless, because of the different booklets, which always contain 

only a fraction of the total items, 74% (that is, 73,860,420) of the different item 

variables have missing values. Similarly, because of the three different back-

ground questionnaires administered, the majority of the variables in the student 

questionnaire data set are missing approximately one-third of their values. We 

have discussed sparsity in educational data, particularly in the PISA data, and al-

gorithms to cope with this issue in many of our recent studies (Saarela & Kärk-

käinen 2014, Saarela & Kärkkäinen 2015a,b,c, Kärkkäinen & Saarela 2015, 

Saarela et al. 2016b). 

Finally, the PISA data are an important example of a large data set that includes 

weights. Only a fraction of the 15-year-old students from each country takes part 

in the assessment, but the gathered sample depicts the whole student population by 

multiplying the students’ results by their respective weights, which simply meas-

ure how many similar students are represented by one student in the sample. For 

example, the sample data of the latest assessment consist of 485,490 students, 

which, when taking the weights into account, are representative of more than 24 

million 15-year-old students in the 68 different countries and territories that partic-

ipated in the PISA 2012.  

Both over- and under-sampling has taken place in the PISA for different stu-

dent groups. As a consequence, in order to state findings that are valid for the 
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whole population, it is important to utilize these weights at each stage of the anal-

ysis. The way in which we incorporated the weights into a robust clustering algo-

rithm for sparse data is illustrated and applied in our prior works (respectively, 

Saarela & Kärkkäinen 2015c,b). 

8.3.3 Rasch Model  

As described above, because of the different PISA test booklets administered, the 

actual scored student test data is extremely sparse with a great deal of missing 

values (74%). The easiest approach for measuring each student’s ability would be 

to average the percentage of the correct answers over the three domains. However, 

since not all students were presented with the same test items, and the test items 

varied in their difficulty, this approach is considered unreliable. With the Rasch 

model, however, the probability of success on a given item can be modeled as a 

logistic function of the difference between the student and item parameters (Rasch 

1960). Hence, the Rasch model enables a comparison of student abilities/test 

results/characteristics, even if not all students were tested on the same test items.  

In the PISA, the Rasch model is employed to estimate both student abilities—

depending on their item responses and the item difficulties in the cognitive test—

and general student characteristics—depending on their responses on the back-

ground questionnaire. Mathematically, in the simplest case of the Rasch model 

when the test item is dichotomous, the probability that a student  with ability de-

noted by  provides a correct answer to an item  of difficulty  can be stated as 

follows (8.1): 

  (8.1) 

When the Rasch model is employed, it iteratively creates a continuum/scale on 

which both a student’s ability and item difficulty are located and where a probabil-

istic function links these two components. Usually, the item difficulties are esti-

mated first, and this is referred to as the item calibration. The overall objective is 

to obtain data that will fit the model.  

There should be a higher probability that a student should give a correct answer 

to an easy item than to a difficult item. Similarly, there should be a higher proba-

bility that a student with high ability should give correct answers to items than a 

student with low ability. This is shown in Fig. 8.3, where the probability that a 

correct answer is given to an item with difficulty δ = 0.6 is plotted for different 

student abilities. Moreover, as also illustrated in Fig. 8.3, when a student’s ability 

is equal to the difficulty of the item, there is by definition a 50% chance of a cor-

rect response in the Rasch model. 
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To estimate the item difficulty, only the probability of being correct on that 

item and the ability of the students who completed the item must be known. Like-

wise, to estimate the student’s ability, only the probability of being correct on a set 

of items and the difficulty of those items must be known (Embretson & Reise 

2013). Every item and every student will be located in the scale created with the 

Rasch model. Therefore, comparable student ability estimates can be obtained, 

even if the students were assessed with a different subset of items (OECD 2014b). 

The only requirement is that some link items exist (i.e., some items in the different 

test booklets must be the same). 

 

 

Fig. 8.3. Rasch model example. Probabilities that a correct answer is given to an item with 

difficulty δ = 0.6 for different student abilities. The probability that a student with ability β = 0.6 

will provide a correct answer to this item is 0.5. 

In the PISA, a generalization of the original Rasch model is employed that can 

score not only dichotomous but also polytomous items (e.g., cognitive items can 

be scaled as incorrect, partially correct, and correct and questionnaire Likert-

scale data can be scaled as completely agree, agree, neutral, disagree, and com-

pletely disagree). This model is called the one-parameter logistic model for poly-

tomous items. 

8.3.4 Plausible Values 

There exist many other international large-scale educational assessment studies 

such as the PISA, including the National Assessment of Educational Progress7, the 

                                                           
7 nces.ed.gov/nationsreportcard/ 
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European Survey on Language Competences8, the Trends in International 

Mathematics and Science Study, and the Progress in International Reading 

Literacy Study9. The idea behind the PISA and these other assessments is not to 

measure and report the proficiencies of individual students. Instead, the primary 

goal is to provide a reliable overview of the proficiencies and national 

characteristics of the whole population (OECD 2014b, Marsman 2014). This is the 

main difference between typical micro- or meso-level LA and big data LA for the 

PISA.  

Plausible values are used to estimate the proficiencies of the population, which, 

in the PISA, comprises all 15-year-old pupils within the participating countries. 

Some studies (Monseur & Adams 2008, Wu & Adams 2002, OECD 2014b) have 

shown that plausible values—in comparison to Weighted Likelihood Estimates, 

which overestimate, and Expected A Posteriori estimators, which underestimate 

population variances—produce unbiased estimates for population statistics. 

In short, plausible values are random draws from the posterior distribution of a 

student’s ability. These posterior distributions are estimated with a Bayesian ap-

proach in combination with the Rasch model. The posterior distribution of a stu-

dent’s ability , given his or her vector of item responses and certain additional 

variables about the student from the background questionnaire (e.g., gender and 

many others) that are encoded in a vector , is defined as (8.2): 

 , (8.2) 

where  denotes a Rasch model given the student’s ability  and the dif-

ficulties of the items  in the test, and  denotes a population model. This 

population model for a student  is usually estimated with the latent (called latent 

because the predictor is unobserved) regression model , where 

 (Marsman 2014, OECD 2014b). 

In other words, in each country, the student’s abilities are assumed to follow a 

conditional Gaussian distribution, given  (i.e., the variables from the back-

ground questionnaire). This is the prior distribution. Then, the student takes the 

PISA test. The statistical model (“likelihood”) of the success in the test is a Rasch 

model, where the probability of success is a logistic function of the unknown but 

estimated latent ability and the difficulties of the test items (see Equations 8.1 and 

8.2). 

The estimated posterior distribution of the ability of the student is specific for 

each student, as each student has different values for background variables and 

test results. This means that success in the PISA test “corrects” our prior beliefs 

regarding the student’s ability. If a student successfully solves a difficult item, this 

indicates higher ability than success on an easy item. However, the student’s exact 

ability is not known, and it is represented on the population level with five plausi-

                                                           
8 www.surveylang.org/ 
9 http://timssandpirls.bc.edu/ 
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ble values that are random realizations based on his or her posterior distribution. 

For this reason, the official PISA protocol (OECD 2012) requires that the same 

analysis be repeated five times when analyzing student performance, with one 

analysis for each plausible value. 

8.4 Comparison of Students in PISA 2012 Countries Using 

Aggregated Hierarchical Clustering 

The empirical part of this work is focused on comparing the student characteristics 

of Finland to those of the other countries that participated in the PISA assessment 

2012. This comparison is conducted by utilizing three of the four LA techniques 

described by Chatti (2012) (see Section 8.2.1): clustering as one of the core data 

mining techniques, visualization of the clustering result to illustrate Finland’s po-

sition in comparison to the other countries, and, finally, statistical testing to verify 

the findings.  

8.4.1 Variables for the Clustering 

Our overall analysis method is to apply hierarchical clustering on all PISA 2012 

countries/economies, to visualize the similarities between the participating coun-

tries through a dendrogram, and to conduct different statistical tests on two dis-

tinct levels. For this, we first aggregated the entire sample of half a million stu-

dents in the PISA 2012 into the population level of each country by computing the 

weighted means of the available data in a country-wise manner. We used all ob-

servations in the PISA 2012 data set. All variables in the PISA student data set 

(and their possible values) can be found in the codebook10. In Saarela & Kärk-

käinen (2014), Saarela & Kärkkäinen (2015c,b) and Kärkkäinen & Saarela (2015), 

we utilized the individual variables on a student level that are known to explain 

performance in mathematics. Here, we used an extended set of variables, includ-

ing those that are more on the scale of a classroom (e.g., teacher behavior) or a 

country (e.g., time of formal instruction in certain school subjects) than on an in-

dividual student level. 

In Table 8.2, all variables used in this study are listed. All are derived variables 

constructed with the Rasch model using students’ answers to the background 

questionnaire or other already-derived variables. For example, the first variable, 

the index of economic, social, and cultural status, is constructed using the highest 

parental occupation, the student’s home possessions, and the highest parental ed-

ucation, which themselves are derived variables constructed with the Rasch model 

(OECD 2014b).  

                                                           
10 Available at http://pisa2012.acer.edu.au/downloads/M_stu_codebook.pdf. 
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The following five variables (i.e., those with the IDs 2–6 in Table 8.2) are gen-

erally associated with performance on a student level, while the next ten variables 

(IDs 7–16) are all related to attitudes toward mathematics. Since mathematics was 

the major domain in 2012, attitudes toward this subject received considerable at-

tention in the background questionnaire. Here, we use all ten mathematics indices 

that together summarize 67 items in the student background questionnaire.  

The next five variables in the table (IDs 17–21) are related to how much time 

students spend studying. Both formal learning time in different subject areas as 

well as out-of-school study hours are detailed. The last variable, Age at ISCED 1, 

reports the beginning of the systematic education in reading, writing, and mathe-

matics. The last six variables (IDs 22–27) are all on the level of the teacher or 

teaching method. 

Table 8.2 Overview and identification of the derived PISA variables utilized in this study. 

PISA variable ID PISA variable ID 

Economic, social, and cultural status 1   

Sense of belonging 

Attitude toward school: learning activi-

ties 

Openness to problem solving 

2 

4 

 

6 

Attitude toward school: learning outcome 

Perseverance 

3 

5 

Self-responsibility for failing in math 

Instrumental motivation to learn math 

Anxiety toward mathematics 

Behavior in mathematics 

Subjective norms in mathematics 

7 

9 

11 

13 

15 

Interest in mathematics 

Self-efficacy in mathematics 

Self-concept in mathematics 

Intentions to use mathematics 

Mathematics work ethic 

8 

10 

12 

14 

16 

Out-of-school study time 

Learning time (min. per week)—

Mathematics 

Age at <ISCED 1> 

17 

19 

 

21 

Learning time (min. per week)—Test language 

Learning time (min. per week)—Science 

18 

20 

Teacher-student relations 

Teacher behavior: formative assessment 

Teacher behavior: Teacher-directed in-

struction 

22 

24 

 

26 

Mathematics teacher’s support 

Teacher behavior: Student orientation 

Experience with applied math tasks at school 

23 

25 

27 

8.4.2 Hierarchical Clustering 

An issue with the PSA data is the aforementioned absence of a large number of 

values. Moreover, each student in the PISA data sets has a weight expressing how 

representative he or she is of the population of all 15-year-old students within his 

or her country. Therefore, we computed the weighted means of the available data 

for each variable for each country/economy as inputs for the clustering algorithm. 
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We then normalized our data set using z-scoring and applied hierarchical cluster-

ing with Matlab’s default settings (i.e., agglomerative single-linkage clustering 

with the Euclidean distance). 

Agglomerative clustering techniques operate in a bottom-up fashion (Zaki & 

Meira Jr 2014). Hence, we started with each PISA country as a separate cluster. 

Then, the most similar country clusters  and  were repeatedly merged so that 

they formed a new and bigger cluster. The most similar clusters were defined as 

the ones with the smallest Euclidean distance between a point in  and a point in 

 (8.3): 

 , (8.3)  

where  (see Zaki and Meira Jr 2014). 

 

 

Fig. 8.4 The Davies-Bouldin index suggests that there are ten clusters in the data. 

To decide the number of clusters in the PISA 2012, the Davies-Bouldin cluster 

index (Davies & Bouldin 1979) was applied on the z-scored data. As can be seen 

from Fig. 8.4, the Davies-Bouldin index suggested that there are ten clusters in the 

data. Therefore, the merging of closest clusters was terminated after ten clusters 

were formed. 
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8.5 Results 

In this section, we first visualize the hierarchical clustering result of the aggregat-

ed PISA countries in the form of a dendrogram. Then, we profile the country clus-

ters according to their geographic and cultural similarities. Finally, we analyze the 

clustering results more deeply using statistical tests on two different levels. Since 

Finland is our primary interest, we first evaluate the differences between all clus-

ters, and then we analyze Finland’s cluster and its position within its own cluster.  

8.5.1 Visualization and Profiling of the Clusters 

Fig. 8.5 shows the hierarchical clustering result. Based on the similarities of coun-

tries in particular groups, we suggest the following labels for the ten clusters, as 

documented in Table 8.3. 

Table 8.3 Clustering results. 

ID Label Countries/economies 

C1 “Nordic/English-speaking” Australia, Canada, United Kingdom, New Zealand, Florida 

(USA), Connecticut (USA), Massachusetts (USA), USA, 

Denmark, Iceland, Norway, Sweden 

C2 - Costa Rica, Israel, Uruguay 

C3 “Eastern countries” Bulgaria, Lithuania, Montenegro, Perm (Russia), Romania, 

Russia, Serbia 

C4 “South America/Africa” Argentina, Chile, Tunisia 

C5 “developing countries” Brazil, Colombia, Indonesia, Mexico, Malaysia, Peru, Thai-

land, Turkey, Vietnam 

C6 “high-performing Asian” Shanghai (China), Singapore 

C7 “Kazakhstan” Kazakhstan 

C8 “Arabic” United Arab Emirates, Jordan, Qatar 

C9 “Asian” Hong Kong (China), Japan, Korea, (Macao) China, Taiwan 

C10 “Europe” Austria, Belgium, Switzerland, Czech Republic, Germany, 

Spain, Estonia, Finland, France, Greece, Croatia, Hungary, 

Ireland, Italy, Liechtenstein, Luxembourg, Latvia, Nether-

lands, Poland, Slovak Republic, Slovenia 

 

It is a surprise that Finland is not part of the Nordic/English-speaking cluster to 

which all other Nordic countries belong. This finding is interesting compared to 

the classification of Bulle (2011), who introduces “the Northern model: Denmark, 

Finland, Iceland, Norway, Sweden” as one of the five main OECD educational 

systems. This indicates that even if the educational systems are similar, it does not 

necessarily follow that the student characteristics are also similar.  
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Fig. 8.5 Dendrogram of all countries when their weighted mean is clustered. 
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The dendrogram implies that Finland belongs to the Europe cluster and is actu-

ally closest to the Netherlands. In the PISA 2012 results summary (OECD 2014a, 

page 7), the performances of these two countries in mathematics were found to not 

be statistically significantly different among many other pairs of countries. In ad-

dition, both the Netherlands and Finland are highly feminine cultures according to 

the Hofstede model (Hofstede 2011).  

As has been explained above, it was unexpected that Finland belonged to the 

Europe cluster and not to the Nordic/English-speaking cluster. We utilized statisti-

cal tests to assess the significance of the single variables and to explain why a par-

ticular country was allocated to a certain cluster. Since not all of our variables 

were normally distributed, we had to use non-parametric tests. 

To specifically address the finding of Finland’s position, we will first report the 

differences between all the clusters. Second, we will summarize the differences 

between Finland and its own Europe cluster; third, we will describe the variables 

that separate the Europe cluster from the Nordic/English-speaking cluster. 

8.5.2 Differences Between All the Global Clusters 

A Kruskal-Wallis H test (Kruskal & Wallis 1952) showed that there was a highly 

statistically significant difference in 20 of the 27 variables between the different 

clusters. The test statistics of all highly statistically significant variables are 

provided in Table 8.4. With reference to Table 8.4, variable 25, teacher behavior: 

student orientation (i.e., how much attention that teachers pay to individual 

students), was the most important in terms of accounting for variance in the cluster 

membership ( (9) = 51,227, p < 0.001). 

Table 8.4 Kruskal-Wallis H test statistics (all clusters) with a post hoc test. 

variable (9) p Post hoc test variable  (9) p Post hoc test 

1 

5 

8 

10 

12 

14 

16 

19 

23 

25 

48,676 

33,306 

48,701 

30,765 

35,298 

34,029 

39,863 

36,542 

46,378 

51,227 

 

 

 

 

 

 

 

 

 

 

C10-C5, C1-C5 

- 

C10-C5 

- 

- 

- 

- 

- 

C10-C5 

C10-C5 

4 

7 

9 

11 

13 

15 

18 

22 

24 

26 

 38,499 

37,399 

49,857 

42,170 

49,549 

49,082 

40,457 

42,940 

45,203 

42,610 

 

 

 

 

 

 

 

 

 

 

C9-C1 

- 

C9-C5, C10-C5 

C1-C5 

C1-C5 

C10-C5 

- 

C10-C5 

- 

- 

 

Subsequently, pairwise comparisons were performed using Dunn’s (1964) pro-

cedure with a Bonferroni correction for multiple comparisons. This post hoc anal-
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ysis revealed highly statistically significant differences in the ESCS between the 

developing (mean rank = 5.67) and the Nordic/English-speaking clusters (mean 

rank = 57.25) as well as between the developing and the Europe (mean rank = 

40.47) clusters, but not between any other group combination for this variable. 

This is also illustrated in Fig. 8.6, in which all pairwise comparisons of the differ-

ent clusters for their ESCS are shown. In the figure, black lines reflect a pairwise 

comparison that is not statistically significant, while orange lines reflect a statisti-

cally significant pairwise comparison. 

The last column in Table 8.4 summarizes the post hoc analysis for all the varia-

bles. As can be seen from the table, highly statistically significant differences were 

found in the attitude toward school: learning activities (i.e., the degree to which a 

student sees hard work in school pay off later) between the Asian (mean rank = 

5.00) and the Nordic/English-speaking clusters (mean rank = 51.08), in the inter-

est in and enjoyment of mathematics between the developing countries (mean rank 

= 56.89) and Europe (mean rank = 14.90) clusters, in the instrumental motivation 

to learn mathematics (i.e., the degree to which a student’s hard work in mathemat-

ics pays off later) between the developing (mean rank = 57.89) and the Asian 

(mean rank = 7.80) countries, and between the developing countries and the Eu-

rope (mean rank = 19.10) clusters.  

 

 

Fig. 8.6 Pairwise comparisons of clusters for ESCS. Statistically significant differences (between 

developing countries and the Nordic/English-speaking cluster and between developing countries 

and the Europe cluster) are marked in yellow. 

Highly statistically significant differences were found for the developing coun-

tries cluster when compared with the Nordic/English-speaking cluster with regard 

to anxiety toward mathematics (mean rank C5 = 55.00 vs. C1 = 14.92) and behav-
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ior in mathematics (i.e., the role of mathematics inside and outside school) (mean 

rank C5 = 54.11 vs. C1 = 12.17). In addition, highly statistically significant differ-

ences were found for the developing countries cluster when compared with the 

Europe cluster with regard to subjective norms in mathematics (mean rank C5 = 

51.11 vs. C10 =15.81) (i.e. how much attention to mathematics is given by friends 

and family), teacher-student relations (mean rank C5 = 51.44 vs. C10 = 14.90), 

mathematics teacher’s support (mean rank C5 = 52.22 vs. C10 = 14.43), and 

teacher behavior: student orientation (mean rank C5 = 54.33 vs. C10 = 15.14), re-

spectively. No highly statistically significant differences were found for any other 

group combination.  

Hence, the statistical test on a global level suggests that, overall, the Europe 

cluster and the developing countries cluster are the most dissimilar to each other. 

Students in the Europe cluster have a higher economic, social, and cultural sta-

tus—but students in the developing countries cluster have higher interests, more 

motivation to learn, and higher subjective norms in mathematics from their friends 

and family. Furthermore, students in the developing countries tend to report better 

relations with their teachers. 

When comparing Finland to other countries, the rather negative attitudes to-

ward mathematics were already observed in the 2003 assessment cycle. In both in-

terest in and enjoyment of mathematics, Finland was ranked 37th out of the 40 

participating countries (Linnakylä et al. 2011).  

Moreover, in a longitudinal study of Finnish students in grade 1 to grade 12 by 

Metsämuuronen et al. (2012), it was concluded that student contentment in regard 

to school in Finland decreases significantly from the second to the eighth grade, 

while it then very slightly increases starting in the ninth grade. The majority 

(82%11) of the Finnish students participating in the PISA are in the ninth grade, 

and almost all the rest are in the eighth grade (16%). Hence, Finnish students are 

at the stage in their basic education where their self-reported attitudes toward 

school are very poor. 

Metsämuuronen et al. (2012) suggest that these generally negative attitudes of 

Finnish students toward education are due to their modesty and honesty: “Part of 

the explanation in Finland [...] can be the appreciation of honesty and speaking 

frankly [...] pupils in Finland [...] are relatively humble when they describe their 

knowledge. This ‘humbleness’ may also be reflected in attitude measurements.” 

8.5.3 Differences Between Finland and the Other Countries Within 

the Europe Cluster  

According to the clustering result, Finland is most similar to the countries in the 

Europe cluster. Table 8.5 summarizes the highly statistically significant variables 

according to which Finland differs from the remaining countries within its own 

cluster, as determined by the Wilcoxon signed-rank tests. 

                                                           
11 Our own calculation from the PISA 2012 data. 
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Fig. 8.7 Weighted averages of the out-of-school study hours for all in PISA-participating coun-

tries. In comparison to all the other countries, Finnish students study the least after school. 
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Table 8.5 Wilcoxon signed-rank statistics (Europe - Finland clusters). 

variable 1 7 10 11 16 17 18 24 

Z 

P 

-3.920 

 

3.920 

 

3.920 

 

3.771 

 

3.808 

 

3.920 

 

3.845 

 

3.920 

 

 

As can be seen in Table 8.5, the majority of the Europe cluster has a significant-

ly lower ESCS than Finland (z = −3.92, p < 0.001). Nevertheless, the Europe clus-

ter majority has a significantly higher self-responsibility for failing in mathematics 

(z = 3.92, p < 0.001), anxiety toward mathematics (z = 3.771, p < 0.001), and self-

efficacy in mathematics (z = 3.92, p < 0.001) than Finland. Furthermore, the Eu-

rope cluster in general shows higher scores in many variables that measure em-

phasis of formal assessment and how much time students spend studying.  

In particular, there is a significantly higher work ethic in mathematics (z = 

3.808, p < 0.001) and more out-of-school study hours in the Europe cluster than in 

Finland (z = 3.920, p < 0.001). The latter is illustrated in Fig. 8.7, where the 

weighted average out-of-school study hours for students in all participating PISA 

countries are plotted. As can be seen from the figure, Finnish students not only 

study the least outside of school within their own Europe cluster but also com-

pared to all other countries participating in the PISA.  

In addition, learning time (min. per week) - test language in Europe is 

significantly greater than in Finland (z = 3.845, p < 0.001, see Table 8.5), and Eu-

rope has a significantly higher score in teacher behavior: formative assessment 

than Finland (z = 3.920, p < 0.001). In summary, these results support the observa-

tions by Sahlberg (2011), who writes that educational decision makers in Finland 

“do not seem to believe that doing more of the same in education would necessari-

ly make any significant difference for improvement.” 

 

 

Fig. 8.8 One-Sample Wilcoxon Rank Test for work ethic: The work ethic of students in Finland 

is significantly lower than the work ethic of students in the Europe cluster. 

As can be seen from the Wilcoxon signed-rank test result and Fig 8.8, 15-year-

old students in Finland seem to already have a rather relaxed attitude toward for-
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mal assessment and investing time in their studies. This is particularly evident in 

the highly statistically significantly lower work ethic12 of Finnish students.  

It must also be kept in mind that the systematic teaching of reading, writing, 

and mathematics begins later in Finland than in Europe (z = −3.435, p < 0.001). 

This is illustrated in Fig. 8.9. In Finland, children are seven years old when they 

start school. Combined with the finding that the hours of formal instruction of cer-

tain subjects are, as described in the above paragraph, significantly lower in Fin-

land, this means that Finnish students spend less time at school than students in 

other countries. This finding has also been emphasized by Kumpulainen & Lank-

inen (2012). 

 

 

Fig. 8.9 One-Sample Wilcoxon Rank Test for age at <ISCED 1>: Systematic teaching of read-

ing, writing, and mathematics begins significantly later in Finland than in Europe. 

8.5.4 Europe Cluster in Comparison to the Nordic/English-Speaking 

Cluster  

A Mann-Whitney U test was run to determine if there were differences in the 27 

variables between the Europe and the Nordic/English-speaking clusters. 

Distributions of the 27 variables for the two groups were not similar, as assessed 

by visual inspection. The test statistics can be found in Table 8.6. 

When we combine the test results of the Mann-Whitney U test of the Nor-

dic/English-speaking versus Europe and the Wilcoxon signed-rank test of Europe 

versus Finland, we find that two variables (16 and 18) augment Finland’s special 

                                                           
12 The work ethics scale index is computed with the Rasch model and by using the extent to 

which students agree or disagree with the following statements: I finish my homework in time for 

mathematics class; I work hard on my mathematics homework; I am prepared for my mathemat-

ics exams; I study hard for mathematics quizzes; I keep studying until I understand mathematics 

material; I pay attention in mathematics class; I listen in mathematics class; I avoid distractions 

when I am studying mathematics; and I keep my mathematics work well organized. 
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characteristics: work ethic and study time (test language) are statistically 

significantly lower in Europe and even lower in Finland. As described above, 

these variables measure how much time students spend studying and how much 

they strive for high grades in mathematics. 

Table 8.6 Mann-Whitney U test results comparing the Europe cluster to the Nordic/English-

speaking cluster. 

PISA 

variable 

ID 

 

4 

 

8 

 

9 

 

12 

 

15 

 

16 

 

18 

 

22 

 

23 

 

25 

U 

Z 

p 

19 

-4.004 

 

27 

-3.705 

 

5 

-4.528 

 

30 

-3.593 

 

1 

-4.678 

 

38 

-3.293 

 

22 

-3.892 

 

20 

-3.967 

 

28 

-3.668 

 

20 

-3.967 

 

 

According to the Mann-Whitney U test, there was a significant (p < 0.001) dif-

ference in attitude toward school: learning activities, interest in and enjoyment of 

mathematics, instrumental motivation to learn mathematics, self-concept in math-

ematics, subjective norms in mathematics, mathematics work ethic, test language 

learning time, teacher-student relations, mathematics teacher’s support, and 

teacher behavior: student orientation between the two clusters. In all these varia-

bles, the Nordic/English-speaking cluster showed higher values than the Europe 

cluster. With reference to Table 8.6, subjective norms in mathematics seems to be 

the most important variable that separates the Nordic/English-speaking cluster 

from the Europe cluster. 

The comparisons of the Nordic/English-speaking cluster to the Europe cluster 

mostly revealed variables that estimate the students’ own perception of their mer-

its and importance. It is especially interesting that the self-reported self-concept is 

significantly lower in Finland, because this PISA 2012 variable actually explains 

the performance of Finnish students in the PISA mathematics test fairly well, and 

it is the mathematics scale index that correlates the most with their plausible val-

ues in mathematics (Saarela & Kärkkäinen 2014). However, it seems that even if 

Finnish students evaluate their own skills realistically, they are more modest about 

them. Generally, students in the Nordic/English-speaking cluster tend to have 

higher opinions about themselves, are more motivated, and report better relations 

with their teachers. 

The average mathematics performance based on the plausible values of the 

countries in the Nordic/English-speaking cluster is 495.3, while the mean mathe-

matics performance of the countries in the Europe cluster is higher (500.5). We 

conclude that learning time and positive student-teacher relations seem to be less 

important features than collaborative skills or being free from arrogance for ex-

plaining students’ success in the PISA test. 
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8.6 Visual LA of the PISA Results  

The macro-level LA of the Finnish basic educational system is visualized in the 

dashboard of Fig. 8.10–8.13 through the lens of the cultural background, the 

PISA, and our empirical analysis. This dashboard consists of four figures, and its 

composition was inspired by Ferguson & Shum (2012). 

 

 

Fig. 8.10. Finland’s ranking in the PISA cycles. 

 

Fig. 8.11. Finland’s scores in the Hofstede model dimensions. 
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Fig. 8.12. Characteristics of the Finnish educational system. 

 

Fig. 8.13. Finland’s student characteristics from clustering. The red bubbles indicate alarming 

characteristics and the yellow bubble indicates the characteristic that could be improved.  

Finland has been a top-performing PISA country in the last five assessment cy-

cles (Fig. 8.10), although the ranking clearly decreased in 2012, especially in 

mathematics. A certain interesting success factor of the educational system is the 

cultural deviation from the world’s midlevel as a feminine culture with a low 

power distance (Fig. 8.11). The system is based on the strong autonomy and au-

thority of highly educated teachers, with a small amount of formal assessment and, 
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in particular, a complete lack of national comparative assessments of the learning 

results (Fig. 8.12). In addition, a rich common curriculum is present for untracked 

groups of students, who start late in their systematic learning of reading, mathe-

matics, and science. As a whole, equity and equality characterize the system, 

which provides strong student support (e.g., in the form of free lunches, health 

care, and school transportation) (Fig. 8.12). 

However, many contradictory factors about the Finnish students in relation to 

their high PISA results emerged in the empirical LA analysis (Fig. 8.13): they 

have a low motivation to learn and excel in school, a low interest in school topics, 

a low work ethic, and an exceptionally small number of extra-school study hours. 

The importance of their studies, and specifically mathematics, is considered low 

for their future career. The overall evaluation of the different facets of the dash-

board indicates that the lowering trend of the PISA, and particularly the mathe-

matics performance of Finnish students, may continue. To improve the system, so 

as to perhaps be ranked once again as number one in the PISA, students need to be 

more motivated and oriented toward schoolwork, extra-school study hours, and 

mathematics, and to keep their future career orientation clearly in mind. We also 

hypothesize that the complete common, joint, and untracked subject orientations 

demotivate the most talented students by requiring minimal effort from them. All 

these factors provide further challenges to subsequent upper secondary and higher 

education. 

8.7 Discussion 

We briefly summarize the empirical findings from the previous sections. These 

were obtained by utilizing one of the illuminated educational clustering tech-

niques, hierarchical clustering, and by taking into account all the specific demands 

of the PISA data discussed above. As suggested by the Davies-Bouldin cluster 

validation index, we first divided the students of all the PISA-participating coun-

tries into ten separate groups. The clusters that were found generally could be ex-

plained by the culture and geographical location of the countries in them. Never-

theless, Finland surprisingly belonged to the Europe cluster (see Fig. 8.5), while 

all the other Scandinavian countries belonged to the cluster of Nordic/English-

speaking countries. This illustrates how similar educational systems (see Bulle 

2011) can be reflected by different student characterizations. 

Statistical significance tests of the clustering result revealed why particular 

countries were allocated to a certain cluster. At first, it seemed that the results of 

the statistical test were somehow contradictory, as students in better-performing 

countries had worse student-teacher relations and generally showed less 

confidence in their own achievements and skills. Moreover, the work ethic of the 

students in the better-performing Europe cluster was significantly lower than that 

of the students in the Nordic/English-speaking countries cluster—and the better-

performing Finnish students showed a work ethic that was significantly worse than 
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the remaining students in the Europe cluster. However, these findings seem to be 

connected to and explicable by the existing research related to Finnish culture in 

general. 

As was explained in the literature review about the Finnish educational system 

and culture, Finnish citizens are modest about their own achievements, and they 

place great emphasis on equity and equality. The most important driving factors in 

the life of this highly feminine country are to live a good life and to care for others 

rather than to focus on one’s own success and desire to be the best. This is inter-

esting because, as emphasized in our literature review, French et al. (2015) found 

a negative causal relationship between education expenditures and power distance 

and masculinity. Furthermore, Finnish students seem to have an extremely relaxed 

attitude toward formal assessment and investing time in studies, as can be ex-

pected in a feminine country. 

Finally, the main success of Finnish students in the PISA seems to a great ex-

tent to be related to the relatively better scores of the lowest-scoring Finnish stu-

dents in comparison with other countries (Andersen 2010), which in turn is sup-

ported by the collaborative and ostentation-free thinking in the country. However, 

as illustrated in Fig. 8.10, Finland’s ranking significantly dropped in the latest 

PISA 2012 assessment (OECD 2013b), and according to the overall characteriza-

tion of the Finnish students as given and visualized in Fig. 8.13, the negative trend 

in performance might have continued in the PISA 201513.  

8.8 Conclusions 

LA is a growing and expanding research field. Traditionally, many studies have 

concentrated on analyzing educational data originating from a macro or (at the 

most) meso level. The publicly available and high-quality PISA data sets, on the 

other hand, provide the opportunity to conduct big data LA research on the macro 

level, because they comprise data on a whole population of international students. 

In this chapter, we have introduced the background for conducting large-scale 

LA research on the PISA. We have described the main data sets as well as the 

complexities within them and discussed how to work with these data. Moreover, 

we have provided a review of relevant clustering studies within the educational 

domain. Our empirical work, as discussed in the previous section, provided novel 

findings and strengthened earlier knowledge on the particularities of the Finnish 

educational system, which has received a great deal of attention during the 21
st
 

century due to the exceptionally good performance of the Finnish students in the 

PISA tests. 

We used quantitative LA methods to identify the main attributes of individual 

learners that affect their learning experience in the environment where the learning 

occurs (Fournier et al. 2011). Similar to the reviewed educational clustering stud-

ies in Section 8.2.2, we analyzed the student model; however, in contrast to these 

                                                           
13 Data from the PISA 2015 will be published by the OECD in December 2016 (National Center 

for Education Statistics 2016). 
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previously reviewed studies, our model represented a prototype of a national stu-

dent population obtained by weighted aggregation. Concerning Finland, the high-

achieving country inside the PISA assessments, it was concluded that an educa-

tional system promoting student collaboration, humility, and equity can success-

fully cope with the challenges of negative attitudes toward mathematics, low work 

ethic, and little study time outside school. This summarizes the evidence-based 

knowledge discovered about the long-term impact of educational policies and 

practices on the achievement targets (Piety et al. 2014). Such a conclusion also 

provides an example of a national education system assessment using big data LA 

as illustrated in Fig. 8.1: The international–objectives driven data collection and 

transformation improves understanding of educational arrangements via proper 

analysis methods that are able to cope with the specialties of the sampled large-

scale data. 

Big data LA, as described in Section 8.1 and depicted in Fig. 8.1, linking to-

gether the four dimensions of LA proposed by Chatti et al. (2014) (see also Greller 

& Drachsler 2012), encapsulated and supported the overall management of the 

large-scale educational system assessment based on the PISA data. Our empirical 

work exemplifies the multiple facets of LA: hierarchical clustering as a data min-

ing technique, visualization of the dendrogram to illustrate the clustering result, 

and statistical testing to verify the findings. Thus, our work increased the body of 

knowledge for the macro level of educational systems. We promoted reflection of 

the main characteristics that differentiate the students in various educational envi-

ronments, according to the objectives of LA by Chatti et al. (2014) (see Section 

3.3). Our reflections of the PISA results were emphasized in the dashboard in Fig. 

8.10–8.13 using different LA visualization tools. This dashboard facilitates aware-

ness and monitoring of critical educational aspects for the Finnish 15-year-old 

student population (Beheshitha et al. 2016). 

As a whole, the PISA—as well as the other large-scale-assessments, such as 

those mentioned in Section 8.3.4—provides a very rich and interesting source for 

macro-level LA studies. We think that the methods and the framework developed 

for the publicly available large-scale assessment data sets can and will advance the 

open architecture of educational applications, which Peña-Ayala (2014) has iden-

tified as one of the shortcomings of the current educational data analysis research 

area. 

As part of our future research, we intend to repeat our study using the individu-

al students instead of the country-level aggregation as data for clustering. Fur-

thermore, one of the recent trends in LA focuses on educational process mining 

(Sedrakyan et al. 2016, Mukala et al. 2015, Trčka et al. 2010). For the traditional 

pen-and-paper PISA tests, this is not an option. However, for the future PISA cy-

cles, where the tests will be increasingly conducted electronically and log event 

data will therefore be available (compare the PISA 2012 problem-solving test, 

which was conducted electronically and log files can be downloaded from the 

above-cited OECD webpage), this would provide an interesting and promising di-

rection for future research. 
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