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We assess the extent to which education systems in European countries effectively support the
acquisition of skills that will maximize employability of school leavers on a labour market affected by
automation. We provide various empirical analyses of cross-national skills and education surveys
(international students and adult competencies assessment surveys and national skills and education
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VET systems should teach general skills and scrutinize the relationship between educational expansion

and technological change.
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Management Summary

Technological innovations continuously alter skills needs on the labour market. This is true not only
for employees engaged in routine tasks but, to an increasing extent, will also apply to employees in
professions and with complex non-routine tasks. As a consequence, technological innovations will lead
to a shift in skills needs on the labour market. In this report we assess the extent to which education
systems in European countries are effectively support the acquisition of skills that will maximize
employability of school leavers. We provide various empirical analyses of cross-national skills and
education surveys (international students and adult competencies assessment surveys and national

skills and education surveys).

In Chapter 1, we study the extent to which children’s acquisition of relevant skills (e.g. computer skills
problem solving skills) relates to characteristics of schools and education systems, using PISA data and
data from the International Computer and Information Literacy Study (ICILS). We examine cross-
national inequality in the acquisition of computing and problem solving skills by parents’
socioeconomic status and gender. We further assess how social background and gender inequalities
in relevant skills vary by the characteristics of the educational systems. We conclude that although
there are sizeable differences between countries, most of the variation in test scores is observed
within countries, between schools. As our exploratory cross-country analysis shows, most differences
between countries are not related to system characteristics. This implies that individual and school
differences matter the most. With regard to the school characteristics, most of the observable
variation in computer literacy and computational thinking across schools is explained by the
composition of the students in the school. In larger schools, with more favourable ratios between
teachers and students, and sufficient ICT resources at a school, computer literacy tends to be higher.
Compared to computer information literacy (CIL), the analysis of computational thinking (CT) shows
that most of the individual-level variance is explained by the composition of the school too.
Furthermore, the composition variables at the school level also explained most of the school-level
variance. Our results also imply that substantial gains in both CIL and in CT skills come from the usage
outside of the school environment. Using computers in school helps, but using computers outside
schools for other than school purposes is what promotes these skills the most. In line with these
findings, we find that the variation in problem-solving skills between countries is considerable, but
that the variation within countries between schools is even larger. The composition of student
populations (gender, migration, SES, age) accounts for almost one sixth of the between-country
variation and between-school variation in test scores. Once we take school characteristics into

account as well, such as private/public school, autonomy, extra-curricular creative activities and the



student-teacher-ratio, we account for some additional five percent of the between-school variation.
Private schools have a higher average performance than public schools, and extra-curricular activities
are associated with a higher problem-solving proficiency. A better student-teacher ratio also helps.
Characteristics of the educational systems and other country characteristics we considered explain

differences in average proficiency levels across countries only to a minor extent.

In Chapter 2, we study determinants of the working populations’ ICT skills in 18 European countries,
with a special focus on the contextual level. To explain gaps in adults’ ICT skills across countries, we
use existing micro-level theories and extend them by five explanatory factors at the contextual level:
ICT infrastructure, ICT usage, technical skills demand, adult education infrastructure, and level of
gender equality. We apply our framework to data from the first cycle of the OECD's Programme of the
International Assessment of Adult Competencies (PIAAC) that offers objective measures of adults' ICT
skills. To analyse these data, we use multilevel regression models to decompose variance, identify and
model possible gaps, and test hypotheses about the connection between skill gaps and national
educational systems. Regarding micro-level determinants of ICT skills, our findings support previous
research. On the contextual level, we found a country’s ICT infrastructure to be a relevant determinant
of the working population's ICT skills. Moreover, we found some support for a country’s ICT usage and
its adult education infrastructure as relevant explanatory factors for country-differences in the
working populations’ ICT skills. We could not find support for a meaningful relationship of a country’s

technical skills demand and level of gender inequality with their working populations’ ICT skills.

The introduction of technology has been said to require a substantial increase in the educational
attainment of the citizens of industrial nations. However, education is also sometimes seen as the
driver of workplace transformations, with employers responding to the increasing supply of highly
educated workers by introducing changes in the organization of work. In Chapter 3, we delve into this
matter. We examine whether educational expansion is a response to exogenous changes in the
structure of employment, or a factor that in itself can change the structure of production. Previous
studies have mainly linked educational reforms to wages, not the production process more directly.
This paper examines the relationship between educational expansion and technological change using
evidence on changes in educational attainment and job complexity in 14 European countries between
1995 and 2015. We explore the link between educational expansion and job complexity at the societal
level. We conclude that although much has been made of the importance of education as a vehicle
for social change, we basically find no support for the view that education is the transformative force
it has been made out to be. This implies that it is technological change, rather than educational

expansion.



In Chapter 4 we examine the effect of general skills on wages for vocationally educated workers with
a qualification at upper secondary level. While general skills are considered crucial for labour market
success of workers in general, it is not clear whether this also holds for the vocationally educated
workers. We use the recently developed concept of effective skills to identify the relation between
general skills and wages for this group. The results indicate that general skills strongly affect wages of
vocationally educated workers and are not less important than for generally educated workers from
upper secondary education. For vocationally educated males these effects are specifically salient for
prime age and older workers (36 and above). For vocationally educated females, general skills are
most important in the beginning of their career. Since general skills are so important for vocationally
educated, the next question is which characteristics of vocational education systems are associated
with cross-national differences in the proficiency levels. We show that a strong vocational orientation
of the educational system is not associated with the skills of vocationally educated, but they are
systematically related to the skills of those educated in general tracks. A strong vocational orientation
of the educational system leads to a more selective group of students who follow the general tracks.
This characteristic is thus associated with an increasing gap between the vocational and those
educated in general tracks. Skill proficiency levels of vocationally educated are not systematically

related to whether vocational programs in a country are primarily school-based or workplace-based.

The chapters in this report form the basis for various scientific papers, to be submitted to journals.
Please do not cite, copy, or replicate them in any way, shape, or form, without prior permission

This project has received funding from the European Union’s Horizon 2020 research and innovation
programme under grant agreement No 822330. For more information on the project, see
https://www.technequality-project.eu/
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Chapter 1

Educating Today for Tomorrow’s labour Market:
The Role of Schools and School Systems
in Teaching Children
Computer and Problem-Solving Skills

Per Bles, Mark Levels, Nora Mueller,

Giampiero Passaretta & Reinhard Pollak.



1.1 Introduction

European labour markets are currently undergoing a technological transformation of historical
significance. An increasing number of job tasks can be entrusted to machines because of startling
innovations in robotics, artificial intelligence, computer capacity, and data storage. Machines have
long been proficient in routine tasks but are now also increasingly proficient in complex non-routine
tasks (Brynjolfsson and McAfee, 2014; Susskind and Susskind, 2015). Consequently, tasks of existing
jobs change (Arntz et al., 2017; Acemoglu and Restrepo, 2019), and so do the skills required to be
productive in these jobs. And yet it is not clear which skills are required in an automated labour
market. Most scholars agree that on automated labour markets, workers’ employability and
productivity will likely strongly be determined by the extent to which workers can compete with
machines, work with machines, build machines, or complement machines (Brynjolfsson and McAfee,
2014; Frey and Osborne, 2017). This chapter provides data analyses that examine to what extent and
how European education systems and schools contribute to teaching pupils the skills that are

necessary to achieve these ends.

We focus on two skills domains that are commonly thought to be amongst the most important skills
in the 21% century (see e.g.: Brynjolfsson and McAfee, 2014; World Economic Forum, 2020a): ICT skills
— or more specifically, computer and information literacy (CIL) and computational thinking (CT) — and
creative problem-solving skills. During the first two decades of the 21° century, computer skills and
digital literacy have become increasingly important for workers’ employability and productivity
(Acemoglu and Autor 2011; Lane and Conlon, 2016; OECD, 2013; 2020). Two trends suggest that
computer skills will become even more relevant in the next two decades. First, increasing digitization
of developed economies, accelerated by the Covid-19 pandemic, further exacerbates the relevance of
digital skills for a larger share of the workforce (OECD, 2020). Second, the ongoing work automation
will likely increase the need for digital skills in many jobs (Brynjolfsson and McAfee, 2014; Frey and
Osborne, 2017). However important, the empirical literature on digital skills acquisition of children is
still relatively modest. The literature mostly focuses on a single country or a selected group of
countries (DeBortoli et al., 2014; Siddiq and Scherer, 2016; Throndsen and Hatlevik, 2016; Senkbeil,
2018; Aydin, 2021), hampering our understanding of cross-national differences and the relevance of
national education systems. Cross-national analyses focus mostly on explaining gender differences,
and disregard other important social cleavages, such as the importance of children’s socioeconomic

background (Punter, Meelissen and Glas, 2017; Gebhardt et al., 2019).

The second and related set of skills often deemed important are higher-order cognitive skills (World
Economic Forum, 2020b). The task-based literature on automation argues that routine tasks are most

strongly automatable, but cognitive tasks are less likely to be substituted by computers (cf. Acemoglu



and Autor, 2011). Therefore, cognitive skills remain essential for human employability (Brynjolfsson
and McAfee, 2014; Arntz, Gregory and Zierhan, 2017). In this paper, we focus on a specific set of
cognitive skills, i.e. creative problem-solving skills. Toghether with digital skills, creativity and analytic
thinking are among the most important skills for tomorrow’s labour markets (World Economic Forum,
2020a), and itis crucial to understand how they are best learned. Large cross-national analyses suggest
that education systems and schools may impact the acquisition of problem-solving skills, but existing
analyses are limited in scope and focus on a limited set of characteristics of schools and education

systems (cf. Scherer and Beckman, 2014; Dronkers, Levels and De Heus, 2014).

To fully reap the economic and societal benefits from digitization and automation and optimally
realize their potential for economic growth, it is essential to create a future labour force with the
necessary skills (World Economic Forum, 2020b). To do so effectively, it is crucial to understand how
to create the circumstances that allow us to teach children relevant skills effectively and efficiently. In
this chapter, we present analyses that aid this understanding. We answer the following research
guestions: a) to what extent are there cross-national differences in the extent to which pupils are
proficient in computer and information literacy (CIL), computational thinking (CT), and complex
problem-solving (PS), b) to what extent are there cross-national differences in gender and SES
inequalities in CIL, CT and PS, and c) to what extent and how do characteristics of teachers, schools,

and education systems contribute to explaining these differences?

To answer our research questions, we analyse two data sets. First, we study CIL and CT using cross-
national data on 9,449 children from Germany, Finland, France, Luxembourg, and Portugal from the
International Computer and Information Literacy Survey (ICILS) 2018 (Fraillon et al., 2019). These data
contain information about a wealth of characteristics of pupils, their families, their teachers, and their
schools and are well-suited for understanding the role of education systems (Gebhardt et al., 2019).
Crucially, they also contain measurements of children’s computer use, and direct psychometric
measurements of computer and information literacy and computational thinking skills. This allows us
to analyse the relevance of children’s behaviour and direct school contexts for acquiring the relevant
skills. We merge the ICILS data with macro-level data on education systems and analyse these data in
two ways. In a first step, we run by-country regression analyses to explore the relevance of individual
and school characteristics for individuals’ CIL and CT. In a second step, we use the outcomes of these
by-country analyses as input for exploratory cross-national analyses that help us assess the potential

role of education systems and country characteristics.

The second set of analyses focusses on problem-solving skills using data on 91,152 15-year old pupils
from 19 countries, from the 2012 wave of the tri-annual Programme for International Student

Assessment (PISA) (OECD, 2014a). These data contain direct psychometric measures of problem-



solving skills, using computer-based assessments to measure individuals’ capacity and willingness “to
engage in cognitive processing to understand and resolve problem situations where a method of
solution is not immediately obvious” (OECD, 2013; p.122). We model variation in these skills and the
related gender and socioeconomic gradients between countries, and within countries between

schools. To explain this variation, we run three-level hierarchical random intercept models.

This chapter is arranged as follows. Section 1.2 focusses on analysing ICT skills. (more specifically: CIL
and CT). Section 1.3 focusses on analysing creative problem solving. Section 1.4 draws some general

conclusions and Section 1.5 offers policy implications from the findings of our analyses.

1.2 Analyses of Computer and Information Literacy and Computational Thinking
Skills

1.2.1 Theory & Hypotheses

In this chapter we draw our attention to the ability to use information communication technology —
ICT skills —as the ability set most directly related to the demand of technologized workplaces and their
potential determinants. In order explain differences in students' ICT skills, we draw on three major
theories of skill acquisition — practice engagement theory (Reeder, 1994), constructivist learning
theories (Bandura, 1971; Piaget, 1969), and social cognitive theory (Bandura, 1986; Compeau &
Higgins, 1995). All three theories argue that the acquisition of a certain skill is strongly determined by
its regular use both inside and outside of formal learning contexts. Practice engagement theory argues
that to acquire a certain skill, this skill must be involved in daily life. Constructivist learning theories
especially highlight the relevance of out-of-school learning (non-formal and informal learning) for skill
acquisition and improvement. Social cognitive theory understands human functioning, including ICT
skills, as a result of personal, behavioural, and environmental determinants. The theory stresses the
role of ICT use as a behavioural determinant for adults' ICT skills. Personal determinants include
personal factors such as ICT self-efficacy, ICT attitudes, or privacy concerns. Environmental
determinants include factors such as ICT and training access (cf. Bandura, 1986; Hoffmann et al.,
2015). Based on these theoretical considerations, we derive a set of hypotheses for computer and
information literacy and computational thinking. For both measures of ICT related skills, we expect to
find the variation of these skills to be larger within countries between schools compared to the

variation between countries (see OECD 2014b for other domains).

Practice engagement theory, constructivist learning theories, and social cognitive theory argue for a
positive effect of practice and exposure within and outside of schools on ICT-related skills. We expect

practice to have a positive effect on both skill measures (hypothesis 1). Constructivist learning theories



emphasize the role of out-of-school learning. Thus, we expect the ICT use outside of school for out-
of-school purposes to have a stronger positive effect on computer and information literacy (CIL) and
computational thinking (CT) compared to within-school ICT practice (hypothesis 2). Accordingly, better

ICT infrastructure at the student’s household is related to higher ICT skills (hypothesis 3).

We take advantage of the fact that ICILS data highlight different aspects of ICT skills. While CIL
measures information literacy in receptive and productive communicative contexts, CT encompasses
problem specification and solution creation that can be implemented by computers (Fraillon et al.,
2020). In line with the findings of Fraillon et al. (2020), we expect girls to show an advantage over boys
in CIL, while we expect boys to outperform girls in CT. For the socio-economic background (SES) of

students, we expect to find lower CIL and CT scores of students with low SES (hypothesis 4).

Different levels of practice and exposure may play out differently for girls and boys and for children
with high/low SES. We know from previous research that boys do better in ICT skills in less favourable
learning environments, e.g. in settings with low teacher-student ratios. Thus, we expect girls to profit
more from enabling learning environments than boys (hypothesis 5), i.e. girls profit more from their
ICT use outside of school for out-of-school purposes and from the existing household’s infrastructure
than boys do. For students from low SES backgrounds, we also expect to find a stronger positive effect
of exposure on CIL and CT skills than for students with high SES backgrounds (hypothesis 6). We expect
a compensating effect, and assume that exposure does more to low SES children with respect to their

CIL and CT skills than to high SES children.

Next to the home environment, schools are young students' most relevant learning context. We do
expect to find a large variation of ICT skills between schools. Based on the findings of previous research
we will consider schools' ICT infrastructure and teachers' ICT characteristics as relevant determinants
of students’ ICT skills. Previous literature (Gerick, 2018) has identified three groups of relevant school-
level variables to affect the acquisition of ICT skills: (1) ICT infrastructure, (2) teacher’s ICT

characteristics and (3) school visions or strategies.

A school’s ICT infrastructure, determined by ICT equipment and by the available technical and
pedagogical support, can be considered one of the most relevant prerequisites for successfully
implementing digital technologies into teaching and learning. We, therefore, expect a better ICT

infrastructure at school to be related to higher ICT skills among students (hypothesis 7).

A good ICT infrastructure at school can be brought into action only through the teachers’ capability
and willingness to use and integrate ICT in their teaching. We thus expect teachers’ own ICT
experience and teachers’ actual use of ICT in class to be positively related to students’ ICT skills

(hypothesis 8).



A third condition for successfully developing students’ ICT skills are appropriate school visions and
strategies for teaching ICT implemented by the school administrators. We argue that the higher the
experience with ICT skills by the school principal, the ICT coordinator or the teachers, the more

sophisticated the vision and strategy, and the higher the students' ICT skills (hypothesis 9).

For ICT skills, we expect to find differences between countries, even though they may be smaller than
differences within countries between schools. The ICILS data only gathered data on a restricted set of
European countries: France, Portugal, Finland, Germany, and Luxembourg, we are restricted to
Western European. Portugal and Finland are best examples of Southern and Nordic European settings,
and France, Germany, and Luxembourg are examples of Continental settings. Due to the limited
number of countries, we focus on country-specific analyses. Nevertheless, we use descriptive analyses
to investigate the correlations between country-level characteristics on the one hand and CIL and CT
measures on the other hand. We consider economic, technological, and institutional factors on the

country level and test their correlation with CIL and CT scores.

Research & development investments in a country should directly increase ICT skills. Hence, the higher
the expenditures in the percentage of GDP in research & development, the higher the average CIL and
CT scores. Economic inequality is by and large expected to lower the average ICT skill development,
as fewer students from less privileged backgrounds have access to ICT hardware and appropriate
learning practice. Thus, we expect the GINI-coefficient, a well-known measure of income inequality,

to be negatively related to ICT skills (hypothesis 10).

In general, we expect students to perform better in CIL and CT tests in technologically-advanced
countries because of everyday practice with digital processes, like online shopping, gaming,
communication, or business. The indicator for the use of digital technologies is the average percentage
of people in a country that submitted completed forms to public authorities over the internet in the
last 12 months. This measure gives us an idea about the permeation of and practice with digital devices
in day-to-day life among adults, which should work as a blueprint for the digital behaviour of
adolescence as well. Hence, we expect the use of digital technologies in a country to positively

correlate with students' ICT skills (hypothesis 11).

Also, the educational systems are expected to have a decisive impact on the ICT skill levels. Countries
differ in the degree of standardization of teaching content (input standardization) and the existence
of centralized tests (output standardization). In countries with high input and output standardization,
the educational systems are arguably less flexible to adapt quickly to new skill demands, like in the
case of ICT skills. Thus, countries with high input and output standardization should lag behind and

have on average lower ICT skills (hypothesis 12). And yet the penalty for highly standardized countries



should be moderate if the emphasis on the importance of out-of-school experiences placed by

constructivist theories is on the target.

Last, we argue that private schools are probably better equipped to foster ICT skills. Private schools
are more flexible in their curriculum, they can autonomously select educators based on their (ICT) skill
set, and they are free to invest more resources in ICT hardware. Hence, students from private schools
should perform better in CIL and CT skills compared to students in public schools (hypothesis 13).
However, private schools are often an indicator of existing economic and social disparities in a given
country. As we expect inequality to lower a country’s average ICT skills among students, a high level

of income inequality might reduce the positive effect of private schools.

1.2.2 Data
To assess the influence of education systems on Computer and Information Literacy (CIL) and

Computational Thinking (CT), we make use of the IEA’s International Computer and Information
Literacy Study (ICILS) from 2018 (Fraillon et al., 2019). We analyse data from Germany (DEU), Finland
(FIN), France (FRA), Luxembourg (LUX) and Portugal (PRT).

1.2.2.1 Dependent variables

The ICILS data includes two different dimensions of ICT skills: computer and information literacy (CIL)
is defined as “an individual’s ability to use computers to investigate, create, and communicate in order
to participate effectively at home, at school, in the workplace, and in society” (Fraillon et al. 2013, p.
17). The second dimension, computational thinking (CT), is defined as “an individual’s ability to
recognize aspects of real-world problems which are appropriate for computational formulation and
to evaluate and develop algorithmic solutions to those problems so that the solutions could be
operationalized with a computer” (Fraillon et al. 2019, p. 27). While CIL measures information literacy
in receptive and productive communicative contexts and thus refers stronger to information and
communication digital skills, CT encompasses problem specification and solution creation that can be

implemented by computers and thus refers stronger to problem-solving digital skills.

Our dependent variables are measured through computer-based assessments based on tangible
problems. As the real proficiency of students in CIL or CT can only be inferred from their assessment
responses, in the surveys, plausible values are used to make a correct inference. A plausible value is a
likely score of proficiency drawn from the marginal posterior of the latent distribution. Five plausible
values are used (OECD, 2014a; Fraillon et al., 2019). To handle the plausible values, we make use of
the Stata’s repest package (Avvisati & Keslair, 2014). We ran our analyses with a normalized final

student weight on all plausible values with replicate weights (Avvisati & Keslair, 2014; OECD, 2009,



chapter 5). The computer and information literacy scale and the computational thinking scale are
calibrated to have a mean of 500 and a standard deviation of 100 (Fraillon et al., 2019. p. 55).

1.2.2.2 Independent variables

Our individual level covariates are age in years, sex (1 = girls), an variable distinguishing on being born
abroad with the following categories (0) students and/or at least one parent born in country of test;
(1) student born in country of test but both/only parent(s) born abroad; and (2) student and both/only
parent(s) born abroad. We also distinguish whether the student speaks the language of the test at
home. Furthermore, we include the national index of socioeconomic background (NISB), an index of
highest parental education, highest parental occupation, and the number of books at home with a

mean of 0 and a standard deviation of 1 across equally weighted countries.

We also consider whether students have internet access at home (0/1) and the time they have been
using a laptop, smartphone and tablet (0-4 Likert scales). We also use the indicator on whether the
student takes courses on computing, computer science, information technology or informatics in the
current school year (0/1) and what they then study: general ICT tasks or coding tasks (0-3 Likert scales).

Lastly, we assess the effect of using ICT at school or at home for school or other purposes.

At the school level, we include the ratio between school size and teacher. Moreover, we include the
categorical variable on school size, with 1-300; 301-600; 601-900 and 901 and more as the four
categories. We include both variables. Furthermore, we incorporate the school composition that
signals either that a school has more affluent than disadvantaged (0), an equal amount (1) or more

disadvantaged than affluent in their school (2).

Furthermore, we use an indicator of the teacher’s opinion on the availability of ICT resources at school
with a mean of 50 and a standard deviation of 10 for equally weighted countries. We also include the
ratio of school size and number of ICT devices at school as well as the constructed scale on availability
of a variety of ICT resources at school according to the ICT coordinator (mean of 50; standard deviation

of 10; equally weighted countries).

We also consider the ICT experience of teachers during lessons indicated with (0) never, (1) less than
two years, (2) two to five years, and (3) more than five years is included as well as the ICT experience
in years in the school, which is a dummy variable indicating whether (1) or not (0) there is more than
10 years of ICT experience within the school according to the ICT coordinator. We also include the use

of ICT for teaching practices, which is a scale with a mean of 50 and a standard deviation of 10 across



equally weighted countries®. For all teacher’s indicators we consider the average of the teachers at

the school level.

On the country-level we include the standardisation of input and output (Bol & Van de Werfhorst,
2013), the expenditures in percentage of GDP in research & development in a country (OECD, 2021a),
the GINI-coefficient to measure income inequality (OECD, 2021b) and the average percentage of
people in a country that submitted completed forms to public authorities, over the internet, last 12
months (Digital Agenda Data EU, 2021). Moreover, we include the ICILS indicator on the percentage
of students going to a public school, autonomy of governance and autonomy of assessment. The first
of these ICILS-based items is a percentage. The item on autonomy of governance is obtained by taking
the answers to the question on autonomy of governance (How much autonomy do schools with
students in the target grade have regarding how they operate in order to meet their statutory
obligations?) for each type of school (public/private) and multiplying that by the percentage of
studentsin that type of school in that country. The three numbers for each type of school are averaged
and expressed on a scale from 0 to 1. The third items question was on autonomy of assessment (How
much autonomy do schools with students in the target grade have regarding the assessment of
student achievement in computer and information literacy (or its equivalent)?) and was handled the

same as the autonomy of governance item.

Descriptive statistics for the individual, school and country levels are in Appendix A. The eventual
analytical sample is established by a list-wise deletion on the individual and school-level

characteristics.

1.2.3 Analytical strategy

1.2.3.1 Cross-country differences in skill acquisition
To study the extent to which acquisition of CIL and CT relates to education systems, we first show

descriptive statistics of average proficiency levels across countries and across schools. In a second
step, we explain these average proficiency levels with individual and school-level characteristics in a
multi-level regression framework. For all models, we estimate separate country regressions as our
number of countries is too low to make meaningfully and statistically sound estimations of the effects
of national-level characteristics. In a third step, we relate the CIL and CT acquisition to country-level
characteristics in a descriptive comparative and highlight the correlation between country-level

characteristics and CIL and CT skills.

L The are also scales on emphasis on ICT learning and ICT efficacy of teachers, but those indices cause multicollinearity in regression
models.



Within our multilevel structure, we first assess the variance at the individual and school level by only
estimating the grand mean (o), the error term at the school-level (wj) and the error term at the
individual level (ujc). With the variance parameters estimated by the model we can calculate the intra-
class correlation. Second, we estimate proficiency in CIL and CT skills using multilevel mixed-effects
models. Model 1 consists of the general background variables; in Model 2 we enter a structural
indicator on internet at home. In Model 3 we include experience with devices. In Model 4 studying ICT
in school and use of ICT in school are added. In Model 5 we enter where one uses ICT (school/outside
school) and for what purpose (school/outside school). Model 6 is an all-included model. At the school
level, we enter structural indicators on the school in Model 7 and include availability in school in Model
8. In Model 9, we include the experience of teachers with ICT. In Model 10, we include information on
the teachers’ use of ICT and, in Model 11, we include all variables. Third, we correlate different
country-level contexts on CIL and CT skill acquisition. We will first relate the uncontrolled proficiency
levels of CIL and CT to the country-level indicators. We will then relate the individual-level controlled
proficiency levels of CIL and CT to the country-level indicators. To not conflate school-system

characteristics with country-system characteristics, we do not show school-level controlled plots.

1.2.3.2 Examining inequality in the acquisition of CIL and CT skills
From the above-mentioned individual-level models we can already grasp some inequalities in parent’s

socioeconomic status (NISB) and gender. Here, we show these inequalities in a descriptive way across
schools. Furthermore, we show the cross-level interaction effects to assess the association between
the characteristics of the schools and socioeconomic status and gender inequalities. Within our cross-
level interaction models we first assess whether the effect of school characteristics vary between boys
and girls and between those from different socio-economic statuses. Secondly, we relate the
individual level and school level coefficients of the estimated models to country-level characteristics
to assess whether those coefficients vary over country characteristics. This approach is descriptive and

exploratory by nature.

1.2.4 Empirical Results on Computer and Information Literacy

1.2.4.1 Variation across countries and schools
In Figure 1, we show descriptively the difference in Computer and Information Literacy for the

different European countries. The X’s shows the country mean, whereas the green dots show the

school averages. The difference between the highest average score of Finland and the lowest of



Luxembourg, are about 45 points, what amounts to about one standard deviation. However, the

variance between schools within a country is considerably larger.

Figure 1. Between and within-country CIL
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Notes: estimates obtained by using multiple imputation techniques for the five sample plausible values. Raw scores. ICILS
average = 500; standard deviation = 100.

1.2.4.2 Explaining variations across schools and countries

As can be seen in Table 1, we ran our regression models for each country separately. The first model
estimates all individual-level factors simultaneously. In Table B1 in the Appendix B, we show the
models in which we add the different individual level indicators separately. In Table B2 in Appendix B,
we look at the variance components. For all five countries, the intra class correlation lies between .4
and .5, meaning that there is quite some variation at the school level and that it justifies the multi-
level structure of the regression estimates. Furthermore, comparing the variance components in panel
B with those in panel A shows that the reduction in variance by entering composition indicators of the

student population is about 5 to 10%.

Before we relate the results to our hypotheses, a striking result from our individual level control
variables is that experience with devices is positively related to CIL, but that this holds only for
computers, not for smartphone and tablets. Then, relating the results in model 1 to our hypotheses
shows that we cannot reject hypothesis 1 as using ICT has a positive effect on CIL. After adding up all
four coefficients of the ICT use and purpose, the effect is still positive. Comparing those effects in

model 1 also leads to the failure of rejecting hypothesis 2. Outside school ICT is stronger related than



within school ICT use on CIL score across all countries in the analysis. The internet connection indicator
result leads to partly not rejecting hypothesis 3; only in Finland, Luxembourg and Germany the
hypothesis should be rejected. We fail to reject hypothesis 4 as the results show that girls have an

advantage over boys (but for Portugal) and the socioeconomic status effect is positive.

Models 2 through 5 estimates school-level variables separately and in model 6 we estimate them all
simultaneously?. Model 2 shows that the ratio between school size and teachers is negatively related
to CIL for Germany and France, positively related in Finland and unrelated in Luxembourg and
Portugal. The size of the school is positively related to CIL except for Luxembourg; in the latter, the
signs is negative. The relationship also seems not to be uniform across the countries. In some
countries, the increase appears incremental, whereas in others there is only an effect for the largest
schools, while in other countries we see a reversed u-shape. Schools with a more or less equal
composition of students according to their socio-economic background show negative correlations,
while it appears that the more schools comprise of disadvantaged pupils, the lower the CIL score is.

The exceptionis Finland, where we see a positive effect for schools with more disadvantaged students.

Looking at the scales on availability of ICT resources according to teachers, it shows a positive
correlation with CIL, though not statistically significant in Germany and France. The availability
according to the ICT coordinator of the school shows a more mixed picture, as it is positively related
to CIL in Germany, but negatively in Luxembourg. The ratio between ICT devices and students is only
positively related with CIL in Germany and Portugal. We thus cannot unequivocally reject the seventh

hypothesis.

In model 4 we include experience with ICT of both the teacher and ICT coordinator of the school. The
experience of the coordinator is significantly positively correlated with CIL skills in Germany and
Finland, while it is negatively correlated in France and non-related in Luxembourg and Portugal.
Teacher’s experience only positively related to CIL skills of the students in Finland and Luxembourg. In
model 5, bringing the ICT in practice in the lessons by teachers is negatively related to CIL skills in
Germany, France and Luxembourg, while unrelated in Finland and Portugal. The eighth hypothesis we
thus cannot reject in Luxembourg and Finland, though we can do so in Germany, Portugal and France.
With regard to hypothesis 9, for Germany and Finland general ICT experience in school is positively

related to students’ CIL skills, thus failing to reject that hypothesis in those countries.

Lastly, the complete school level model, number 6, seems to show that the school size effect for the

smallest categories is more often explained by the composition effect of the other variables in the

2 Given the low number of school in the Luxembourg sample, results regarding school level factors in Luxembourg should be
interpreted with caution in model 6.



model. The same holds for the composition category in which there are more or less equal affluent
and disadvantaged students in a school; that category turns insignificant in most countries. The ratio
between devices and students turns statistically significantly positive in the final model in
Luxembourg. For the experience of the ICT coordinator, the coefficients in Germany and France turn

statistically insignificant.

Turning again to the variance components in Table B2 in Appendix B, the included variables explain
about 8% (Portugal) to 22% (France) of the country variance, and 1% (Germany) to 3% (France) of the
individual level variance. If we relate the information from the regression models in a correlational
way to country characteristics, we obtain Figure 2. It shows the relationship between eight country-
level characteristics and the individual-level controlled model estimate country mean for CIL skills. We
also obtained those figures with the predicted score of the empty model, but differences are nihil.
Figure 2 shows that only the country characteristics about the percentage of public schools relate
clearly with the CIL score: the higher the public school percentage the higher the CIL score. The rest
of the correlates do show much leeway within the 95% confidence interval and thus lack precision to
discern meaningful relationships between variables. With that in mind, one could observe a negative
effect of the standardisation of input for CIL scores. Relating this information back to our hypotheses,
we have to reject hypothesis 10, 11 and are inclined to also reject the 12" hypothesis, as both
standardisation indicators do not show a clear relationship with CIL. Nonetheless, the direction of the
standardisation of input is in line with the hypothesis. Lastly, we have to reject hypothesis 13, as the

correlation between public school attendance and CIL is positive, not negative.



Table 1. CIL Regression analysis for each country

Model 1 DEU FIN FRA LUX PRT
Age (in years) -7.675  *** -12.792 *** -21.053 *** -10.026 *** -5.410 ***
1.824 1.935 1.944 1.336 1.221
Sex (1=girl) 11.493 **x* 21.808 *** 15.709 *** 17.175 *** 4.225
1.646 1.960 1.511 1.984 2.321
(At least) one parent born abroad 3.188 -18.709 * -6.714  * -8.141  *** -7.530 *
3.882 8.501 3.192 2.433 3.653
Born abroad 8.108 * -11.841 5.418 1.565 -15.797 **
3.814 7.757 4.656 1.393 6.059
Language spoken at home same as test language 25.447 *** 28.236 *** 19.597 *** 4.579 -3.963
4.046 3.877 2.150 2.528 4.094
Socioeconomic background 6.735  *x* 14.370 *** 17.687 *** 11.693 *** 10.639 ***
1.535 0.660 1.083 1.308 0.902
Internet access at home -0.888 18.137 27.025 ** 11.356 25.803 ***
12.337 9.984 9.213 7.746 4.254
Computer experience 10.937 *** 13.003 *** 9.936  *** 9.262  *** 9.782  x**
0.757 0.705 0.683 0.539 0.603
Smartphone experience -5.266  *** -6.884  *** -10.240 *** -8.960 *** -7.074  ***
1.343 0.673 0.977 0.597 1.044
Tablet experience -6.282  *¥* -4.304  *** -3.359  ¥*x* -1.343 -2.770  xx*
0.918 0.819 0.421 0.797 0.828
Studies ICT in current school year 8.130  *** 15.467 *** -7.492 ** -22.126 *** 22.056 ***
2.233 1.858 2.496 1.743 3.033
Learning coding tasks -0.213 -1.092  *** -0.881  *** -0.737  **x* -0.978  x**
0.140 0.105 0.114 0.095 0.144
Learning ICT tasks 0.019 1.250  *** 0.928  *** 0.162 -0.208
0.108 0.105 0.072 0.083 0.189
Use ICT at school for school purposes -0.175 2.564  ** 1436 * -0.235 -2.040
0.918 0.889 0.672 0.678 1.142
Use ICT at school for other purposes 0.337 2,154  ** -2.323  ¥*x* 2.648  *** -0.426
0.551 0.805 0.521 0.583 0.303
Use ICT outside school for school purposes -1.217 0.140 0.023 -0.914 0.499
0.760 0.694 0.594 0.528 0.780
Use ICT outside school for other purposes 16.454 *** 12.860 *** 12,971 *** 9.818  *** 9.900  ***
1.093 0.872 0.717 0.792 0.851
Constant 543.874 *** 572.327 *** 699.969 *** 613.834 *** 570.261 ***
35.881 33.492 31.347 19.279 18.102
School variance 3.631  *F** 2.879  *** 2.784  *** 2.877  *x* 3.069  ***
0.043 0.054 0.070 0.079 0.052
Individual variance 3.990  *F** 4,098  *** 4.072  *** 4,149  **x* 3980  *x*
0.014 0.018 0.012 0.009 0.010

Source: ICILS 2018. Repetitive weights are applied.



Table 1. CIL Regression analysis for each country (continued)

Model 2 DEU FIN FRA LUX PRT
Ratio of school size and teachers -476.762 *** 130.984 *** -404.523 *** 35,334 3.021
75.776 21.798 45.012 44.615 4.194
School size: 201-600 students 22,280 ** 10.389 *** 2110 *E* 23,163 F**
7.700 1.511 2.452 2.368
School size: 601-900 students 40.387 ** 5658 ** -1.971 -11.143 *** 27.620
7.714 1.777 1.884 3.501 1.961
School size: 901 or more students 39.913 *** 35967 *** 17.420 F** -11.042 *** 22,749 ***
7.926 4.633 5.223 3.328 1.581
Schools with equal amount of affluent and disadvantaged students -7.891  **¥* 4700 *** 2,084  *¥** -19.337 **¥* D245 ***
2.428 1.419 1.741 2.856 2.396
Schools with more disadvantaged students than affluent students -43963 *** 5625 *** 12660 *** -33.506 *** -8563 ***
2.459 1.157 1.881 1.828 2.036
Constant 552.649 *** 554455 *** 729383 *** §24,301 *** 551.670 ***
38.624 34.252 32.307 21.157 17.851
School variance 3.274 *¥*kx 2780 *** 2,601 *AX D442 *F** 3,017 kx*
0.042 0.056 0.061 0.153 0.039
Individual variance 3.988 *¥**¥ 4,098 *** 4071 *¥** 4149  *F¥* 3978 Kx*
0.014 0.018 0.012 0.009 0.010
Model 3 DEU FIN FRA LUX PRT
Availability of ICT resources at school (ICT Coordinator) 1.753 *** 0,105 -0.082 -1.362  *** 0.018
0.164 0.114 0.070 ***0.109 0.095
Ratio of school size and number of ICT devices 0.854 ** 0.237 -0.679 0.951 0.207 *
0.328 0.670 0.499 0.958 0.104
Availability of computer resources at school (Teachers) 0.244 1.319 *** 0.197 2.568 *** 0.466 *
0.361 0.372 0.300 0.457 0.229
Constant 452.146 *** 499.011 *** 698.375 *** 549.815 *** 546.669 ***
45.814 35.081 31.986 24.235 23.383
School variance 3.569  *¥** 2870 *¥** 2776  *¥*¥* 2739 **¥* 3064  *¥*
0.040 0.046 0.070 0.069 0.052
Individual variance 3.990 *¥*X 4,098 *** 4.072 *¥EX 4149 F** 30980 @ Kx*
0.014 0.018 0.012 0.009 0.010
Model 4 DEU FIN FRA LUX PRT
10 or more years ICT experience in the school 15.923 *** 1891 * 5045 *** 4477 -2.034
1.840 0.897 1.483 2.463 1.463
ICT experience with ICT use during lessons -2.784 13.908 * 14.904 63.276 *** -0.661
9.446 6.672 11.618 6.899 4.078
Constant 542.158 *** 537373 *** 666,913 *** 456.685 *** 572.655 ***
50.436 38.193 36.308 28.484 23.529
School variance 3.608 *¥E* 2876 *F** 2772 *** 2813  *** 3068 @ K**
0.042 0.054 0.069 0.081 0.051
Individual variance 3.990 *¥*X 4,098 *** 4.072 *¥EX 4149 K** 3980  Kx*
0.014 0.018 0.012 0.009 0.010
Model 5 DEU FIN FRA LUX PRT
Use of ICT for teaching practices in class -2.552  *** (0,585 -0.209 2,187 * 0977 **
0.562 0.364 0.623 0.866 0.364
Constant 667.795 *** 543.241 *** 710.435 *** 506.621 *** 522.707 ***
48.388 34.242 36.045 48.557 28.617
School variance 3.620 *¥kX 2878  *F** 2782 *AX D874 K¥X 3063 KX
0.041 0.053 0.072 0.076 0.055
Individual variance 3.990  *** 4098 *** 4.072 *¥*k 4,149 F** 3080 KX
0.014 0.018 0.013 0.009 0.010

Source: ICILS 2018. Repetitive weights are applied. Models 2 through 5 include also individual level characteristics.



Table 1. CIL Regression analysis for each country (continued)

Madel & DELL EIN ERA LLIX PRT

Age (in vears) 7065 F¥* 1) QR1T **k D) QKRG k*kk Qg Q4D  kkk 577 K¥x
1.757 1.950 1.945 1.329 1.226

Sex (1=girl) 10.693 *** 21,607 *** 16.264 *** 17.218 *** 4303
1.612 1.981 1.507 2.050 2.324

(At least) one parent born abroad 3.618 -19.703 * -6.767 * -6.795 ** -7.876 *
3.783 8.393 3.200 2.533 3.643

Born abroad 8.926 * -13.678 8.865 3461 *  -16.785 **
3.772 7.674 4.928 1.584 6.093

Language spoken at home same as test language 24.268 *** 28272 *** 19173 *** 5626 * -4.147
4.035 3.964 2.246 2.443 4,151

Socioeconomic background 5.737  *** 14014 *** 16,593 *** 10.811 *** 9871 ***
1.514 0.696 1.079 1.308 0.908

Internet access at home -1.249 17.807 22,317 ** 15.118 26.311 ***
12.364 10.017 8.622 8.798 4.223

Combuter experience 10.816 *** 12,964 *** 10.070 *** 9,174 *¥** 9792  ¥*x*
0.767 0.702 0.716 0.532 0.600

Smartohone experience -5.056  *** 6990 *** -10.238 *** -8719 *** .7108 ***
1.292 0.658 0.977 0.597 1.051

Tablet exoerience -6.116  *** 4499 *** .3509 *** .1.349 -2.900 ***
0.909 0.811 0.425 0.783 0.839

Studies ICT in current school vear 7.854  *¥*¥* 15119 *** 7269 **  -20.027 *** 22222 ***
2.125 1.830 2.411 2.135 2.967

Learning coding tasks -0.216 -1.118 *** -0.849 *** 0710 *** -0.969 ***
0.137 0.104 0.112 0.091 0.145

Learning ICT tasks 0.015 1.257 *** 0911 *¥** 0193 * -0.200
0.109 0.107 0.068 0.090 0.189

Use ICT at school for school purposes -0.170 2.576  ** 1.307 -0.213 -2.054
0.938 0.879 0.670 0.577 1.124

Use ICT at school for other purposes 0.318 2.097 * -2.048  F** 2471 *¥** 0422
0.508 0.814 0.541 0.623 0.302

Use ICT outside school for school purposes -1.111 0.167 -0.320 -0.927 0.537
0.767 0.697 0.602 0.539 0.770

Use ICT outside school for other purposes 16.570 *** 12,927 *** 12964 *** 9658 **¥* 9747  ***
1.077 0.887 0.709 0.776 0.857

Ratio of school size and teachers -491.563 *** 75675 *** -426.444 *** 311,230 *** 22,985 ***
71.161 21.744 36.514 54.172 3.442

School size: 201-600 students 6.554 10.928 *** 4,698 *¥k* 24,893 x**
7.236 1.842 2.694 2.023

School size: 601-900 students 21.145 ** 4867 * 1.619 7.168 29.068 ***
7.109 1.919 2.319 3.969 1.854

School size: 901 or more students 27.245 *** 37468 *** 25502 *** (0841 24.612 ***
7.125 4.388 6.747 3.575 1.396

Schools with eaual amount of affluent and disadvantaged students 2.898 4150 ** -2.885 3.699 -3.445
2.681 1.463 1.725 3.328 2.672

Schools with more disadvantaged students than affluent students -39.523 *** 5344 *** _13407 *** -26.652 *** -9336 ***
2.351 1.125 1.693 1.747 2.146

Availabilitv of ICT resources at school (ICT Coordinator) 1.293  ***  -0.043 -0.227 % -0.636  *** 0.010
0.126 0.113 0.091 0.145 0.099

Ratio of school size and number of ICT devices -0.669 **  -1.337 -1.243 % 4.018 *** 0.007
0.217 0.706 0.515 0.887 0.112

Availabilitv of computer resources at school (Teachers) 0.522 0.799 0.824 1.700 ** -0.013
0.353 0.473 0.534 0.581 0.211

10 or more vears ICT experience in the school -1.493 2498 * -0.230 16.831 *** -0.904
1.731 1.181 1.649 2.675 1.552

ICT experience with ICT use during lessons 7.659 14.544 -14.318 80.594 *** -12.467 **
11.937 7.595 10.222 9.689 4.283

Use of ICT for teaching practices in class -2.184 *** 0511 -3.101  **  -6.811 *** 1.836 ***
0.505 0.390 1.074 1.306 0.389

Constant 588.050 *** 510.999 *** 898.197 *** £38.393 *** 491,989 ***
60.457 43.126 48.009 73.651 30.360

School variance 3,196  *** 2774 *¥*¥* 2531  *¥** (0928 2,998  ***
0.042 0.047 0.082 7.448 0.043

Individual variance 3.987  *¥*¥* 4,097 *** 4071  *** 4150 *¥* 3979 K*x*
0.014 0.018 0.012 0.009 0.010

Source: ICILS 2018. Repetitive weights are applied.



Figure 2. Graphs of country characteristics correlates with CIL scores.
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1.2.4.3 Gender and SES inequality and the role of education systems
In Table 2, we show the interaction effects of gender and socioeconomic status with the indicators on

use of ICT and the purpose of using ICT. In general, there is no predominant interaction effect present
across all countries that we analyse. In Luxembourg, girls’ effect on CIL of use of ICT at school for other
purposes is lower than for boys. The effect of use of ICT outside school for other purposes is smaller
for girls in Germany and Finland. The moderation effects of socioeconomic status are mixed for use of
ICT at school for other purposes: the higher the socioeconomic status the larger the effectis in Finland
and Portugal, but smaller in Luxembourg. The effect of using ICT outside school for school purposes is

larger for girls in Germany and France. Thus, hypothesis 5 is refuted, as well as hypothesis 6.

In Appendix B, Table B3, the interaction effects of gender are shown for the school level variables with
Computer and Information Literacy. All the effects are estimated while controlling for the individual
level indicators. Noteworthy results are that in France, Luxembourg, and Portugal the more ICT
coordinator indicated that there are resources available at the school the smaller the gender gap is (a
negative main effect combined with the positive interaction effect). For other interaction effects with

sex, it holds that it is only significant in one or two countries that are analysed.
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Table 2. Differential effects of ICT use and use purpose by Gender and SES for CIL scores

DEU FIN FRA LUX PRT DEU FIN FRA LUX PRT
Sex (1=girl) 13.305 * 13.798 * 16.136 **x - 10.816 **x o -3.016 11.183 *xxk o 21.808 *xx 14,602 *xx o 31.668 *rx 2,619
6.420 5.542 3.634 3.241 6.084 2.377 3.292 2.577 4.970 3.626
Use ICT at school for school purposes 0.132 1.522 1.505 * -1.178 -3.037 -0.168 2.564 ** 1.436 * -0.340 -2.055
1.430 1.355 0.701 0.862 1.634 0.927 0.885 0.672 0.660 1.144
Use ICT at school for other purposes 0.321 2.190 *x -2.323 *** - 2.664 *¥** 0459 0.276 2.154 * -2.540 *¥** 4871 *¥** 0 .0.678
0.533 0.817 0.521 0.583 0.315 0.618 0.889 0.594 0.984 0.628
Use ICT outside school for school purposes -1.227 0.142 0.021 -0.850 0.570 -1.218 0.140 0.013 -0.898 0.535
0.755 0.694 0.606 0.528 0.822 0.760 0.695 0.596 0.531 0.795
Use ICT outside school for other purposes 16.443 *rx 12,787 *rx 12973 **x 9739 **xk 9937 *** o 16.450 **x o 12.860 **x 12,961 *¥*x 9772 *¥** 9893 Hoxx
1.087 0.876 0.723 0.777 0.830 1.092 0.893 0.719 0.798 0.861
Sex (1=girl) # Use ICT at school for school purposes -0.690 2.216 -0.148 2.017 2.286
2.117 1.690 1.360 1.113 1.941
Sex (1=girl) # Use ICT at school for other purposes 0.123 0.000 0.464 -4.296 *¥*% 0492
0.536 0.885 0.684 1.190 0.867
Constant 542.603 *** 576.898 *** - 699.684 **% 615.252 *¥** - 573.664 *¥*% - 544.071 **% 572.328 **% 700.857 *¥EE L 612.222 *** 570.919 HEE
35.782 33.153 32.757 19.906 18.942 35.994 33.754 30.810 19.297 18.553
School variance 3.632 *rk o 2.881 *rk 2783 *rxk 2,875 *** 3,066 *rxk 3631 *rxk 2879 *rx 2784 *¥*x o 2.870 *¥*x 3,070 Hoxx
0.043 0.053 0.070 0.079 0.053 0.043 0.053 0.070 0.079 0.052
Individual variance 3.990 **x 4,098 *rE 4,072 *rE 4,148 **x 3,980 **x 3,990 **x 4,098 **x 4,072 *rRx 4147 **x 3,980 Hoxx
0.014 0.018 0.012 0.009 0.010 0.014 0.018 0.013 0.009 0.010
DEU FIN FRA LUX PRT DEU FIN FRA LUX PRT
Sex (1=girl) 13.951 *xk 25932 *rx 10471 * 16.759 **E 4,655 56.658 *xx 47502 **x 5126 34.491 *rX 4478
4.098 5.446 4.436 4.078 4.591 13.184 6.796 9.613 9.615 6.074
Use ICT at school for school purposes -0.187 2.596 ** 1.484 * -0.232 -2.043 -0.319 2.635 ** 1.456 * -0.219 -2.006
0.912 0.888 0.699 0.672 1.149 0.913 0.888 0.683 0.679 1.136
Use ICT at school for other purposes 0.342 2.175 *x -2.360 *¥*E 2,648 *¥rE 0427 0.444 2.277 ** -2.343 **% 2533 *¥*% 0437
0.554 0.815 0.532 0.582 0.302 0.546 0.802 0.532 0.550 0.304
Use ICT outside school for school purposes -0.880 0.649 -0.643 -0.969 0.556 -1.128 0.139 -0.003 -0.823 0.500
0.870 0.868 0.628 0.507 0.977 0.765 0.694 0.584 0.507 0.784
Use ICT outside school for other purposes 16.441 **x 12915 *RE 12,924 **xk 9811 *** 9903 **x o 20.155 **x 15737 *Rx 11,778 **x 11989 **x o 8.890 Hoxx
1.085 0.853 0.730 0.817 0.861 1.506 1.256 1.288 1.516 1.097
Sex (1=girl) # Use ICT outside school for school purposes -0.787 -1.224 1.460 0.121 -0.133
1.256 1.222 1.151 1.053 1.223
Sex (1=girl) # Use ICT outside school for other purposes -9.586 *** 5573 *¥** - 2.309 -4.011 1.931
2.785 1.302 2.045 2.086 1.564
Constant 542.597 **% - 569.458 *** - 703.136 *¥** o 613.921 ***  570.064 *¥*% 0 528.714 **%  559.255 **% - 704.515 ***  605.789 *¥**  576.033 HEE
35.908 33.433 31.943 19.287 18.150 35.651 34.150 30.483 20.807 18.558
School variance 3.632 *Ax 2878 *Ax 2781 *Ax 2877 *** - 3.069 *¥** 3625 *** o 2.880 *** 2,785 *¥** 2874 *¥** 3,072 HEE
0.042 0.054 0.071 0.079 0.052 0.041 0.053 0.069 0.079 0.052
Individual variance 3.990 **E 4,098 *RE 4,072 *rE 4,149 **x 3,980 **k 3,988 *xx 4,097 *xx 4,072 *rX 4,148 **x 3980 Hoxx
0.014 0.018 0.012 0.009 0.010 0.013 0.018 0.012 0.009 0.010

Source: ICILS 2018. Repetitive weights are applied. Models include also individual level characteristics.
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Table 2. Differential effects of ICT use and use purpose by Gender and SES for CIL scores (continued)

DEU FIN FRA LUX PRT DEU FIN FRA LUX PRT
Socioeconomic background 11.127 *¥*% 0 11.598 *** 14773 *¥** 0 11.319 *¥**14.677 *** 8200 *** - 8.407 *¥**17.026 *¥** 15.315 *** 0 7.013
2.849 2.994 1.791 2.844 2.653 2.229 2.076 1.334 1.818 2.214
Use ICT at school for school purposes -0.258 2.584 *¥* o 1.437 * -0.240 -2.062 -0.155 2.556 *¥* o 1.464 * -0.360 -2.050
0.884 0.912 0.675 0.682 1.141 0.930 0.894 0.684 0.678 1.141
Use ICT at school for other purposes 0.354 2.157 *¥* 22276 *RE - 2.654 *¥** - -0.396 0.351 2.117 ¥* 2341 *xx 2746 *rx 0472
0.548 0.794 0.516 0.600 0.304 0.552 0.775 0.534 0.567 0.310
Use ICT outside school for school purposes -1.227 0.134 0.036 -0.915 0.454 -1.199 0.156 0.010 -0.840 0.495
0.755 0.692 0.594 0.528 0.780 0.752 0.694 0.599 0.523 0.783
Use ICT outside school for other purposes 16.262 **x . 12.868 **k 12,993 *kk9.829 **x 9,860 **x o 16.389 **k o 13.053 **% 12,980 **xX 9,645 *** 9952
1.015 0.871 0.722 0.799 0.860 1.069 0.871 0.733 0.796 0.854
Socioeconomic background # Use ICT at school for school purposes -1.716 0.777 1.009 0.119 -1.306
1.091 0.792 0.684 0.629 0.720
Socioeconomic background # Use ICT at school for other purposes -0.579 1.468 *¥*0.275 -1.094 * 1.130
0.512 0.500 0.645 0.546 0.474
Constant 542.923 **% 572157 *** 699.952 *** 613.650 ***  569.825 **% 544173 *** 571.101 *** - 700.072 ***  615.510 *** 572.128
36.209 33.273 31.393 19.326 18.118 35.790 33.515 31.266 18.910 18.616
School variance 3.631 *xx2.879 *xx o 2.785 *kk o 2.878 **x 3,067 *rx 3631 *rx o 2.878 **x 2,785 *xx o 2.881 **x 3,071
0.042 0.054 0.069 0.078 0.053 0.042 0.054 0.068 0.080 0.052
Individual variance 3.989 **% 4,098 *¥** 4,072 *¥*E 4,149 **% 3980 *** 3,990 *** 4,098 *¥x* - 4.072 *¥*% 4,148 *** 3979
0.014 0.018 0.012 0.009 0.010 0.014 0.018 0.012 0.009 0.010
DEU FIN FRA LUX PRT DEU FIN FRA LUX PRT
Socioeconomic background 0.866 14.278 *** 12801 *¥** 7.550 * 11.096 *¥*12.564 7.882 16.851 *¥**10.939 ** 9374
2.674 1.965 1.900 3.469 4.108 7.305 4.653 2.888 4.064 5.004
Use ICT at school for school purposes -0.071 2.563 **1.490 * -0.214 -2.044 -0.216 2.537 *¥* 1441 * -0.233 -2.033
0.915 0.894 0.668 0.679 1.158 0.882 0.890 0.669 0.679 1.135
Use ICT at school for other purposes 0.320 2.154 *¥* 22342 *¥** 2554 *¥*% o -0.422 0.367 2.066 *¥* 0 .2.323 *¥** 2,640 *** 0 .0.432
0.551 0.807 0.519 0.558 0.313 0.552 0.767 0.521 0.568 0.314
Use ICT outside school for school purposes -1.079 0.143 0.046 -0.881 0.489 -1.223 0.169 0.023 -0.903 0.500
0.739 0.687 0.604 0.530 0.776 0.761 0.694 0.595 0.534 0.780
Use ICT outside school for other purposes 16.725 *¥**12.863 *** 0 13.042 *¥**10.107 *¥** 9895 *** 15.879 *¥** 13321 *¥*% 12,992 *¥** 9871 *** 9955
1.057 0.883 0.732 0.743 0.844 0.771 0.896 0.754 0.713 0.824
Socioeconomic background # Use ICT outside school for school purposes 1.928 * 0.027 1.378 ** 0 1.180 -0.142
0.909 0.544 0.508 0.835 1.140
Socioeconomic background # Use ICT outside school for other purposes -1.229 1.403 0.185 0.175 0.280
1.536 0.990 0.634 0.777 1.015
Constant 542.554 **% 572294 *** 700.905 *** - 611.369 **% 570.193 ***  545.965 *** 570.269 **%700.280 ***613.581 *** 570.466
35.627 33.593 31.177 19.606 18.448 33.969 34.271 30.949 19.664 18.712
School variance 3.635 *xx 2,879 *xx 2,786 *kk o 2.880 **x 3,069 **x 3,630 *rx o 2.875 *xx 2784 *xx 2877 **x o 3.069
0.045 0.053 0.069 0.078 0.053 0.042 0.056 0.068 0.079 0.052
Individual variance 3.989 **% 4,098 *** 4,072 *KrE 4148 **% 3980 *** 3,990 *** 4,098 *¥** 4,072 *¥*% 4,149 *** 3,980
0.014 0.018 0.013 0.009 0.010 0.014 0.018 0.013 0.009 0.010
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With regard to the moderation effect of the school characteristics with the socioeconomic background,
as shown fully in Table B4 in Appendix B, it holds that only the teachers ICT experience during the lessons
has a structural interaction effect over multiple countries. For Germany and Finland, it holds that the
socioeconomic effect on CIL is lower when the teacher has a lot of ICT experience during classes. For
France, the opposite holds: there students with a high socioeconomic background seem to profit more
from an experienced teacher than those with a low socioeconomic background. As the number of
countries prevent us from estimating a multi-level model with country as the second level, we correlate
the coefficients of the within-country model to country-level characteristics. We estimate the individual-
level controlled model, as we want to refrain from conflating possible school characteristics that are part

of an education system and thus could be a country-level variable in itself.

Figure 3. Graphs of correlates between the sex coefficient on CIL scores and country characteristics
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Figure 4. Graphs of correlates between the socioeconomic status coefficient on CIL scores and country
characteristics
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First, we look at the effect of a diverse set of country level variables on the coefficient that the multi-level
model estimated for girls, of course compared to boys. As can be seen in Figure 3, it is quite difficult to
see any correlational relationship between country characteristics and the girl’s coefficient. If we would
see the grey 95% confidence interval area see as a space through which we have to draw line, one can see
that there are a variation of different lines and thus slope possible. This making an interaction effect with
sex most unlikely. As the variation in the standardisation of output is minimal, we have used a boxplot to
show that only partly having legislation for standardisation of output does not meaningfully deviate from
those countries in which there is output standardisation everywhere. Turning to the interaction with SES
we see, again little traction. The exception is making use of eGovernment: the higher the SES the more

using eGovernment correlates with Computer Information Literacy.

1.2.5 Empirical results on the acquisition of Computational Thinking

1.2.5.1 Variation across countries and schools
In Figure 5, the across-country differences in Computer and Information Literacy for the different

European countries are depicted. The X’s shows the country mean, whereas the green dots show the

school averages. The difference between the highest average of France and the lowest of Luxembourg is
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about 45 points, which is close to a standard deviation of the test score scale. As with CIL, here the

between school variation is bigger than the between country variation.

Figure 5. Between and within-country CT
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Notes: estimates obtained by using multiple imputation techniques for the five sample plausible values.
Raw scores. ICILS average = 500; standard deviation = 100.

1.2.5.2 Explaining variation across schools and countries
As can be seen in Table 3, we ran our regression models for each country separately. Model 1 estimates

all those effects simultaneously. In Table C1 in Appendix C, we show in Panel A to F the different individual
level effects separately. In Table C2 in Appendix C, we look at the variance components. The null model
in panel A shows that for all countries the intra class correlation lies between .4 and .5 (as it did in the CIL
model), again justifying the multi-level structure of the regression estimates. Furthermore, the reduction
in variance by entering composition indicators in panel B is about 5 to 10%. The results of the individual
level control variables reveal, quite interestingly, that only experience with computers is positively related
with CT, not so much the experience with smartphone or tablet. Looking at the results in model 1 and
relate them to our hypotheses, we fail to reject the first hypothesis because after adding up all four
coefficients of the ICT use the effect is still positive. The same effects in model 1 also fails to reject
hypothesis 2. Outside school ICT use is stronger related than within school ICT use with the CT score,
which holds for all countries. The internet connection indicator result leads to partly rejecting hypothesis

3; only in France the hypothesis should not be rejected.

30



Table 3. CT Regression analysis for each country (continued)

Model 1 DEU FIN FRA LUX PRT
Age (in years) -9.535 RRX 13791 *¥**F 0 .21.842 *¥** 15827  Kk* 13292 ***
2.591 2.264 2.231 1.784 1.532
Sex (1=girl) -12.906  *** 5861 x* -17.394  *** 14,831  *** 26781  *¥**
3.461 2.071 1.417 2.559 2.640
(At least) one parent born abroad 6.169 -34.605 **  -20.970 *** 2318 -7.465 *
4961 11.042 4.202 1.546 2.972
Born abroad -1.325 -14.775 16.448 * 11.586 *¥Ex o .14.809  **
7.195 9.230 7.748 2.716 4.607
Language spoken at home same as test language 28.160 Ak 18.254 *Ex 24295 *EK O 7.246 * -21.784  *xx*
5.165 3.590 3.802 3.232 5.350
Socioeconomic background 12.031 *¥** 0 20.488 *** 23307 *¥** o 13.189 *¥**14.629 *EE
2.103 0.927 1.518 1.083 0.957
Internet access at home -12.547 -21.935 * 30.000 *x 15.502 4.279
15.032 11.190 9.454 8.594 5.476
Computer experience 7.837 *Ek - 14.385 *¥*x 9723 *¥*k 9,184 *** 9,648 HEE
0.857 0.757 0.714 0.997 0.716
Smartphone experience -7.359 kAR 4959 *¥*x 10425 *** -12.849 *** 8506 HoAE
1.183 0.941 1.176 1.332 1.420
Tablet experience -5.963 *¥** 8,600 *¥** 4,019 *¥** .0.655 -0.920
1.173 1.123 0.504 0.657 1.247
Studies ICT in current school year 19.890 **k o 18.877 *¥** 3,160 -19.880  *** 17.208 *EK
4.743 1.974 2.708 2.432 3.478
Learning coding tasks -0.594 ¥ 21127 **x-1.056 *¥EX 0922 *** 0 .0.938 rEx
0.181 0.140 0.114 0.141 0.176
Learning ICT tasks -0.189 0.917 **x o 0.597 *** - 0.266 -0.124
0.178 0.124 0.079 0.173 0.177
Use ICT at school for school purposes -3.128 *¥*k 3,927 *¥** 3944 *¥** 1,530 -6.413 *Ek
0.836 1.026 0.736 1.177 1.296
Use ICT at school for other purposes -0.558 5.698 *Ex 4,834 xRk 2792 *¥EX 1192 *
1.139 1.376 0.635 0.497 0.608
Use ICT outside school for school purposes -4.213 * -1.508 -2.017 AR 1787 * -0.121
1.777 0.794 0.494 0.839 0.747
Use ICT outside school for other purposes 16.444 **% - 13.080 *** 14,259 AR 11.872 *Ax 14,443 roAE
1.591 1.346 0.708 1.049 0.978
Constant 615.077 *** 624.607 *** 748207 *** 688.344 **¥* £97.920 ***
47.674 34.392 33.298 27.373 24.547
School variance 3.878 *¥EE 3,119 *Ex o 2.899 xRk 3,173 *** - 3.060 HEK
0.035 0.066 0.049 0.077 0.038
Individual variance 4.304 Ak 4333 *EX 4235 *¥EE 4426 *** 4,086 HEx
0.015 0.013 0.010 0.016 0.012
Source: ICILS 2018. Repetitive weights are applied
Table 3. CT Regression analysis for each country (continued)
Model 2 DEU FIN FRA LUX PRT
Ratio of school size and teachers -403.523 **k 57783 * -246.273 **k - -60.165 9.136 *
50.465 23.518 66.113 84.017 4.460
School size: 201-600 students 5.844 14.588 **% 3368 *¥** 0 19.650 HEE
6.886 2.156 3.264 2.628
School size: 601-900 students 34.650 *x 7.060 *x -0.253 -15.672 ¥ERx 21111
6.459 2.049 2.501 5.243 3.494
School size: 901 or more students 31.426 *EE 43459 *Ek 20511 **kx o .15.167 *¥*kx o 16.354
7.210 4.428 5.228 5.902 2.439
Schools with equal amount of affluent and
disadvantaged students -8.214 *¥** 5126 *¥** 4365 *¥*k o .26.374 *¥** 2501 *Ex
2.789 1.869 3.037 1.873 1.719
Schools with more disadvantaged students
than affluent students -60.024 ¥k 6.871 Ak 8,348 *¥*x o 41.570 X -4.989 Hkx
3.221 1.400 2.071 2.983 2.821
Constant 640.650 **x o 608.154 **x o 762.067 *¥** - 719.299 *** - 683.094 rxE
44.870 34.760 31.894 22.701 25.038
School variance 3.536 Ak 3.028 Ak 2.801 xRk 2.818 ***k - 3.038 rEE
0.029 0.068 0.054 0.119 0.056
Individual variance 4.301 **k 4333 *¥ERE 4234 ¥Rx 4426 *¥*kx 4084 HEx
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0.015 0.013 0.010 0.016 0.013

Model 3 DEU FIN FRA LUX PRT

Availability of ICT resources at school (ICT

Coordinator) 1.932 kX 0.240 * 0.070 -1.024 *¥** - .0.075
0.227 0.118 0.078 0.156 0.093

Ratio of school size and number of ICT

devices 0.909 *¥* 0 -0.346 -0.777 5.290 *¥*% 0372 HEE
0.349 0.729 0.496 1.106 0.088

Availability of computer resources at school

(Teachers) 0.777 0.798 * -0.384 1.370 ** 0.127
0.480 0.391 0.477 0.462 0.174

Constant 489.123 **x 571.253 **x o 768.748 *** o 653.923 *** - 693.202 *HE
57.936 29.349 37.688 38.919 29.758

School variance 3.833 *** 3,115 *** - 2.893 *** 3,061 **% 3053 HEE
0.037 0.061 0.049 0.066 0.037

Individual variance 4.304 **k 4333 AR 4234 ¥R* 4426 *¥** 4,086 Hkx
0.015 0.013 0.010 0.015 0.012

Model 4 DEU FIN FRA LUX PRT

10 or more years ICT experience in the

school 16.807 xRk -1.057 -0.273 4.857 *k -2.211
2.646 1.047 1.724 1.809 1.657

ICT experience with ICT use during lessons  -1.164 27.663 **k 51475 *¥*kx90.241 *Fkx o .21.418 Hkx
10.911 7.595 12.007 9.549 5.108

Constant 608.746 ***  558.373 *rx o 625.123 *EX465.476 *** - 750.967 rEE
48.302 37.979 48.463 42.389 22.287

School variance 3.865 *xE 3112 *x* o 2.866 **k o 3.099 *¥EX 3047 HEK
0.036 0.068 0.053 0.086 0.044

Individual variance 4.304 *x* 4333 *xE 4235 *EX 4426 **% 4,086 HEK
0.015 0.013 0.010 0.016 0.012

Model 5 DEU FIN FRA LUX PRT

Use of ICT for teaching practices in class -2.956 *¥Ek - .0.205 -1.943 * 4.163 *¥*x o 0.895 Hkx
0.793 0.466 0.875 0.542 0.271

Constant 758.553 *** 634.826 **x845.293 *EE 484423 *¥** - 654.371 *HE
52.105 33.977 33.445 30.268 25.225

School variance 3.868 *x* 3118 *** o 2.880 *x* 3162 *** - 3.056 HEE
0.033 0.066 0.061 0.077 0.039

Individual variance 4.305 **k 4333 *Ek 4235 ¥ERX 4426 *¥*x 4,086 Hkx
0.015 0.013 0.010 0.016 0.012

Source: ICILS 2018. Repetitive weights are applied. Models 2 through 5 include also individual level characteristics.
Table 3. CT Regression analysis for each country (continued)

Model 6 DEU FIN FRA LUX PRT

Age (in years) -8.794 *Ek 13,972 *¥*x o 21.812 *¥** - -16.009 *¥*k o 13.381 HEx
2.518 2.274 2.233 1.864 1.557

Sex (1=girl) -14.099 *rx 5748 *¥* o -16.987 *¥** 15314 *rx o -26.639 rHE
3.403 2.100 1.423 2.469 2.662

(At least) one parent born abroad 7.204 -36.170 *¥*kx 21532 *¥**x 3579 * -7.846 *x
4.891 10.953 4.326 1.506 2.969

Born abroad 0.562 -17.039 18.800 * 14.227 **% - -15.695 HEE
7.261 9.161 7.677 2.920 4518

Language spoken at home same as test

language 26.508 *¥*k o 18.107 *¥*x  23.574 *¥*x 8755 * -21.888 Hkx
5.185 3.642 3.821 3.572 5.343

Socioeconomic background 10.433 **k o 19.973 **x o 22.720 *kx o 12.049 **% - 14.000 Hkx
2.095 0.927 1.543 1.093 1.045

Internet access at home -12.367 -23.019 * 26.537 *x 20.286 * 4.935
15.093 11.215 9.224 9.424 5.744

Computer experience 7.555 *¥** 14346 *¥** 9791 *¥** 9,062 *¥** 9653 HEx
0.845 0.760 0.763 0.984 0.724

Smartphone experience -6.840 *¥**k 5159 *¥*x 0 -10.285 ¥Rx 12401 *E* o -8.540 Hkx
1.154 0.955 1.189 1.339 1.419

Tablet experience -5.803 Ak _8.868 *EX 4112 **x - -0.708 -1.044
1.175 1.126 0.549 0.639 1.281

Studies ICT in current school year 19.891 *¥** o 18.647 *¥*x 3327 -17.746 *¥** o 17.126 *Ex
4.577 1.963 2.692 3.191 3.546

Learning coding tasks -0.611 **E 21,150 **k o -1.025 *¥** - .0.872 ¥k -0.930 HEK
0.180 0.140 0.115 0.132 0.178

Learning ICT tasks -0.201 0.917 *¥** 0575 *¥*x o 0.294 -0.120
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0.174 0.126 0.077 0.178 *xE O 0.178 HoHE

Use ICT at school for school purposes -3.151 Ak 4023 *Ex 3811 *kx 1328 -6.413
0.805 0.991 0.731 1.230 1.274

Use ICT at school for other purposes -0.436 5.603 *¥** 4473 *¥** 2334 *¥*k o 1.194 *
1.085 1.396 0.643 0.594 0.604

Use ICT outside school for school purposes  -4.111 * -1.425 -2.413 *¥Ekx o .1.831 * -0.135
1.757 0.805 0.499 0.855 0.741

Use ICT outside school for other purposes  16.555 KAk 13,181 *Ex o 14.265 *kx o 11.839 *Ex O 14.268 Hkx
1.524 1.377 0.715 1.059 0.980

Ratio of school size and teachers -556.368 Ak 17.543 -277.294 *Hkx 327615 **x o 13.014 *x
54.805 26.342 56.936 67.371 4.286

School size: 201-600 students -14.273 * 13.846 *** 5,866 *¥** 0 21.108 HEE
6.937 2.493 3.640 2.254

School size: 601-900 students 11.145 3.817 2.432 23.925 *¥*x o 21.607 Hkx
6.416 2.440 2.994 3.340 3.111

School size: 901 or more students 16.455 * 47.503 **x 0 29.890 *¥** o 6.560 16.851 Hkx
6.853 4.236 7.185 4.512 1.712

Schools with equal amount of affluent and

disadvantaged students 5.412 3.967 * 1.962 16.369 ** 2.245
2.948 1.878 2.985 5.391 1.527

Schools with more disadvantaged students

than affluent students -54.343 X 6.491 *¥** 9393 *¥*x 29,825 *¥** o 6.017 *
3.233 1.349 1.620 3.210 2.860

Availability of ICT resources at school (ICT

Coordinator) 1.538 **x o 0.074 -0.056 0.227 -0.088
0.212 0.121 0.096 0.142 0.125

Ratio of school size and number of ICT

devices -1.036 *xEk 2839 *¥*%* 0,990 * 11.195 *** - 0.309 **
0.273 0.852 0.501 1.396 0.095

Availability of computer resources at

school (Teachers) 0.819 0.404 0.963 -0.261 -0.484 *
0.608 0.493 0.758 0.574 0.218

10 or more years ICT experience in the

school -5.312 * -0.596 3.126 29.100 *rx 2238
2.604 1.496 1.861 3.941 1.679

ICT experience with ICT use during lessons  7.309 28.194 ** 27.175 * 146.683 *¥** o -31.865 HEx
10.613 9.259 12.413 19.803 5.517

Use of ICT for teaching practices in class -3.192 *ERE o -1.032 * -4.599 *¥*Fx o -11.680 **k 2440 Hkx
0.734 0.491 1.357 1.476 0.417

Constant 712.498 **x 579.975 *xx o 887.563 *xx o 811.677 **E - 668.723 rHx
59.297 41.778 53.571 79.225 22.524

School variance 3.467 *** 3,008 *¥*k 2,697 *¥*% o 0.041 3.001 HEE
0.035 0.065 0.089 6.061 0.058

Individual variance 4.300 *Ek 4332 *¥** 4235 *¥R* 4428 *¥*k 4,084 HEx
0.015 0.013 0.010 0.016 0.013

Source: ICILS 2018. Repetitive weights are applied

We fail to reject hypothesis 4 as the results show that boys have an advantage over girls, apart from
Finland where the reverse is true. Moreover, the socioeconomic status effect is positive thus also not

rejecting that part of the fourth hypothesis.

Models 1 through 5 estimate school level variables separately and in model 6 we estimate them all
simultaneously. Model 2 shows that the ratio between school size and teachers is, as it was with CIL,
negatively related to CT for Germany and France, positively related Finland and are unrelated in
Luxembourg and Portugal. The size of the school is positively related to CT, except for Luxembourg where
itis negative. For schools with a more or less equal amount of affluent and disadvantaged students reveals
a mixed picture across countries: in Finland, France and Portugal there seems to be a positive relationship
whereas in Germany and Luxembourg it is negative. The more schools comprise of disadvantaged pupils,

the lower the CT score is, except for Finland. With regard to the availability of ICT resources according to
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teachers, the correlates with CT were positive for Finland and Luxembourg. The availability according to
the ICT coordinator of the school shows a more mixed picture, as it is positive related to CT in Germany
and Finland, but negatively in Luxembourg. The ratio between ICT devices and students is only positively
related with CIL in Germany, Luxembourg and Portugal. In all, this makes that the support for hypothesis
7 is mixed. In model 4 we include experience with ICT of both the teacher and ICT coordinator of the
school. The experience of the coordinator is positively related in Germany and Luxembourg, while
unrelated in the other countries under analysis. For the experience of the teacher, all but Germany
appears to yield positive coefficients. In model 5, bringing the ICT in practice in the lessons by teachers is
negatively related to CT in Germany and France, while positively related in Luxembourg and Portugal. We
thus cannot reject the eight hypotheses in all countries but Germany, while hypothesis 9 (on experience)
is not rejected in Germany and Luxembourg. Lastly, in the complete school level model, in model 6, the
school size indicator is somewhat less stark as it is probably explained by the other school variables.

Furthermore, the classroom ICT practice turns significant for all countries compared to model 5.

Figure 6. County-level correlates of Computational Thinking
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indicators, Y-axis is predicted country level score of the full individual level model.

Turning to the variance components in Table C3 in Appendix C, the explained variance at the country level
in model 6 lies between 9% (Finland) and 19% (France) and at the individual level the explained variance
lies between 1% (Germany) and 3% (France and Portugal). In Figure 6, we show the relationship between

8 country level characteristics and the predicted country level means of the individual level model of
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computational thinking. We also obtained the predicted score of the empty model, though difference are
negligible. Figure 6 shows the correlates do show a lot of room to deviate within the 95% confidence
interval and thus lack precision to discern meaningful relationships between variables. In all, we have to

reject hypotheses 10 to 13.

1.2.5.3 Gender and SES inequality and the role of education systems
The moderation effects of sex and socioeconomic status with the indicators on use of ICT and the purpose

of using ICT for the CT score are depicted in Table 4. As with the CIL analysis, moderation effects are not
really robust. For girls in Luxembourg the effect of use of ICT at school for other purposes is about zero,
while positive for boys (combining the main effect with the interaction effect). The effect of use of ICT
outside school for other purposes is smaller for girls in Germany and Finland, as it was with the CIL skills,
but for CT this holds also in Luxembourg. The moderation effects of socioeconomic status somewhat more
prevalent across countries. For use of ICT at school for school purposes: the higher the socioeconomic
status the larger the effect is in Finland. The effect of using ICT at school for other purposes is larger for
higher socioeconomic status students in Finland, while the opposite is observed in Luxembourg. The effect
of using ICT outside school for school purposes is less negative and even turns positive the higher the
socioeconomic status is in Germany and France. The effect of using ICT outside school for other purposes
is smaller for higher socioeconomic status students in France, while larger in Portugal. Hypotheses 5 is

refuted, as well as hypothesis 6 (but for France).

In Appendix C, Table C3, the interaction effects of sex are shown for the school level variables with
Computational Thinking. All the effects are estimated while controlling for the individual level indicators.
Noteworthy results are that in France, Luxembourg and Portugal the effect of ICT coordinator indicating
that degree of resources available at the school is less negative or positive for girls and non-existent or
negative for boys. For Finland, the positive availability effect is almost zero for girls. Second, the
interaction of student-teacher ratio with sex appears to be negative in France, Luxembourg and Portugal
though to a varying degree of significance, meaning that girls have a less positive or even negative ratio-
effect. Third, in Finland and Luxembourg the effect of the teacher indicating availability of computer
resources at school makes the advantage for girls in those countries smaller. In Germany the disadvantage
of girls becomes smaller the more ICT resources there are available. For the moderation with the
socioeconomic status (Table C4, in Appendix C), it holds that the effects are different in the countries in

analysis, or quite imprecisely estimated, as some effects are only significant at the 5%-level.

With regard to the country characteristics moderations, we correlate the coefficients of the within-
country model to country-level characteristics. We remain estimating the individual level controlled

model, as to not obfuscate possible school characteristics that are part of an education system.
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Table 4. Differential effects of ICT use and use purpose by Gender and SES for CT scores

DEU FIN FRA LUX PRT DEU FIN FRA LUX PRT
Sex (1=girl) -17.031 -10.062 -23.927 *** -16.146 ** -25.985 *** -9.694 6.152 -14.817 *** 6.363 -27.337  **x
9.137 7.725 4.759 5.469 4.368 5.666 3.587 2.772 9.451 3.398
Use ICT at school for school purposes -3.828 **x* 1.856 2.898 *** -1.725 -6.304 *** -3.205 *** 3.924 *** 3.945 *** -1.684 -6.418 ***
1.025 1.690 0.753 1.318 1.575 0.857 1.033 0.737 1.199 1.297
Use ICT at school for other purposes -0.522 5.769 *** -4.848  *¥** 2,795 *** -1.188 0.072 5.734 *** -4.330 *** 6.042 *** -1.279 *
1.111 1.405 0.636 0.497 0.616 1.435 1.499 0.569 1.270 0.590
Use ICT outside school for school purposes -4.192 * -1.504 -1.972  *** -1.774 % -0.129 -4.210 * -1.507 -1.992 ¥ -1.764 * -0.109
1.786 0.797 0.513 0.829 0.742 1.777 0.794 0.497 0.844 0.757
Use ICT outside school for other purposes 16.468 *** 12,935 k** 14.224 *** 11.856 *** 14.439 *** 16.486 *** 13.084 *** 14.281 *** 11.804 *** 14.440 ***
1.590 1.370 0.711 1.052 0.984 1.588 1.376 0.710 1.046 0.980
Sex (1=girl) # Use ICT at school for school purposes 1.570 4.406 2.256 0.417 -0.251
2.631 2.326 1.676 1.174 1.303
Sex (1=girl) # Use ICT at school for other purposes -1.273 -0.072 -1.080 -6.283  ** 0.171
1.113 0.998 0.915 2.148 0.614
Constant 617.940 *** 633.715 *** 752.580 *** 688.636 *¥** 697.541 *** 613.038 *** 624.468 *¥** 746,127 *F** 686.007 *¥** 698.146 ***
47.910 33.038 33.704 27.226 24.504 48.209 34.924 33.774 27.189 24.443
School variance 3.877 *** 3,122 *x* 2.899 xxx 3.173  *** 3.060 *** 3.878 *** 3.119 *** 2.897 *¥x 3.166 *** 3.060 ***
0.035 0.065 0.049 0.077 0.039 0.035 0.066 0.049 0.080 0.039
Individual variance 4.304 *** 4,332 *** 4,234  *** 4.426 *F** 4.086 *** 4304 *** 4,333 k*x 4,234 *** 4.424 *** 4.086 ***
0.015 0.013 0.010 0.016 0.012 0.015 0.013 0.010 0.015 0.012
DEU FIN FRA LUX PRT DEU FIN FRA LUX PRT
Sex (1=girl) -9.506 7.649 -21.661  *** -6.635 -16.732  * 82.329 (*xx* 48217 *** -27.710 ** 3.023 -19.071 *
8.147 5.332 5.115 7.541 7.289 21.284 10.201 9.674 9.309 7.760
Use ICT at school for school purposes -3.144 *** 3.941 *** 3.982 *** -1.587 -6.478 *** -3.429 **x 4.044 *** 3.962 *** -1.513 -6.443  **x
0.839 1.015 0.765 1.209 1.312 0.865 1.012 0.746 1.173 1.299
Use ICT at school for other purposes -0.551 5.707 *** -4.864 *** 2.787 *** -1.223 * -0.329 5.899 *** -4.853  *** 2.673 *** -1.183
1.139 1.387 0.651 0.496 0.622 1.167 1.387 0.645 0.508 0.606
Use ICT outside school for school purposes -3.746 -1.288 -2.560 *** -0.707 1.203 -4.034 * -1.510 -2.042  *** -1.692 * -0.122
2.552 0.975 0.643 1.394 1.590 1.783 0.797 0.491 0.850 0.744
Use ICT outside school for other purposes 16.426 *** 13.103 *** 14220 *** 12.023 *** 14,508 *** 24,237 *xx 17.822 *** 13.096 *** 14.110 *** 15.337 ***
1.590 1.331 0.711 1.126 0.995 2.288 1.697 1.266 1.565 0.916
Sex (1=girl) # Use ICT outside school for school purposes -1.088 -0.531 1.189 -2.381 -3.102
2.476 1.348 1.330 1.933 2.578
Sex (1=girl) # Use ICT outside school for other purposes -20.213  *** -9.187 *** 2.251 -4.135 * -1.712
3.974 2.065 2.100 1.714 1.955
Constant 613.306 *** 623.364 *** 750.765  *** 686.609 *** 693.313  *** 582.958 *** 603.078 *** 752.642 x** 680.052 *** 692.798 ***
49.663 34.616 32.440 27.645 22.488 49.449 35.600 31.878 26.788 21.346
School variance 3.878 *xx 3.119 *** 2.897 xxx 3.173  xx* 3.061 *** 3.871 **x* 3.120 *** 2,901 *** 3.171 *** 3.058 ***
0.036 0.066 0.050 0.077 0.039 0.034 0.065 0.048 0.078 0.037
Individual variance 4,304 *** 4,333 *** 4,234 *** 4,426 KX 4,085 *F** 4,299 *F** 4,331 *F** 4,234 *F** 4,426 KF** 4,086 ***
0.015 0.013 0.010 0.015 0.013 0.014 0.013 0.010 0.015 0.012

Source: ICILS 2018. Repetitive weights are applied. Models include also individual level characteristics.



Table 4. Differential effects of ICT use and use purpose by Gender and SES for CT scores (continued)

DEU FIN FRA LUX PRT DEU FIN FRA LUX PRT
Socioeconomic background 11.018 *** 10.550 *** 19.887 ***  13.803 *** 11.649 ***  10.075 * 10.311  *** 20291 *** 19.420 *** 11.438 ***
3.108 2.875 2.051 3.164 3.430 4.234 2.278 1.544 2.631 2.763
Use ICT at school for school purposes -3.108 *** 3.997 *** 3.945 *** -1.520 -6.399 *** -3.154  *x* 3.913 *** 4.068 *** -1.744 -6.423  ***
0.833 1.105 0.740 1.186 1.293 0.834 1.041 0.744 1.211 1.300
Use ICT at school for other purposes -0.562 5.710 *** -4.781 *** 2,781 *** -1.214 * -0.577 5.634 *¥** -4.918 *x* 2.960 *** -1.232
1.138 1.353 0.616 0.517 0.613 1.130 1.319 0.665 0.474 0.629
Use ICT outside school for school purposes -4.211 * -1.533 -2.001 *** -1.785 * -0.087 -4.238 * -1.481 -2.078  *x* -1.659 -0.125
1.776 0.791 0.493 0.838 0.769 1.759 0.796 0.508 0.853 0.744
Use ICT outside school for other purposes 16.488 *** 13.108 *** 14285 *** 11,853 *** 14.473 *** 16,530 *** 13.409 *** 14301 *** 11.574 *** 14.486 ***
1.549 1.336 0.720 1.046 0.994 1.571 1.322 0.723 0.981 0.996
Socioeconomic background # Use ICT at school for school purposes 0.395 2.782 *xx 1.186 -0.223 0.965
0.934 0.723 0.875 0.878 0.951
Socioeconomic background # Use ICT at school for other purposes 0.771 2.506 *** 1.259 -1.884 * 0.993
1.142 0.663 0.706 0.778 0.810
Constant 615.290 ***  624.032 *** 748.189 *** 6£88.692 *** 698.260 *** 614.644 *** 622477 *** 748707 *** 691.196 *** 699.508 ***
47.899 34.052 33.331 27.147 24.579 47.945 34.189 33.160 26.968 25.150
School variance 3.878 *** 3.120 *** 2.897 *¥x 3.173  *** 3.060 *** 3.878 *¥** 3.114 *** 2.899 *** 3.179 *** 3.066 ***
0.035 0.066 0.049 0.077 0.039 0.035 0.067 0.048 0.079 0.039
Individual variance 4,304 K** 4,332 *F** 4,234 *F** 4,426 KF** 4,086 *** 4,304 *x* 4,332 RH* 4,234 KRx* 4,425 *** 4.085 ***
0.015 0.013 0.010 0.016 0.012 0.015 0.013 0.010 0.016 0.013
DEU FIN FRA LUX PRT DEU FIN FRA LUX PRT
Socioeconomic background -0.734 22,179 *** 17.734  *** 10.416 ** 12.565 * 22,929 ** 10.658 * 32.057 *** 12.477 *** 7.579 *
6.965 2.115 2.096 3.540 5.162 7.436 4.656 3.295 2.835 3.098
Use ICT at school for school purposes -2.904  *** 3.948 *** 4.006 *** -1.516 -6.397  *** -3.202  *** 3.887 **x 3.893 **x -1.528 -6.375  k**
0.759 1.043 0.743 1.174 1.313 0.861 1.039 0.733 1.177 1.280
Use ICT at school for other purposes -0.597 5.702 *** -4.858  *** 2.729 *** -1.207 * -0.500 5.564 *** -4.840 *x* 2.785 *** -1.227 *
1.131 1.384 0.639 0.464 0.615 1.166 1.321 0.635 0.491 0.616
Use ICT outside school for school purposes -3.908 * -1.554 * -1.989 *** -1.765 * -0.077 -4.225 * -1.464 -2.014  *x* -1.776  * -0.116
1.739 0.738 0.513 0.836 0.777 1.775 0.789 0.494 0.838 0.747
Use ICT outside school for other purposes 17.040 *** 13.027 *** 14341 *** 12,065 *** 14.468 *** 15366 *** 13.779 *** 14.036 *** 11.922 *** 14.746  ***
1.487 1.349 0.731 1.071 0.981 1.849 1.266 0.755 0.975 1.010
Socioeconomic background # Use ICT outside school for school purposes 4,195 * -0.509 1573 * 0.790 0.640
1.793 0.776 0.673 0.923 1.382
Socioeconomic background # Use ICT outside school for other purposes -2.299 2.125 -1.934 ** 0.165 1.563 **
1.748 1.128 0.742 0.528 0.571
Constant 612.214 ***  625.228 *** 749308 *** 686.684 *** £698.209 *** 618956 *** 621452 *** 744920 *** 6£88.109 *** 699.048 ***
47.250 34.450 33.082 27.559 24.910 46.888 34.769 33.262 27.298 24.765
School variance 3.883 **x* 3.119 *** 2.899 *** 3.175 *** 3.060 *** 3.877 *¥** 3.113  **x* 2.893  *k*x* 3.173  *** 3.059 ***
0.036 0.066 0.048 0.076 0.039 0.035 0.068 0.050 0.078 0.038
Individual variance 4,302 K** 4,333 HF** 4,234 HF** 4,426 KF** 4,086 *** 4,304 *x* 4,333 kk* 4,234 R** 4,426 *F** 4.085 ***
0.014 0.013 0.010 0.015 0.012 0.015 0.013 0.010 0.016 0.012

Source: ICILS 2018. Repetitive weights are applied. Models include also individual level characteristics.
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First, we look at the effect of a diverse set of country level variables on girls, compared to boys. In Figure
7, it is rather hard to see correlations between country characteristics and the girl’s coefficient. Again,
treating the grey 95% confidence interval area see as a space through which we have to draw line, a
variation of different slopes are possible. We tentatively conclude that there is no sex interaction effect
for CT, except for a negative correlation with the Gini-coefficient. For the standardisation of output the
results show no substantial deviation from those countries in which there is output standardisation
everywhere. For the interaction with SES it holds that the CT figures look very similar to the CIL figures.
The exception might be again eGovernment: the higher the SES the more using eGovernment correlates

with Computational Thinking.

Figure 7. Graphs of correlates between the sex coefficient on CT scores and country characteristics

20 40
L
50
|

OFIN
®FIN

OFIN o~ A
OFRA™ ®DEU
| orra BEU orrT N
®PRT PRT

T T T T 0 T T T T T ! T T T T
95 .6 7 8 9 .65 7 75
Index of autonomy of assessment in ICT Index of autonomy governance

‘
-4
1

-60 -40 -20 0
0

85 90
% students public schools
OFIN

OFIN
o o4 o
gl oM —————— e .
) e | O
OPRT T ——— o OFRA oLUX
) &4

¥ o ®PRT

21 L 24
' T T T T T T 3 i T T T
0 5 1 15 2 ’ 26 28 3 32
Standardization of input Partly output std. Whole country output std. Gini-coefficient
o
« <A
OFIN ®FIN
o oA
®DEU M
! ®PRT

®PRT

T T T T T T T T T T T T
3.5 20 70

1.5 2 25 3 30
% expenditures in R&D of GDP % of people using eGovernment

Repetitive weights - Interaction Sex

Notes: estimates obtained by using multiple imputation techniques for the five sample plausible values. X-axis are country level
indicators, Y-axis are coefficients of the sex indicator from Model 1 of Table 3.
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Figure 8. Graphs of correlates between the socioeconomic status coefficient on CT scores and country
characteristics
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1.3 Analyses of Problem Solving Skills

1.3.1 Theory & Hypotheses
While in the previous section we were looking at ICT skills as a direct measure of digital skills, we now turn

our focus to a second set of skills often deemed important and needed for education and the workplace
in current and future economies, namely problem-solving skills. Problem solving-skills are one crucial
example of higher order cognitive skills (others include critical thinking, creativity col labouration,
communication, information or technical skills). In the 21°* century, individuals increasingly face
challenging, nonrecurring problems and situations that are uncertain and without precedent (Autor, Levy
and Murnane, 2003; Van Laar, Van Deursen, Van Dijk & De Haan, 2020). Problem-solving skills allow
workers to deal effectively with these complex nonroutine situations (Van Laar, Van Deursen, Van Dijk &

De Haan, 2020).

We draw on resources and appropriation theory to explain individual-level differences in students'
problem-solving skills (De Haan, 2004; Van Dijk, 2005). This theoretical approach relates differences in

individuals’ (digital) skills to differences in their available resources, including temporal (time for skill
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usage), material (infrastructure to use skills), mental and motivational (e.g., learning style), social (social
network to assist skill usage), and cultural (e.g., religion, language) resources. The differences in
individuals’ available resources relate to personal categories and positions in a society. Van Laar et al.
(2020) distinguish the personal and positional categories into demographic (e.g., age, gender, and race or
ethnicity), socioeconomic (e.g., education, income, and labour position), and personality or psychological
determinants (e.g., personal traits and intelligence). Based on resources and appropriation theory (De
Haan, 2004; Van Dijk, 2005), we expect older students, male students, students from higher SES
backgrounds and students without migration background to score higher in problem-solving skills,
although the advantage of older students and male students should be moderate (for a systematic

literature review, see Van Laar et al. 2020).

Just as for ICT skills, next to the home environment, schools are young students' most relevant learning
context with regard to problem-solving skills. As with ICT skills and other domain-specific competences,
we expect to find a large variation in problem-solving skills between schools rather than between
countries. Based on findings from previous research, we consider four school-level characteristics which
we expect to affect students problem-solving skills. First, we consider the school type (private/public).
Private schools should be better equipped, more autonomous in selecting their students and teachers,
and more flexible in their curriculum, which altogether should positively affect students problem-solving
skills. Second, we consider the level of school autonomy directly, referring to a school’s capacity to hire
and fire teachers, to determine teachers’ salaries, define budget allocation, and determine students’
admission and disciplinary and assessment policies, as well as manoeuvring over the supply and content
of courses. We expect a larger autonomy to result in a better capacity of schools and their teachers to
adapt the content of teaching toward an increasingly important set of skills, i.e., problem-solving skills,
which is usually not yet embedded in national curricula. Third, we will consider the student-teacher ratio.
The fewer students a teacher has to teach, the better s/he can respond to each students’ individual needs
and support them in their individual skill development, thus resulting in higher problem-solving skills.
Fourth, we consider the extent of extracurricular activities. Previous research found that extracurricular
activities positively affect students’ confidence in their ability, which in turn positively affects their
learning strategies and academic outcomes (e.g., Chan 2016, Eccles et al. 2003, Stuart et al. 2011). We
expect extracurricular activities to enhance students problem-solving skills through co-operative activities

and hands-on experiences.

Also for problem-solving skills we expect to find differences between countries, even though they may be
smaller than differences within countries between schools. The PISA data allows us to study the country-
level as a second, contextual level in our analyses. Based on findings from previous research, we consider

six country-level characteristics of the education systems and the economic and cultural environments in
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European societies which we expect to affect students problem-solving skills. Countries differ in the
degree of standardization of teaching content (input standardization) and in the existence of central
examination (output standardization). In countries with high input and output standardization, the
educational systems are arguably less flexible to adapt quickly to new demands, like the rising demand
for problem-solving skills and other higher-order cognitive skills. Thus, we expect countries with high input
and output standardization to lag behind countries with lower standardization levels in terms of students’
proficiency in problem-solving. If the constructivist learning theories with their emphasis on out-of-school
experience holds, this malus for highly standardized countries should be moderate. As a further
characteristic of the educational system, we analyse the type of study program. Previous research has
shown that in most countries (Germany and Russia being exceptions), students in vocational study
programs score higher in problem-solving as compared to students in general study programs with similar
skills in mathematics, reading and science skills (OECD, 2014b: 96ff; Levy, 2010). Vocational study
programs are considered to stronger promote hand-on learning. This means that they are believe to equip
students for tackling complex, real-life problems in contexts usually not encountered at school (Levy,
2010; OECD, 2014h: 98f.). We therefore expect a higher share of upper secondary students in vocational
study programs to be positively related to ther average level of students’ problem-solving skills in a

country.

We further consider two economic determinants: research & development and the level of income
inequality. We expect research & development investments to have a rather direct impact on problem-
solving skills. We expect higher expenditures in the percentage of GDP in research & development to
coincide with better average students’ performance in problem-solving skills. Economic inequality,
however, is expected to lower the average problem-solving skill development because fewer students
from less privileged backgrounds have access to appropriate learning environments. Thus, we expect a

higher level of income inequality to negatively relate with problem-solving skills.

Finally, we analyse a country’s level of digitalization and adult’s willingness to learn. Previous research has
found that digital and problem-solving skills are positively related (OECD, 2014b). In more digitalized
countries, it can be assumed that students are more often faced with new situations and challenges and
that students are forced to apply problem-solving and digital skills to address these new situations. We
therefore expect students in more digitalized countries to score higher in problem-solving. We also expect
that students in countries where adults show a higher willingness to learn to score higher in problem-
solving skills. Parents usually act as role models for their children. In countries where the adult population
is more prone to learning children are also likely socialized into a stronger willingness to learn, which in

turn can be expected to increase their skill set in problem-solving.
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1.3.2 Data and Methods
This section uses data from the 2012-round of the OECD’s Programme for International Student

Assessment (PISA) (OECD, 2014a). PISA collected background information and test-score data on
adolescents aged approximately 15 years old in all OECD countries. Testing tool place in school and with
respect to a variety of competence domains. Side to literacy and numeracy, the 2012-round also included

test-score data on problem solving skills.

The overall sample in PISA 2012 includes 271,323 respondents. The restriction to European countries left
us with 143,660 respondents. Among this restricted sample we selected only respondents from those
countries for which we had comparable information on country-level characteristics, which resulted in a
sample of 108,141 respondents. After list-wise deletion on the analytical variables at the individual level,
we obtained a final sample of 91,152 respondents spanned across 19 European countries: Austria,
Belgium, Czech Republic, Germany, Denmark, Spain, Estonia, Finland, France, Great-Britain, Hungary,
Ireland, Italy, the Netherlands, Norway, Poland, Slovakia, Slovenia, and Sweden. All analyses use design
weights to ensure the representativity of the findings. Design weights provided in PISA are adjusted
according to our sample selection (weights are normalised to that the sum of the weights is equal to the
number of respondents in the analytical sample).

1.3.2.1 Test scores

Problem-solving skills in PISA are measured using computer-based assessments based on near real-life
problems. The PISA testing framework involves five plausible values of a child’s performance as to make
inference on the actual child’s proficiency level. A plausible value is a likely score of proficiency drawn
from the marginal posterior of the latent distribution. Taken together, the five plausible values yield an
unbiased estimates of real proficiency score (OECD, 2019a, 2019b). The raw scores (each plausible value)
are normalized to have an average of 500 and a standard deviation of 100 across OECD countries. Some
of the previous studies use multiple imputation techniques to average out estimates from the five sample
(plausible values) and adjust the standard errors accordingly (see, for example, Bol, Witschge, Van de
Werfhorst, and Dronkers (2014) and Jacobs and Wolbers (2018). For the sake of simplicity and parsimony,
we only use imputation techniques in the bivariate analyses (descriptive step) and run the analyses on the

first plausible value only in the multivariate analyses (explanatory step).

1.3.2.2

Independent variables

The two main stratification dimensions of interest at the individual level are gender and socioeconomic
background. Gender refers to students’ biological sex at birth. The socioeconomic background (SES) of the

family of origin is proxied by the PISA’s index of economic, social, and cultural status (ESCS). The other
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covariates at the individual level used in the analyses are students’ migration background (at least one

parent born abroad) and exact age at testing.

We focus on a series of characteristics of the educational systems at the school level. School type
distinguishes public, private, and private but government-dependent schools. School autonomy is an
index reflecting the autonomy a school has in hiring and firing teachers, determining teachers’ salaries,
defining budget allocation, determining students’ admission and disciplinary and assessment policies, as
well as manoeuvring over the supply and content of courses. One could indicate whether the principal,
teacher, school governing board, regional authority or national education authority was responsible. If
principal, teachers or school governing board was selected the item was scored 1, otherwise 0. Weighted
Likelihood Estimation are applied so that countries were equally weighted is constructing the individual
score on the scale. Subsequently, they were transformed to an OECD-country mean of 0 and a standard
deviation of 1. The indicator was available in the PISA data set. The student-teacher ratio measures the
average number of students per teacher. Finally, the index of extracurricular creative activities measures
the number of cultural and creative activities taking place in school as indicated by the principal, such as,
band, orchestra or choir, school play or musical, and art clubs (OECD, 2014b). The indicator was available
in the PISA data set. All school-level variables are directly available in PISA 2012 from the school

guestionnaires filled out by the principal.

At the country level, we focus on a series of characteristics of the education systems and the economic
and cultural environments in European societies. First, we focus on input and output standardisation in
the education systems. Input standardisation refers to the extent to which schools can decide how and
what to teach. This concept recall school autonomy (at the school level) but refers to the country level
and is restricted to the content and modes of teaching only. Output standardisation, instead, is a dummy
variable indicating the existence of central examination in a country. The third characteristic of education
systems is the index of vocational enrolment. This index is based on the share of students in vocational
programs in upper secondary education calculated with both OECD and UNESCO data. Input and output
standardisation and the index of vocational enrolment are taken directly from Bol and van de Werfhorst
(2013). Input standardisation and vocational enrolment were standardised to have a mean of 0 and a unit
standard deviation in Bol and van de Werfhorst’s sample; we kept the same metric for our analyses. The
economic indicators used in the analyses are the percentage of GDP spent on research & development
(OECD, 2021a) and the GINI-coefficient to measure the level of income inequality (OECD, 2021b). Finally,
we also measure the level of digitalization and the willingness to learn of the adult population in a country.
The level of digitalization refers to the average percentage of individuals that submitted forms to public
authorities via web in the last 12 months (Digital Agenda Data EU, 2021). We refer to this variable as the

extent of the digital contacts with the government. The willingness to learn, instead, is measured by
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averaging the index of learning strategies available at the individual level in PIAAC. This index is obtained
by merging information on six items indicating how much one uses the following learning strategies (5
points Likert scale): “Relate new ideas into real life”; “Like learning new things”; “Attribute something
new”; “Get to the bottom of difficult things”; “Figure out how different ideas fit together” and “Looking
for additional info”. A higher value indicates that those learning strategies are more often employed in a
country. Table D1 in Appendix D shows descriptive statistics for all variables used in the analyses.

1.3.3 Analytical strategy

The analyses are structured around two research questions: (1) How the acquisition of problem-solving
skills relates to characteristics of education systems; and (2) How gender and social inequalities in the
acquisition of problem-solving skills relate to characteristics of education systems. Research question 1
(RQ1) implies a comparison in the levels of problem-solving skills across countries and schools to gauge
insights on the role of contextual characteristics (varying both across countries and across different
schools in the same country). Research question 2 (RQ2) implies a comparison in the amount of (gender
and SES) inequality across countries and schools to gauge insights on the role of contextual characteristics

(again, varying both at the country and the school level).

The empirical analyses related to each of the two research questions are divided in two steps. In the first
step, we describe contextual variations in the levels or the amount of (gender and SES) inequality in
problem-solving skills across countries and schools. In the second step, we try to explain variations across
countries and schools via institutional characteristics at both the country and the school level.
Notwithstanding these similarities, the two research questions required somewhat tailored strategies of

analyses, which briefly describe below.
RQ 1: Study variations in the levels of problem-solving skills

We relied on raw test-score data to study variations in the levels of proficiency across countries and
schools. Raw scores represent absolute measures of achievement and are directly comparable across
students in different schools and countries by design. As mentioned in the previous section, the raw data
are normalised to have a mean of 500 and a standard deviation of 100 across OECD countries (in our
selected sample the average is 500 while the standard deviation slightly lower than 100, see Table D1 in

Appendix D).

The first, descriptive step relies on the comparison of point averages of raw proficiency scores across
countries and schools. This description explores the overall contextual variations in proficiency levels by
ranking countries and visualizing the heterogeneity across schools in the same country. The second,
explanatory step relies on hierarchical models with a three-level structure (individuals, schools, countries)

where only the intercept (the average proficiency) is allowed to vary across levels. These models partition
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the total variation in raw proficiency scores and allow us to explore 1) the amount of variation occurring
atindividual, school, and country level; and 2) the role of selected school- and country-level characteristics
in explaining such variations. To this end, we adopt a stepwise approach by enriching a null model
(partitioning the variance in the three levels) with individual characteristics (jointly), school characteristics

(jointly), and country-level characteristics (included once a time for the sake of parsimony).
RQ 2: Study variations in (gender and SES) inequality in problem-solving skills

We relied on z-standardised scores within countries to study gender and SES inequality in proficiency
across countries and schools. The z-standardised scores represent relative measures of achievement and
describe the relative position of students in a country’s achievement distribution. The use of a relative
measure seems justified by our focus on inequality rather than proficiency levels in RQ 2. The within-
country standardisation imposes a mean of 0 and a unit standard deviation in each country. Hence, we
study gender and SES inequality from a distributional perspective concerned with the amount of group-

based inequality occurring within each national context rather than across national contexts.?

The descriptive step of the analyses relies on the comparison of the raw gender gaps and SES gradients in
z-standardised problem-solving scores across countries and schools. Raw gender gaps are computed as
differences in the average z-score of boys and girls in each country and school. Hence, positive gaps reflect
boys’ advantages. SES gradients are obtained from bivariate OLSs regressing standardised scores on the
SES index (ESCS) in each country and school. Hence, positive gradients reflect an advantage of higher
compared to lower SES students. The second, explanatory step of the analyses relies on three-level
hierarchical models with random intercept, similar to RQ 1.# In this setting, we first estimate the average
gender gaps and SES gradients in all countries (as a benchmark) when conditioning out other individual-
and school-level characteristics. We then examined variations in gender and SES inequality across
contexts via cross-level interactions with country and school-level characteristics (we included

interactions one at a time for the sake of parsimony).

SaA corollary of this decision is that the same amount of relative inequality in two national contexts (say among boys and girls) may hide a
different amount of inequality in absolute terms across the contexts.

4 In this setting, the random intercept at country level is 0 by construction and the main effect of country-level characteristics is not
interpretable. And yet cross-level interactions between gender and SES with country-level characteristics are informative about whether gender
and SES inequality align with these institutional features at the country level, which is the information we need to answer RQ 2. The inclusion of
random slopes for gender and SES at the country and school level would offer additional insights on contextual variations in gender and SES
inequality. However, this alternative strategy was computationally very intensive and not feasible in our context.
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1.3.4 Empirical results on problem-solving skills

1.3.4.1 Variations across countries and schools
Figure 9 depicts differences in the raw average problem-solving scores across countries (red dots).

Average scores in math, science, and reading are added for comparison. There is quite some variety across
European countries in all domains. The figure shows some degree of correlation between problem-solving
skills and other skill domains at the country level. Countries that score higher on problem solving also
score higher on math, although with exceptions. The correlation with reading and especially science is
less apparent, at least at the bottom of the distribution of problem-solving skills. The non-perfect overlap
with the rankings in other skill domains calls for a closer attention to problem-solving as distinct outcome

in cross-national comparison.

Figure 9. Average scores in problem-solving, math, science, and reading by country (PISA 2012).
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Looking at problem-solving skills, it is striking that most of the European countries we considered score
higher than the OECD average (500). And yet some countries score lower, notably Eastern European
countries. Top-scoring countries are quite heterogeneous in terms of their geographical position and
overall welfare-state arrangements. Such heterogeneity is striking if we look at the five top-ranked
countries: Finland, the United Kingdom, Spain, France, and Germany. The variation between the best
(Finland) and the worst (Hungary) performing countries in problem-solving is considerable, around 60
points on the raw scale. This difference corresponds to more than half of a standard deviation across

OECD countries (100).

Differences in the levels of problem-solving skills are even more pronounced between schools of the same
country. Figure 10 plots the average problem-solving score across schools (green dots) grouped by country
to ease comparison (countries are ranked according to the average proficiency level, as in Figure 1). It is
apparent that country averages hide quite some variety in performance across schools. However, the
variability across schools differs by countries. For example, in Finland or Estonia, the school averages are
relatively homogeneous compared to Belgium, Slovenia, or Hungary, where there is quite a larger
dispersion in the average school performance. And yet countries with the same average performance, for
example Estonia and France (or Germany), may vary greatly in the amount of dispersion. Also, it is worth
noting that there is no clear-cut relation between the average performance in a country and the dispersion
across schools. While the top-performing country (Finland) shows the smaller variation across schools and
the worst-performing countries the largest, the patterns for the countries in-between these two extremes

are less clear-cut.

All in all, the two figures show a large variability in problem-solving scores across countries, and even
more so across schools embedded in the same national context. In the next steps, we will try to explain
such variability by national and school-level characteristics.

1.3.4.2 Explaining variations across countries and schools

Table 5 shows the results from the multilevel models (random intercept) regressing the raw problem-
solving scores on a series of individual, school, and country-level characteristics. Model 1 is a null model

that partitions the total variance of the outcomes across the three levels.

The examination of the variance components offers some initial insights on the contextual variety in
problem-solving skills. First, there are substantially and statistically significant contextual variations across
countries and schools. Schools seem to contribute to around 40% of the overall variation in problem-
solving skills (3948 / [5789.8+3948+408] = .39). Instead, the variability attributable to the country-level is
modest, around 4% (408 / [5789.8+3948+408] = .04). These results go in the direction of what we have
shown in the previous paragraph: when it comes to contextual variations in problem-solving skills, the

school context seems to matter more than the national context.
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Figure 10. Average problem-solving score by school, grouped by country.
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Table 5. Multilevel models (random intercept) regressing raw problem-solving scores on individual, school, and country-level characteristics.

PANEL A — Fixed and Random Effects

Modell Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9 Model 10

Individual-level
Age at test 9.4%** 9.5%** 9.5¥** 9.5*** 9.5%** 9.5 ** 9.5¥** 9.5%** 9.5¥**
Boys 11.2%** 11.3%** 11.3*** 11.3*** 11.3%** 11.3%** 11.3%** 11.3%** 11.3***
Migration (ref. Native)

First gen. -33.8%** -33.7%** -33.7%** -33.7%** -33.7%** -33.7%** -33.7%** -33.7%** -33.7%**
Second gen. -29.9%** -29.9%** -29.9%** -29.9%** -29.9%** -29.9%** -29.9%** -29.9%** -29.9%**
SES (ESCS score) 18.0%** 17.9%** 17.9%** 17.9%** 17.9%** 17.9%** 17.9%** 17.9%** 17.9%**
School-level
Type (ref. Private)

Private — Gov. depend. -16.1 -16.1 -16.1 -16.2 -16.1 -16.2 -16.2 -16.1

Public -30.9%* -30.5%* -30.7*%* -30.9%* -30.7** -30.8** -30.9%* -30.8%*
Autonomy -0.7 -0.8 -0.7 -0.6 -0.7 -0.7 -0.8 -0.7
Extra-curricular creative activities 10.1%** 10.1%** 10.2%** 10.1%** 10.1%** 10.2%** 10.2%** 10.1%**
Student-Teacher Ratio 1.9%* 1.9%* 1.9%* 1.9%* 1.9%* 1.9%* 1.9%* 1.9%*
Country-level

Input standardisation -14.8*
Output standardisation -7.7

R&D expenditure 7.1

Income Inequality (Gini) 72.8

Digital contact with the Gov. 0.3
Vocational Enrolment 8.9

Adult’s Learning Strategies 11.2
Constant 495, 7*** 332.8*%** 320.2%** 317.9%** 325.2%%* 305.9*** 299.3*** 312.2%** 314.4%** 279.3%*
Variance Intercept

Country-level 408.0*** 339.9*** 340.5%** 277.1%** 328.0%** 311.3*** 334, 5%** 322.2%** 305.1%** 338.4%**
School-level 3948.0*** 3242.7*** 3064.3*** 3064.9*** 3064.3*** 3064.2*** 3064.3*** 3064.5*** 3064.0*** 3064.3***
Individual-level 5789.8*** 5510.4*** 5509.7*** 5509.7*** 5509.7*** 5509.8*** 5509.7*** 5509.7*** 5509.8%** 5509.7***

Panel B — % decrease variance components compared to

Variance at Model 1 Model 2 Model 3 Model 3 Model 3 Model 3 Model 3 Model 3 Model 3
Country-level - -16.8 - -18.6 -3.7 -8.6 -1.8 -5.4 -10.4 -0.6
School-level - -17.9 -5.5 - - - - - - -
Individual-level - -4.8 - - - - - - - -
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Model 2 includes a series of individual characteristics that likely impact on problem-solving skills. The
inspection of the single coefficients (Panel A) shows some expected patterns. Older students at the
day of testing perform slightly better, while migrants (especially first-generation migrants) perform on
average worse than natives. What is more, boys and children from higher SES perform better than
girls and children from lower social background. We will be back on these gender and SES-based
inequality in the next paragraph. For the time being, it is worth noting that even when including these
individual characteristics significant variations across countries and schools remain (contextual
variations across countries and schools decrease by 17-18%, see Panel B). This suggest that there are
systematic differences across countries and schools that do not trace back to compositional effect in

terms of individual characteristics.

Model 3 tries to explain the residual variation by including selected contextual indicators at the school
level. Overall, the above-mentioned characteristics explain around 6% of the residual variation across
schools (see Panel B). As one may suspect, the average performance of private schools is much higher
compared to public schools. The average difference is astounding, around 30 points on the scale. This
difference equals the one between the average performance in the top-performing country (Finland)
and countries in the medium-lower tail of the distribution (for example, Ireland). Extracurricular
activities seem to foster children’s problem-solving abilities as expected. However, quite
unexpectedly, the development of problem-solving skills seems to benefit from a higher number of
students per teacher. And yet school autonomy does not seem to play any role for problem solving
skills. This is a particularly surprising finding. We expected a larger flexibility would result in a better
capacity of schools and teachers to adapt the content of teaching toward an increasingly important
set of skills (like problem-solving skills) that are not yet embedded in national curricula. Additional
analyses adding school-level indicators one by one confirm that the absence of association does not
trace back to the possibility that the indicator for extra-curricular activities captured part of the role

of school autonomy on problem-solving skills (see Table D2 in Appendix D).

Models 4 to 10 explore the role of selected national characteristics for problem-solving skills. Both the
standardisation of instruction (input) and exams (output) are negatively associated with problem-
solving skills (see Panel A, models 4 and 5). Input and output standardisation explain around 19 and
4% of the variability across national contexts (see Panel B). These results are consistent with the idea
that, in more standardised education systems, the focus of learning is on classical subjects such as
language or math rather other sets of skills. However, while the negative correlation between
problem-solving skills and the standardisation of input is substantive statistically significant, the

coefficient for output standardisation is smaller and within the range of estimation error.
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Quite surprisingly one country’s expenditure in research and development (model 6) seems not
related to problem solving (though it reduces the country level variance with 9% approximately). The
same holds for the index of income inequality (model 7), the digital contacts with the government
(model 8), the rate of enrolment in vocational education (model 9), and the index of adult’s learning
strategies (model 10).

1.3.4.3 Gender and SES inequality in problem-solving skills: variation

Figure 11 shows the gender and SES gaps in problem solving skills (z-standardised within countries)
across the 19 countries. Gender gaps are computed as the raw difference in the average z-score of
boys and girls in each country; hence, positive gaps suggest boys perform better than girls on average.
Boys outperform girls in the lion’s share of countries. The extent of the girls’ penalty varies greatly
across national contexts; from more than 2SD in Slovakia and Italy to around .1 of SD in countries like
Denmark, the UK, and France and a minimum of .05—.02SD in the Netherlands and Spain. Interestingly,
in Slovenia, Sweden, and Norway the gender gap seems very limited while in Finland girls seem to
slightly outperform boys. These cross-country variations are by far overcome by the differences in

gender gaps across schools within countries.

Figure 12 plots the average gender gaps across schools grouped by countries (ranked according to the
average gender gap at the country level). In all countries, the gender gap is positive in some schools
(boys’ advantage) and negative (girls’ advantage) in others. In countries like Finland, Belgium, or Spain
the gender gaps is more similar across schools compared to countries like Ireland or Austria, which
are seem characterised by far larger dispersion at the school-level. Overall, the figure does not provide
suggestive evidence for a relation between the average gender gap in a country and the variation of

gender gaps across schools within the same countries.

Figure 13 shows the SES gradient in problem-solving (z-standardised within countries) across the
countries. Positive gradients indicate that children from higher social background perform on average
better than children from lower social background. As the figure shows, this seems to be the case in
all European countries we considered. The SES gradient ranges from a maximum of .55SD in Eastern
European countries like Czech Republic, Slovakia, and Hungary, to a minimum of slightly less than .3SD
in Southern European countries like Spain and Italy. These are meaningful differences. An estimated
gradient of .5 implies that children whose social background (ESCS index) lies at the OECD average
perform 50% of an SD below children whose social background lies one standard deviation above the

OECD average.
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Figure 11. Average gender gap (boys-girls) in problem-solving by country (PISA 2012).
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Figure 12. Average gender gap in problem solving by school, grouped by country.
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Figure 13. Average SES gradient (ESCS index) in problem solving by country (PISA 2012).
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Figure 14. Average SES gradient (ESCS index) in problem solving by school, grouped by country.
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Figure 14 complement the picture by showing the variation in the social gradient across schools of the
same countries (ranked according to the magnitude of the average SES gradient). Contrary to what we
have seen before, the social gradients across schools seem much more homogeneous compared to
differences between boys and girls and the average proficiency in problem solving. Still, while in most
schools the social gradient is positive (high SES kids are advantaged), there are schools in which the
gradient is negative (low SES are advantaged) in virtually all countries. And yet the variation across schools
seems much larger compared to the variation across national contexts. Again, there is no apparent
relation between the average SES gradient in a country and the heterogeneity of the SES gradients across
schools within countries. All in all, akin what we have seen in the case of the average proficiency levels,
the variability of both gender and SES-based inequality in problem solving skills seem larger across schools
in the same national context than across countries. In the next paragraph. we will try to explain differences

in gender and SES gaps by national and school-level characteristics.

1.3.4.4 Explaining variations across countries and schools
The previous paragraph has shown that the magnitude of gender SES gaps in problem-solving skills vary

substantially across European countries and even more so across schools in the same country. But does
such variation align with school and country-level characteristics? Table D3 in Appendix D reports the
results from the models including the multiplicative terms between gender (Panel A) and SES (Panel B)
with school-level characteristics (interactions terms are included one at a time). These models allow us to
inspect whether the average gender and SES gaps (Benchmark model) increase or decrease according to
school type, school autonomy, the extent of extra-curricular activities and the student teacher ratio in a

school.

The benchmark model with no interaction confirms what we have shown by analysing problem-solving
skills in absolute terms (Table 5, Model 3): on average, there is substantial gender and SES-based
inequality in the countries and schools examined. Boys’ average performance exceed girls’ by 12% of an
SD; while one SD positive difference in parental SES coincide with a 18% of an SD increase in achievement.
However, models 1 to 8 in Table A3 generally shows that these average gender and SES gaps do not change
substantially according to school characteristics. The only exception is that boys’ advantage seems to
increase with the student-teacher ratio. Figure 7 plots the predicted z-standardised scores of boys and
girls at different levels of the student-teacher ratio: although there is strong uncertainty around the
predictions, girls seem to lose more ground compared to boys as the number of teachers per students
decreases. Worth noting is also that boys’ advantage seems higher in public and semi-private schools

compared to private, but such difference is within the range of estimation error. All other interaction
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terms between gender and SES with school-level characteristics are neither statistically not substantially

significant, however.

Figure 15. Girls” penalty increases with the student-teacher ratio.
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Overall, these results suggest that school-level characteristics we considered do not to explain the large
school-level differences in gender and SES inequality we see in the descriptive analyses. But do national
characteristics we considered account for the variation in gender and SES gaps in problem-solving skills at
the country-level? Table D5 and D6 in Appendix D show the results from the models interacting gender
and SES with country-level characteristics. These models allow us to inspect whether the average gender
and SES gaps (shown as a benchmark in Table A4) increase or decrease according to features of the
education system (input and output standardization, vocational enrolment), the economic environment
(Gini index and R&D expenditure), and some characteristics of the adult population in a country

(motivation to learn [Adults’ learning strategies] and the digital contacts with the government).

Table D3 reminds us that the average gender penalty is around .12 SD and the average SES advantage .18
SD per one SD increase in the ESEC index. These gender and SES-related gaps do not change dramatically
along with national-level characteristics. Most of the interaction coefficients are not statistically
significant or substantially relevant, although with exceptions (plotted in Figures 8 and 9). Boys’
advantages in problem-solving skills seem stronger in countries with higher standardisation on

instructional input, as shown if Figure 15. For example, the gender gap increases from 14% of an SD for
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countries with an average level of input standardisation (in the OECD countries) to even 23% for those
countries scoring one standard deviation above the average. This result suggests that girls may lag behind
boys in terms of problem-solving abilities especially when those skills are less likely embedded into formal
teaching in the classroom. Conversely, as shown in Figure 16, boys’ advantage decreases in countries
where adults are keener to learn new things and apply new ideas to everyday life. The gap even disappears
in countries where the frequency of these everyday learning activities is the highest. This very result
suggests that everyday engagement with learning from the side of the parents, which likely shape learning
environments at home, may compensate and even have the potential to close the girls’ disadvantage in

problem-solving skills.

However, SES-gaps in problem-solving do seem to increase slightly in countries where adults employ more
frequently strategies for learning, and much more so in countries where higher shares of adults interact
digitally with the government. These results implies that stronger digitalisation and willingness to learn of
the adult population increase only the problem-solving skills of those 15-years-olds from an advantages

socioeconomic background.

Figure 16. Girls’ penalty increases with input standardisation and decrease with the index of learning
strategies.
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Figure 17. SES gaps increase with the digital contacts with the government and the index of learning
strategies.
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1.4 Conclusions
In this chapter we studied determinants for the acquisition of relevant skills for tomorrow’s labour

markets. We focused on problem-solving skills, computer literacy skills and computational thinking as an
important skill set of the future. We analysed the extent to which skill acquisition in these domains can
be related to characteristics of the educational systems in different European countries. We focused on
the individual level factors, on school level factors and country level factors. We analysed how groups of
students in society are proficient in ICT-related skills. We focused on male and female adolescents on the
one hand, and young people with high or low socio-economic background on the other hand. We studied
how school- and country-level factors work differently for these groups. We ran multilevel random
intercept models and allow for cross-level interaction effects in to test our hypotheses on the differential

impact of school-level and country-level characteristics.

In a first step, we analysed determinants of ICT skills operationalised as computer and information literacy
(CIL) and computational thinking (CT) skills across five European countries using data from the
International Computer and Information Literacy Study (ICILS). In a second step, we used analysed
problem-solving skills, i.e., an important example of higher-order cognitive skills and crucial prerequisites
for ICT skills, across 19 European countries using the PISA data. The analyses with ICILS and PISA data are

not directly comparable.

In our first analyses on determinants of ICT skills, we assessed the extent to which there is cross-country
difference in the acquisition of those skills. Furthermore, we assessed which system characteristics can
account for those differences and thus what we could do about the acquisition of those skills. Second, we
assessed whether there were gaps in acquisition of CIL and CT skills between boys and girls and between
students with different socio-economic backgrounds. If so, it might shed light on which groups should be

targeted for policy.
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With regard to the first question, we can conclude that although there are sizeable differences between
countries, most of the variation in test scores hails from the school level. As our exploratory cross-country
analysis shows, most differences between countries are not related to system characteristics. This too,

albeit tentatively, implies that individual and school differences matter the most.

For computer and information literary skills (CIL), most of test-score variance is explained by the
composition of the school, as sex, age, migration background and language spoken at home are used in
our analyses. Noteworthy are the higher average scores of CIL skills for girls than for boys. As research
into ICT skills shows, literacy is a very important prerequisite of ICT skills. The effect size of especially the
language spoken at home is large in Germany, Finland and France. With regard to the school
characteristics, most of CIL’s variation across schools is explained by the composition of the students in
the school. In larger schools, CIL is higher on average, while the same holds for the ratio between teachers
and students. Lastly, school variance in test scores is explained by including information on the ICT
resources at a school. The resources are positively associated with the CIL score. Compared to CIL, the
analysis of CT shows that most of the individual-level variance is explained by the composition of the
school too. Furthermore, the composition variables at the school level also explained most of the school-
level variance. Another striking result for both CIL and CT is that only experience with computers helps in
acquiring those skills, while experience with smartphone and tablets is most often negatively related with

ICT skills. Contrary to CIL, for CT skills the boys have an advantage over girls.

Our results imply that substantial gains in both CIL and in CT skills come from the usage outside of the
school environment. There is also a positive correlation between CIL and CT skills, on the one hand, and
ICT use inside school and for school purposes on the other hand. Yet, for both CIL and CT skills, using ICT

outside school for other than school purposes is what promotes these skills the most.

We systematically checked whether the determinants of ICT skills differ between boys and girls and across
the socio-economic background of students in CIL and CT skills. ICT use outside of school for non-school
purposes seem to play out less favourable with respect to CIL and CT skills for girls in Finland and Germany
(and Luxembourg for CT skills only). Students from higher SES seem to benefit more from the use of ICT
outside of school for school purposes in Germany and France, compared to students from low SES.
However, this effect is not observable in Luxembourg, Portugal, and Finland. In general, the additional
analyses show how different the moderation effects play out in the countries under consideration. Not
only are there no moderation effects in some countries while there are in others, but there are opposite
effects observed as well. This point thus to the importance of the national contexts when assessing

schools.
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Relying on the PISA data, we were able to analyse an additional aspect of relevant skills for future labour
markets, i.e., the acquisition of problem-solving skills. We take advantage of the broad coverage of 19
European countries to focus more systematically on country differences. In line with our results for
computer and information literacy and computational thinking skills, we find that the variation between
countries is considerable, but that the variation within countries between schools is even larger.
Subsequently, we inquired what kind of characteristics of individuals, schools and education system could
explain those differences. The composition of students with their individual characteristics (gender,
migration, SES, age) accounts for almost one sixth of the between-country variation and between-school
variation in test scores. Once we take school characteristics into account as well, such as private/public
school, autonomy, extra-curricular creative activities and the student-teacher-ratio, we account for some
additional five percent of the between-school variation. Therefore, although we do find evidence that
same of the school-level characteristics we considered explain the variation between schools, these
characteristics are by far not exhaustive as most of the variation remains unexplained. We do find a
considerable effect of the type of school: private schools have a higher average performance than public
schools. Also, extra-curricular activities are associated with a higher problem-solving proficiency. But quite
contrary to our expectations, higher problem-solving scores are (to a small degree) higher in schools with
higher student-teacher ratios. Interestingly, our measure of autonomy does not contribute to between-

school differences in students’ problem-solving skills.

We also analysed whether characteristics of the educational systems and other country characteristics
account for differences in problem-solving skills. We used measures of input and output standardization
of the educational system, expenditures on research & development as well as the share of students in
vocational programs in upper secondary education as features of the educational system in a country. In
addition, we considered income inequality (measured by the GINI coefficient), the spread of digital
behaviour in a country (measured by digital contact with the government), and an index of learning

behaviour and strategies among adults.

Characteristics of the educational systems and other country characteristics we considered explain
differences in average proficiency levels across countries only to a minor extent. The very impact of
specific feature of the educational system is limited for development of problem-solving skills. Only input
standardisation explains a substantial amount of variance across national contexts (about 19%). Problem
solving scores seem on average substantially lower in standardised systems. This finding is compatible
with the idea that, in standardised education systems, there is only limited scope for skills that fall outside
the classical subjects that are part of the curricula. Output standardization works towards a similar
direction (by decreasing problem-solving skills). However, more expenditures on research &

development, higher shares of upper secondary students in vocational programmes, and a higher index

60



of learning activities among adults do not contribute significantly to the variation of problem-solving skills

across countries

We further found strong differences in the extent of gender and SES inequality across countries and
schools. Males seem to perform better than females and so do children from higher SES, but the extent
of those gaps seem large especially across different schools in the same country (rather than across
countries). And yet the characteristics of the schools we considered seem not to moderate gender and
SES inequality to a great extent. However, some characteristics of the education system at the country
level seem to play a role for gender and social gradients in problem-solving skills. On the one hand, males
advantage goes hand in hand with input standardisation and reduces when the willingness to learn of the
adult population in a country increases. Yet, the socioeconomic gradient is exacerbated in countries

having stronger digitalisation and parents with higher willingness to learn.

Bringing the ICILS and PISA results together, we draw similar take-home messages for the three different
measures of ICT-related skills: computer and information literacy, critical thinking, and problem solving.
Variation in ICT-related skills is larger between schools within countries than across countries. This
considerable variation in ICT-related skills between schools holds even when accounting for compositional
effects of the students’ population in terms of gender, migration history, and socio-economic status of
the families. Quite strikingly, our findings highlight the importance of extra-curricular activities or out-of-
school activities for the development of ICT-related skills. This striking finding puts into question the
contribution of education systems in fostering education for tomorrows’ labour markets. Are education
systems doing enough? Highly standardized educational systems seem inflexible to incorporate new
curricula in a swift way. More expenditures on research and development may help to promote ICT skills
among students, but our study cannot show whether these additional resources work directly through
more funding of schools or indirectly through more research and more applications of digital procedures
in everyday activities. Last, we unequivocally found differences between boys and girls and differences
between students from high and low socio-economic statuses. Girls tend to perform somewhat better in
computer and information literacy skills, whereas boys show better scores in computational thinking and

problem-solving skills. Children from low SES families do face disadvantages in all three domains.

1.5 Policy implications
In Work Packages WP1 and WP2 of the TECHNEQUALITY project, we argued what kind of skills are

becoming more important in future and technologically innovated labour markets. We consider ICT-
related skills and problem-solving as decisive skills for the success on future labour markets. Thus, we

need to think how our educational systems provide these kinds of skills, and about how to develop school
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instruction and educational systems in order to systematically train and support younger generations in

the acquisition of ICT-related skills and problem-solving.

Our differentiation of three skill domains, i.e., computer and information skills, computational thinking
and problem-solving skills, allows us to go beyond an assessment of a rather static measurements of
competences. The three measures highlight a metacognitive aspect of future skill demands skills. In order
to foster metacognitive skills, one should consider three mechanisms. First of all, increase the exposure to
ICT-related devices. From the ICILS analyses, we know that internet access at home, computer experience
as well as studying ICT in the current school year increase computer and information literacy as well as
computational thinking in most of the observed countries. Hence, the provision of hardware is one
important aspect. Though, our analyses also reveal that proving smartphone or tablets is not helping in
acquiring ICT skills and that only computers do so as only experience with computers is positively related
to the ICT skills. In most countries, most of the families do own a computer, but in some European
countries, there are still differences in the distribution of hardware by socio-economic status to the
disadvantage of children from low SES families. Educational institutions should think how to overcome
these socio-economic disadvantages and provide hardware, and more specifically computers, for those
who cannot afford these devices. This is certainly true for the secondary education, but arguably, this also

relates to primary and pre-primary education.

Second, allow for practice. The provision of hardware is a necessary but not sufficient condition to
improve ICT-related skills. All European countries offer instructions in ICT-related skills in schools for
students to practise the use of computers. Yet, our analyses have shown that most of the skill acquisition
does not happen in school or related to school. Thus, the countries should invest in more ICT-related
curricula within educational institutions in order to train young students better for ICT-related skills.
Again, this applies for all educational levels. ICT-related skills start to develop from very early on, similar
to other competence domains such as literacy and numeracy. Thus, bringing more practice to the
educational institutions should include programs in pre-school education as well. And yet the practice
should be specifically tailored towards the use of computers as smartphone or tablets use seem

unhelping.

Third, expand problem-solving exercises to all fields of instruction. Schneider and Stern (2010) have argued
that direct training of domain-general competencies, such as metacognition, has very limit effects on the
development of metacognitive skills (PISA 2012). Instead, it is necessary to contextualize problems and
let instructors and students reflect on solution strategies. Having more practice in problem-solving in
various situations and fields increase the set of potential problem-solving solutions. Students, together
with instructors, should identify the underlying structures of subject-specific problems and reflect on

previous solutions with similar underlying structures and become creative in the solution of a given
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problem. Applying problem-solving techniques to subject-specific problems enrich the set of potential
problem-solving solutions. Hence, these techniques should be applied in all fields of instruction at all levels
of education. Including subject-specific problem-solving tasks in the daily instruction will foster teaching
techniques that focus on projects and include cooperative learning settings, using ICT devices if

appropriate.

On the organizational level, our findings from PISA data suggest that private schools do better in the
provision of problem-solving skills. Additional autonomy indicators do not further improve the problem-
solving skills of students, however. For computer and information literacy skills, the ICILS data suggest
better average scores if students are taught in public schools. Apparently, the evidence is mixed when it
comes to organizational forms of ICT and problem-solving skills. What seem to matter most is involving
students in ICT-related and/or problem-solving-related situations, regardless of the type of school. So far,
exposure to problems and practice in ICT happens predominantly outside the curriculum. Educational
institutions in Europe, from pre-school to higher education, need to catch up and create an environment
in which all students can practise and develop these important ICT-related skills within the school

environment.
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Appendix to Chapter 1

The materials in the appendix are referenced in the main text. As such, the set-up is the same as the main

text. First, we show materials from the Computer Information and Literacy and Computational Thinking
skills from the ICILS dataset. As that are quite some tables, the descriptive statistics are to be found in

Appendix A. The CIL regressions that are not in the main text in Appendix B and the CT regression that are
not in the main text are in Appendix C. Secondly, we show materials from the Problem Solving skills of the

PISA dataset in Appendix D.

Appendix A. Descriptive statistics

Table Al. Descriptive statistics of complete analytical sample

N mean sd min max
Computer and Information Literacy 9449 522.480 73.339 176.339 745.778
Computational Thinking 9449 501.150 89.982 79.919 807.931
Age (in years) 9449 14.303 0.662 12 17.920
Sex (1=girl) 9449 0.499 0.500 0 1
Born Abroad 9449 0.231 0.544 0 2
Language spoken at home same as test 9449 0.774 0.418 0 1
language
Socioeconomic background 9449 0.046 0.982 -3.273 2.567
Internet access at home 9449 0.990 0.098 0 1
Computer experience in years 9449 2.466 1.241 0 4
Smartphone experience in years 9449 2.330 1.109 0 4
Tablet experience in years 9449 2.007 1.186 0 4
ICT studies in current school year 9449 0.561 0.496 0 1
Learning of ICT coding tasks at school 9449 47.356 9.314 23.932 75.045
Learning of ICT tasks at school 9449 48.638 9.782 21.298 72.898
Use of ICT at school for school purposes 9449 3.097 1.151 1 5
Use of ICT at school for other purposes 9449 3.132 1.613 1 5
Use of ICT outside school for school 9449 3.324 1.187 1 5
purposes
Use of ICT outside school for other purposes 9449 4.542 0.996 1 5
Ratio of school size and teachers 9449 0.095 0.059 0.020 1.250
Number of students in school (School size) 9449 2.749 0.969 1 4
School composition 9449 2.018 0.905 1 3
Availability of ICT resources at school 9449 50.390 9.408 9.320 73.858
Ratio of school size and number of ICT 9449 4.872 4.656 0.320 42.430
devices
Availability of computer resources at school 9449 50.031 2.384 38.783 57.021
ICT experience in years in the school 9449 2.508 0.673 0 3
ICT experience with ICT use during lessons 9449 2.434 0.109 2.098 3
Use of ICT for teaching practices in class 9449 49.163 1.616 42.571 53.452
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Table A2. Descriptive statistics by country

DEU FIN FRA
(N=1892) (N=2056) (N=1764) LUX (1713) PRT (2024)
mea mea mea mea mea
n sd min max_ | n sd min max_ | n sd min max_[n sd min max_[n sd min max
Computer and Information | 531. 751  201. 727.| 539. 724 189. 739.| 513. 718 236. 719.| 495. 758 189. 693. | 526. 637 270. 711
Literacy | 601 97 647 039 625 94 668 249 | 800 27 786 434 | 996 85 478 022 | 518 28 614 986
Computational Thinking | 500. 98.2 102.  803. 518. 8838 198. 791 518. 837 220. 768. 473. 973 97.0  767. 492. 730 221. 702.
642 42 903 215 237 59 076 575 419 07 012 020 147 24 19 788 917 83 367 021
Age (inyears) | 14.4 0.57 12.8 17.1 147 034 13.8 17.4 13.7 042 12.2 15.8 144 061 125 16.6 139 071 179
43 5 30 70 96 1 30 20 91 8 50 30 67 5 80 70 76 7 12 20
Sex (1=girl) | 0.49 0.50 0.50 0.50 0.50 0.50 0.50 0.50 049 050
5 0 0 1 4 0 0 1 1 0 0 1 0 0 0 1 6 0 0 1
Born Abroad | 0.27 0.56 0.04 0.26 0.16 048 0.63 0.75 0.09 037
2 1 0 2 3 4 0 2 9 0 0 2 1 4 0 2 8 5 0 2
Language spoken athome | 0.81 0.38 094 0.22 0.89 0.30 0.17 0.38 095 0.21
same as test language 9 5 0 1 8 2 0 1 5 6 0 1 6 1 0 1 4 0 0 1
0.03 098 256 220 | 004 098 327 256 | 007 098 284 256 | 0.03 096 252 194 | 004 097 239 1.95
Socioeconomic background 6 9 7 7 1 6 3 7 2 8 0 3 3 5 7 4 7 9 8 0
0.99 0.08 0.99 0.08 0.99 0.07 0.98 0.12 098 0.11
Internet access at home 3 5 0 1 3 1 0 1 4 8 0 1 4 6 0 1 7 4 0 1
210 116 293 113 232 123 209 122 275 1.20
Computer experience in years 4 0 0 4 9 2 0 4 9 9 0 4 2 7 0 4 9 2 0 4
Smartphone experience in | 2.27 0.92 296 0.85 1.85 121 218 113 227 1.08
years 6 7 0 4 5 5 0 4 7 4 0 4 3 8 0 4 1 9 0 4
165 1.19 211 1.09 198 1.21 204 122 221 113
Tablet experience in years 3 5 0 4 8 2 0 4 1 3 0 4 4 5 0 4 7 7 0 4
ICT studies in current school | 0.37 0.48 029 045 0.82 0.38 041 0.49 0.89 0.30
year 6 4 0 1 9 8 0 1 4 1 0 1 1 2 0 1 5 6 0 1
Learning of ICT coding tasks at | 46.3 9.08 239 750 | 483 871 239 750 | 479 8381 239 750 | 46.0 103 239 750 | 478 941 239 750
school 95 3 32 45 60 1 32 45 80 1 32 45 03 46 32 45 34 1 32 45
458 878 212 728 | 493 923 212 728 | 462 836 212 728 | 466 9.83 212 728 | 542 9.85 212 728
Learning of ICT tasks at school 54 2 98 98 53 9 98 98 51 5 98 98 49 7 98 98 77 5 98 98
Use of ICT at school for school | 2.64 1.10 361 082 2.88 119 315 129 313 108
purposes 2 4 1 5 8 7 1 5 3 6 1 5 0 1 1 5 6 8 1 5
Use of ICT at school for other | 2,52  1.51 4.03 133 239 146 335 150 324 163
purposes 5 7 1 5 6 6 1 5 1 8 1 5 1 3 1 5 1 9 1 5
Use of ICT outside school for | 3.12  1.14 333 112 356 124 342 131 3.20 1.06
school purposes 2 8 1 5 1 3 1 5 8 0 1 5 9 6 1 5 4 9 1 5
Use of ICT outside school for | 4.71  0.80 461 092 457 099 432 118 447 1.02
other purposes 2 1 1 5 1 5 1 5 1 1 1 5 2 4 1 5 5 3 1 5
Ratio of school size and | 0.07 0.02 0.04 023 | 0.09 0.02 0.02 023 | 0.06 0.01 0.04 016 | 010 0.01 0.08 019 | 012 0.11 0.03 1.25
teachers 4 5 0 0 8 7 0 0 8 4 0 0 8 8 0 0 6 0 0 0
Number of students in school | 2.72 0.89 220 0.80 230 065 359 065 3.00 104
(School size) 3 0 1 4 1 5 1 4 3 6 1 4 4 5 2 4 4 6 1 4
211 0.0 1.78 0.84 207 087 1.89 092 221 0.89
School composition 8 9 1 3 4 8 1 3 7 8 1 3 3 2 1 3 6 7 1 3
Availability of ICT resources at | 42.7 836 932 564 | 596 796 312 738 | 495 805 290 738 | 495 644 399 633 | 495 689 290 738
school 57 6 0 68 79 7 98 58 56 8 75 58 03 2 35 95 65 6 75 58
Ratio of school size and 6.84 418 112 303 222 131 045 684 | 410 209 0.5 14.4 277 134 094 676 | 816 720 032 424
number of ICT devices 2 0 0 80 8 5 0 0 0 4 0 40 2 0 0 0 8 7 0 30
Availability of computer | 50.4 2.76 387 570 50.1 210 452 564 | 500 194 434 554 | 500 162 467 54.0| 495 299 395 570
resources at school 02 3 83 21 20 4 52 54 71 3 64 20 82 9 55 37 16 4 83 21
ICT experience in years in the 250 0.66 2.54 067 2.60 0.8 252 0.72 2.38 0.68
school 0 5 0 3 6 4 1 3 4 4 1 3 1 5 1 3 2 7 0 3
ICT experience with ICTuse | 2.43 012 210 275 | 243 008 219 264 | 244 008 219 263 | 242 008 226 255| 243 014 2.09
during lessons 2 0 4 2 5 4 6 0 0 8 6 1 6 5 5 7 9 8 8 3
Use of ICT for teaching | 49.3 1.90 425 534 | 492 141 458 533 | 494 137 458 533 488 094 473 509 | 488 200 425 534
practices in class 91 5 71 52 68 7 15 27 57 9 15 27 52 6 29 50 51 6 71 52
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Table A3. Correlation matrix of individual characteristics within analytical sample.

Computational Thinking
Age (in years)

Sex (1=girl)

Born Abroad

Language spoken at home
same as test language
Socioeconomic background
Internet access at home
Computer experience in
years

Smartphone experience in
years

Tablet experience in years
ICT studies in current school
year

Learning of ICT coding tasks
at school

Learning of ICT tasks at
school

Use of ICT at school for
school purposes

Use of ICT at school for
other purposes

Use of ICT outside school for
school purposes

Use of ICT outside school for
other purposes

Computer
and
Information
Literacy
0.796
-0.112
0.119
-0.169

0.213
0.321
0.063

0.172

-0.066
-0.013

-0.043
-0.092
0.070
0.060
0.073
0.091

0.250

Computatio
nal Thinking

-0.155
-0.056
-0.144

0.197
0.331
0.043

0.122

-0.104
-0.023

0.000
-0.091
0.004
0.024
0.041
0.061

0.228

Age (i
years)

n

-0.077
0.111

-0.145
-0.183
-0.021

0.084

0.260
0.015

-0.232

0.021

-0.041

0.061

0.125

-0.077

-0.062

Sex (1=girl)

-0.018

0.002
0.012
0.011

-0.011

-0.011
-0.025

-0.099
-0.047
0.054
0.029
-0.046
0.105

-0.019

Born
Abroad

-0.444
-0.137
-0.041

-0.052

-0.005
-0.018

-0.044

-0.045

-0.071

-0.055

-0.055

-0.005

-0.079

Language

spoken at

home same  Socioecono  Internet Computer

as test mic access at experience

language background  home in years
0.082
0.032 0.044
0.104 0.064 0.059
0.026 -0.100 0.006 0.368
-0.022 0.084 0.043 0.429
0.112 -0.042 -0.004 0.016
0.030 -0.037 0.001 0.013
0.100 0.043 -0.005 0.093
0.032 0.030 -0.005 0.149
-0.009 0.008 -0.013 0.164
-0.041 0.097 0.014 0.067
0.087 0.118 0.047 0.127

Smartphon
e Tablet ICT studies
experience experience in current
in years in years school year
0.388
-0.094 0.040
0.045 0.035 0.107
0.049 0.065 0.120
0.123 0.133 0.013
0.172 0.145 -0.054
0.022 0.080 0.013
0.082 0.080 -0.028

Learning of
ICT coding
tasks at
school

0.407
0.138
0.041
0.095

-0.001

Learning of
ICT tasks at

school

0.164

0.101

0.103

0.004

Use of ICT
at school
for school
purposes

0.356

0.351

0.147

Use of ICT
at school
for other
purposes

0.211

0.274

Use of ICT
outside
school for
school
purposes

0.304
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Table A4. Correlation matrix of school characteristics within analytical sample.

Availability of
Computer and Number of Availability of ICT  Ratio of school size computer ICT experience
Information Computational Ratio of school size students in school School resources at and number of ICT resources at ICT experience in ~ with ICT use during
Literacy Thinking and teachers (School size) composition school devices school years in the school lessons
Computational Thinking 0.796
Ratio of school size and teachers -0.037 -0.069
Number of students in school (School size) 0.014 -0.012 -0.182
School composition -0.203 -0.201 0.136 -0.122
Availability of ICT resources at school 0.036 0.046 0.060 -0.072 -0.015
Ratio of school size and number of ICT devices 0.036 0.005 -0.120 0.234 0.056 -0.314
Availability of computer resources at school 0.033 0.023 -0.010 0.008 -0.029 0.121 -0.146
ICT experience in years in the school 0.039 0.059 -0.088 0.003 0.012 0.140 -0.035 0.073
ICT experience with ICT use during lessons 0.020 0.022 0.028 -0.014 -0.008 0.015 -0.004 0.010 0.006
Use of ICT for teaching practices in class 0.013 0.012 0.037 -0.157 0.025 0.075 -0.099 0.496 0.031 0.161
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Table A5. Country level characteristics

Index of
OECD Research Index of autonomy of

Input Output and Income Digital contact autonomy assessmentin
standardisation  standardisation = Development Inequality with government % Public Schools  governance ICT

DEU 0.018 0.440 2.882 0.292 18.617 89 0.685 0.685

FIN -0.614 1.000 3.398 0.265 64.735 96 0.667 0.833

FRA -0.008 1.000 2.227 0.295 58.784 78 0.778 0.5

LUX 2.079 1.000 1.273 0.317 31.378 .

PRT -0.041 1.000 1.379 0.323 29.912 85 0.794 0.889
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Appendix B. Regression results CIL

Table B1. CIL Regression analysis for each country

A DEU FIN FRA LUX PRT

Constant 527.338 *% 538339 *% 511318 *% 496.474 *5 521.865 HRx
0.825 1.041 139 0.588 1.095

School variance 3.849 %3103 wx 3241 %3417 **x 3280 R
0.028 0.060 0.052 0.033 0.055

Individual variance 4056 wx 4233 w5 4205 wx 4235 w5 4062 Rk
0017 0015 0016 0013 0.009

B DEU FIN FRA LUX PRT

Age (in years) 6.197 R 14721 *Hk 6389 *Rk 12188 *k 5971 rAE
1.806 2123 1.989 1422 1191

Sex (1=girl) 12.239 % 19778 w5 15872 516719 52109
2550 1577 1338 1.830 2193

(At least) one parent born abroad 6.017 -9.801 -0.936 -10.701 *¥*x 5675
4431 7.446 3.042 2.444 3.789

Born abroad 4.990 -9.462 5.966 0.088 -23.110 K
4166 8.107 4436 1432 5.437

Language spoken at home same as test language 26.092 **% 33873 *¥*x 24254 *¥*x 7770 ** 0.528
4273 3672 2380 2560 4415

Socioeconomic background 9.843 % 18073 % 19959 #% 15386 13727 Hoxx
1.240 0.640 1154 1316 0.856

Constant 588.442 % 714328 % 84515) % 665833 % 603725 oK
29.627 31.394 26.900 20907 18.075

School variance 3.668 % 2908 #2906 %2923 % 3108 Horx
0.031 0073 0.069 0073 0.058

Individual variance 4.040 w4182 wx 4133 w5 4204 w5 4037 K
0.016 0.018 0.015 0.010 0.009

c DEU FIN FRA LUX PRT

Internet access at home 22.784 36.122 ** 51606 w5 94149 ** 30368 oK
12.037 13.264 7.674 7.414 4.508

Constant 504.670 % 502453 % 460,094 % 472.840 % 491991 R
11.823 13.936 6.973 6.975 4811

School variance 3.848 w3102 %3273 %3407 w3973 Horx
0.028 0.058 0.054 0.036 0.053

Individual variance 4.055 w5 4232 54204 w5 4235 54060 ok
0.016 0.015 0.016 0.013 0.009

D DEU FIN FRA LUX PRT

Computer experience 11.151 6% 16008 w6k 11911 *6% 10,490 w6k 12645 *xx
0.956 0.593 0718 0.543 0.567
0.000 0.000 0.000 0.000 0.000

Smartphone experience 6.062 w6k 950 w6k 13731 k11867 k7847 HxE
1137 0.899 1.083 0.704 0.983
0.000 0.000 0.000 0.000 0.000

Tablet experience 6.683 w6k 1503 -0.393 -0.019 2.390 *x
1.009 0.859 0.469 0726 0.781
0.000 0.080 0.402 0979 0.002

Constant 529.490 % 521553 % 510,008 % 500,092 w5 510179 ok
2910 3.608 2.043 1.825 1.909

School variance 3.822 w5 3197 wx o 318] #x 335) #x 3955 HRx
0.033 0.056 0.049 0.038 0.053

Individual variance 4.034 w5 4196 4171 wx 4216 wx 4033 ok
0.015 0.016 0.013 0.012 0.008

E DEU FIN FRA LUX PRT

Studies ICT in current school year 6.631 7586 %8910 %8959 w5 22088 ok
2302 1.769 2.499 1.979 4,015

Learning coding tasks -0.337 * -1.449 k1165 ®6% 0955 k1142 rxk
0.138 0111 0.109 0.089 0.134

Learning ICT tasks -0.000 1.887 wx 1237 wx 0424 w5 0275
0.118 0.099 0.087 0.072 0222

Constant 540.583 ¥ 513262 **x% 517320 **x 533477 **% 571698 ok
4.856 5557 3.835 2313 9612

School variance 3.855 wx 3002 w5 3202 #4% 3385 wx 3957 K
0.030 0.049 0.055 0.032 0.052

Individual variance 4.053 K 4906 k4191 k4210 k4040 Hoxx
0016 0.014 0.015 0.013 0.010
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F DEU FIN FRA LUX PRT

Use ICT at school for school purposes 0.883 2.824 ** 1.467 -0.004 -3.191 **
0.901 1.044 0.788 0.761 1.235

Use ICT at school for other purposes -1.118 * 2.854 **E 3934 **E 1439 *x -0.393
0.475 0.736 0.553 0.539 0.332

Use ICT outside school for school purposes -1.929 * 3.684 FEE 1.081 -1.915 FEE 1.638 *
0.765 0.708 0.607 0.549 0.653

Use ICT outside school for other purposes 18.579 *¥*x 15177 *** 14918 **x 12477 *¥** 10932 Hxx
1.383 0.864 0.858 0.851 0.946

Constant 446.387 e 434.436 e 444.946 HHx 444.006 *** 479256 Hoxx
8.752 4.351 3.151 3.399 6.286

School variance 3.799 *EE 3,048 *F* 3150 *EE 3327 *EE 3218 rhx
0.026 0.060 0.054 0.039 0.055

Individual variance 4.028 Hxx 4.196 Hxx 4.182 Hrx 4.214 *¥*x 4046 *rE
0.016 0.015 0.016 0.012 0.010

Source: ICILS 2018. Repetitive weights are applied.

Panel A is the null model, panel B the composition variables, panel C the structural individual access to
internet, panel D experience with devices. In panel E, we include the learning at school variable, whereas
in panel F the purpose of the ICT use is included.

Panel B also reveals that the computer information literacy score is lower for older student and higher for
girls (though in Portugal there is no gender difference). The country in which one is born does not matter,
but a language spoken at home different than the test matters as that is associated with a lower CIL score
(but again for Portugal it is the other way around). A higher socio-economic status is associated with a
higher CIL score.

Whether being connected to the internet at home matter for the CIL score varies over countries. It does
not matterin Germany, but is positively related to CIL in Finland, France, Luxembourg and Portugal. In Panel
D the amount of experience with a laptop, smartphone or tablet is estimated and reveals that computer
and information literacy is positively related to experience on a computer, but negatively with a
smartphone and tablet, though the latter only for certain countries: Germany and Portugal.

In panel E, we estimate the effect of studying ICT in school, resulting in a mixed bag. For Germany, Finland
and Portugal this effect is positive, while in France and Luxembourg it is negative. The indicators on the
content of the subject also shows a mixed bag: learning coding tasks is negatively correlated, while more
general ICT tasks are positively related in Finland, France and Luxembourg.

Using ICT at school for school related purposes is negatively related to CIL in Portugal and is not associated
in CIL in other countries. Using ICT at school for other purposes is a mixed bag: positive in Finland and
Luxembourg, while negatively related to CIL in Germany and France. Using ICT outside school for school
related purposes is negatively related to CIL in Germany and Luxembourg, while positively related to CIL in
Finland and Portugal. However, the biggest effects are using ICT outside school for other purposes: across
the board positively related to CIL.

Model 1 in the main text reveals that for the composition indicators, there are no substantial differences
with the model in panel B, the effects of being connected to the internet are explained by other individual
level characteristics, as the effect is not associated with CIL. For the experience with devices, the effects of
the tablet are most influenced by other characteristics as they are now also negatively related in France
and Luxembourg. Learning general ICT tasks is not negatively related anymore in the complete individual
level model. Lastly, the use of ICT at school for other purposes and the use of ICT outside school for school
purposes are more often not significant anymore, whereas the use of ICT outside school for other purposes
remains strongly related to CIL.
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Table B2. Variance reduction for CIL regression models

A B C
DEU  FIN FRA LUX PRT |DEU FIN FRA LUX PRT |DEU FIN FRA  LUX  PRT
527. 538. 511. 496. 521.| 588. 714. 845. 665. 603.| 504. 502. 460. 472. 491.
Constant 34 34 32 47 86 44 33 15 83 72 67 45 09 84 99
School variance 3.85 3.10 324 342 328| 367 291 291 292 3.13| 385 3.10 322 341 327
Individual variance 406 423 420 424 406| 404 418 413 420 4.04| 406 423 420 423 4.06
ICC 049 042 044 045 045| 048 041 041 041 044) 049 042 043 045 045
103 144
%A Null model (school level) 468 6.28 2 4 463)| 002 003 055 030 021
%A Null model individual
level) 039 121 170 0.75 0.60| 001 002 0.02 0.02 0.04
D E F
DEU  FIN FRA LUX PRT |DEU FIN FRA LUX PRT |DEU FIN FRA  LUX  PRT
529. 521. 510. 500. 510.| 540. 513. 517. 533. 571.| 446. 434. 444, 444, 479.
Constant 49 55 01 09 18 58 26 32 43 70 39 44 95 01 26
School variance 3.82 313 318 335 326| 3.8 302 320 339 326| 380 3.05 315 333 322
Individual variance 4.03 420 417 422 4.03| 405 421 419 421 4.04| 403 420 418 421 4.05
ICC 049 043 043 044 045| 049 042 043 045 045| 049 042 043 044 044
%A Null model (school level) 0.69 -0.77 18 190 0.74|-0.17 260 119 093 068]| 129 176 281 262 1.89
%A Null model individual
level) 0.53 087 080 047 070| 0.07 064 032 060 053] 068 087 054 050 0.39
Model 1 Model 2 Model 3
DEU FIN FRA LUX PRT DEU FIN FRA LUX PRT DEU  FIN FRA LUX PRT
543. 572. 699. 613. 570.| 552. 554. 729. 624. 551.| 452. 499. 698. 549. 546.
Constant 87 33 97 83 26 65 45 38 30 67 15 01 38 82 67
School variance 3.63 283 278 288 307| 327 278 260 244 3.02| 357 287 278 274 3.06
Individual variance 399 410 407 415 398 399 410 4.07 415 398]| 399 410 407 415 398
ICC 048 041 041 041 044 045 040 039 037 043) 047 041 041 040 043
14.1  15.7 149 103 19.7 285 14.3 19.8
%A Null model (school level) 564 721 1 9 641 4 8 5 2 800| 7.27 751 3 5 6.57
%A Null model individual
level) 162 319 315 205 201| 168 319 318 205 205| 163 319 315 205 201
%A Individual model (school 15.1
level) 9.85 3.42 6.57 1 170 173 033 026 4.82 0.16
%A Individual model
individual level) 0.06 0.01 003 000 0.04| 001 000 0.00 0.00 0.00
Model 4 Model 5 Model 6
DEU  FIN FRA LUX PRT DEU  FIN FRA LUX PRT DEU  FIN FRA LUX PRT
542. 537. 666. 456. 572.| 667. 543. 710. 506. 522.| 588. 511. 898. 638. 491.
Constant 16 37 91 68 66 80 24 43 62 71 05 00 20 39 99
School variance 3.61 288 277 281 307| 362 288 278 287 3.06| 320 277 253 -0.93 3.00
Individual variance 3.99 410 4.07 415 398 399 410 4.07 415 398| 399 410 4.07 415 398
ICC 047 041 041 040 044 048 041 041 041 043| 044 040 038 -029 043
14.4 176 14.1 158 169 106 219 127.
%A Null model (school level) | 6.24  7.30 7 6 6.44| 594 7.23 6 9 6.62 5 0 0 15 8.60
%A Null model individual
level) 1.62 319 315 205 201| 162 319 3.15 205 201 1.70 3.20 3.18 2.01 204
%A Individual model (school 11.9 132.
level) 0.64 010 042 222 003| 031 002 006 011 0.21 9 366 9.07 24 234
%A Individual model
individual level) 0.00 0.00 0.00 000 000| 000 000 0.00 0.00 0.00| 008 0.01 0.03 -004 0.04
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Table B3. Interaction effect of CIL with Sex

DEU FIN FRA LUX PRT DEU FIN FRA LUX PRT

Sex 30.60 33.77 ** 1596 22.78 19.99 20.98 ** 21,92 ** 2545 **

(1=girl) 2 6 * 5 * 3 1 *¥* 8255 * 0 * 9 2 * 3936
19.61 12.68
9 6.940 7.597 3 7.721 3.719 2.511 3.189 5.251 2.578

Availabili

ty of ICT

75esourc

eat

school

(icr

Coordina ** - ¥*

tor) 1.827 * 0.237 -0.386 ** 1.603 * 0.244
0.303 0.154 0.119 0.195 0.129

Sex

(1=girl) #

Availabili

ty of ICT

75esourc

eat

school

(IcT

Coordina - - *x *x

tor) 0.451 0.201 0.639 * 0.812 ** 048 *
0.444 0.126 0.160 0.252 0.144

Ratio of

school

size and

number

of ICT - -

devices 0.291 0.178 0.179 4233 * 0.185

0.403 1.140 0.539 1.648 0.138

Sex

(1=girl) #

Ratio of

school

size and

number

of ICT -

devices 0.467 0.369 -1.521 *  3.039 0.040

0.475 1.076 0.628 1.789 0.251

470.7 ** 5585 ** 720.5 ** 689.0 ** 5819 ** 5460 ** 5731 ** 7024 ** 5988 ** 569.1 **

Constant 60 * 78 * 52 * 19 * 89 * 16 * 17 * 94 * 30 * 88 *
41.99 34.51 33.94 14.41 23.39 35.79 33.55 31.88 18.96 18.04
0 5 9 0 1 2 5 3 8 4

School * % * % * %k * % * %k * % * %k * %k * % * %

variance 3.578 * 2879 * 2774 * 2798 * 3.069 * 3632 * 2878 * 2773 * 2849 * 3068 *
0.044 0.050 0.069 0.080 0.053 0.043 0.053 0.071 0.067 0.050

|ndividua * % * % * % * % * %k * % * %k * %k * % * %

| variance 3.988 * 4098 * 4071 * 4148 * 3.979 * 3.990 * 4,098 * 4.072 * 4,148 * 3.980 *
0.013 0.018 0.013 0.009 0.010 0.013 0.018 0.013 0.009 0.010
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DEU FIN FRA LUX PRT DEU FIN FRA LUX PRT

Sex - 166.7 ** 5441 135.6 44.33 13.13  ** 22,83 ** 1428 ** 16.61 **

(1=girl) 3.095 66 * 9 53 ** 9 2 * 5 * 7 * 0 * 7214 **
39.16 22.68 43.27 52.36 36.94
7 9 8 6 4 2.560 2.498 1.724 1.661 2.622

Availabili

ty of

compute

r

resource

s at

school

(Teacher **

s) 0.641 2.887 * 0.668 2.096 ** 0.854
0.513 0.312 0.539 0.650 0.485

Sex

(1=girl) #

Availabili

ty of

compute

r

resource

s at

school

(Teacher - *k - -

s) 0.290 2.895 * -0.773 2371 * 0.810
0.776 0.455 0.870 1.059 0.760

10or

more

years ICT

experien

ce in the 13.94 ** -

school 7 * 0442 -2.603 5.391 4899 *

2.233 1.957 2.551 3.571 2.032

Sex

(1=girl) #

10or

more

years ICT

experien

ce in the - - -

school 3.963 2.966 4.180 2.125 5.789 **

3.390 3.478 3.228 2.673 1.765

512.0 ** 430.7 ** 6654 ** 5102 ** 5265 ** 5360 ** 5716 ** 701.1 ** 6104 ** 571.8 **

Constant 69 * 39 * 42 * 42 * 58 * 84 * 14 * 26 * 97 * 09 *
42.17 36.55 38.04 24.95 32.57 3591 33.84 30.77 19.26 18.21
8 1 3 4 5 4 5 1 6 3

School * % * %k * %k * % * %k * % * %k * %k * % * %

variance 3.631 * 2873 * 2784 * 2863 * 3065 * 3608 * 2881 * 2775 * 2865 * 3070 *
0.045 0.047 0.069 0.076 0.054 0.041 0.053 0.072 0.080 0.051

|ndividua * % * % * % * % * %k * % * %k * %k * % * %

Ivariance 3.990 * 4.097 * 4072 * 4148 * 3980 * 3990 * 4098 * 4072 * 4149 * 3980 *
0.014 0.018 0.013 0.009 0.010 0.014 0.018 0.013 0.009 0.010
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DEU FIN FRA LUX PRT DEU FIN FRA LUX PRT

Sex 76.38 44.08 118.7 92.56 44.42 46.02 31.34 120.2 3146 ** 72091

(1=girl) 2 7 03 *¥* 5 2 8 9 21 98 * 8 *
51.26 22.55 45.05 62.86 31.94 41.35 28.47 76.48 83.52 34.86
2 6 7 9 1 3 4 0 0 1

ICT

experien

ce with

ICT use -

during 12.12 18.54 15.96 38.07

lessons 4 7 * 6 2 ¥ 8.220
13.28 19.48 18.64
9 8.111 1 0 7.951

Sex

(1=girl) #

ICT

experien

ce with

ICT use - -

during 26.73 - 55.09 45.09 16.48

lessons 0 9.139 7 ¥* 8 1
21.12 18.47 26.10 12.93
1 9.497 7 8 8

Use of

ICT for

teaching

practices - *x **

in class 3.054 * 0.682 -1.576 5.304 * 1.721  **

0.744 0.486 1.196 1.574 0.630

Sex

(1=girl) #

Use of

ICT for

teaching

practices - - **

in class 1.166 0.194 2.748 6.088 * 1.406

0.863 0.556 1.541 1.698 0.728

515.7 ** 527.8 ** 7386 ** 5216 ** 5496 ** 6£90.8 ** 5384 ** 7787 ** 3555 ** 4855 **

Constant 49 * 36 * 58 * 96 * 32 * 16 * 23 * 91 * 98 * 55 *
61.49 37.99 49.03 48.29 32.53 45.92 36.39 56.34 77.78 41.55
2 0 4 0 8 3 0 5 5 2

School * %k * % * %k * %k * %k * % * % * % * % * %k

variance 3.635 * 2876 * 2776 * 2822 * 3070 * 3620 * 2878 * 2779 * 2878 * 3.063 *
0.043 0.054 0.069 0.081 0.051 0.042 0.053 0.074 0.077 0.055

|ndiVidUa * % * %k * %k * % * %k * % * %k * %k * % * %

|variance 3.989 * 4,098 * 4071 * 4148 * 3980 * 3990 * 4.098 * 4072 * 4147 * 3980 *
0.014 0.018 0.012 0.009 0.010 0.014 0.018 0.013 0.009 0.010

Note: the analyses are also controlling for the individual level factors.

77



Table B4. Interaction effect of CIL with NISB
DEU FIN FRA LUX PRT DEU FIN FRA LUX PRT

Socioecon

omic

backgroun 18.53 19.42 ** 18.42 ** ** 13.06 ** 1892 ** 1865 ** **

d (NISB) 6 ¥* 4 * 3,620 8 * 2759 8620 * 0 * 3 * 2 * 9319 *
6.698 3.986 5.296 5.599 4.785 2.299 1.213 1.638 1.922 1.198

Availability

of ICT

resources

at school

(icr

Coordinato *x - - *x

r) 1.604 * 0.138 0.073 1.245 *  0.005
0.132 0.118 0.069 0.124 0.098

NISB #

Availability

of ICT

resources

at school

(IcT

Coordinato - - -

r) 0.270 0.085 0.284 * 0.138 0.159
0.156 0.063 0.111 0.125 0.095

Ratio of

school size

and

number of - - -

ICT devices 0.060 0.044 0.646 3.050 0.205

0.316 0.772 0.495 1.011 0.102

NISB #

Ratio of

school size

and

number of - - -

ICT devices 0.274 0.576 0.294 2.495 0.167

0.327 0.527 0.335 0.494 0.120

4815 ** 5647 ** 7059 ** 6755 ** 5703 ** 5454 ** 5728 ** 7027 ** 604.7 ** 5683 **

Constant 79 * 91 * 82 * 24 * 07 * 42 * 06 * 11 * 97 * 50 *
38.01 33.10 30.75 16.01 21.32 36.06 34.17 32.37 19.57 17.97
1 1 7 0 1 1 6 9 6 6

School * % * % * % * % * % * % * % * % * % * %

variance 3567 * 2879 * 2790 * 278 * 3.075 * 3633 * 2830 * 2776 * 2843 * 3061 *
0.039 0.050 0.067 0.080 0.053 0.044 0.052 0.071 0.067 0.054

|ndiVidUa| %k * % * % * %k * %k * % * %k * % * % %k

variance 3.989 * 4098 * 4071 * 4148 * 3.980 * 3.990 * 4,098 * 4072 * 4148 * 3.980 *
0.014 0.018 0.012 0.009 0.010 0.013 0.018 0.013 0.009 0.010
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DEU FIN FRA LUX PRT DEU FIN FRA LUX PRT
Socioecon
omic
backgroun  60.27 48.56 39.77 ** 1520 ** 16.69 ** *¥* 1214 **
d (NISB) 7 *0.302 1 1 2.207 8841 * 1 * 9 ¥ 9332 * 2 *
23.51 18.12 29.43 49.36 14.13
4 3 7 0 2 2.042 0.896 1.703 2.059 0.855
Availability
of
computer
resources
at school *k
(Teachers) 0.672 1337 * 0.241 1.289 * 0465 *
0.436 0.387 0.324 0.615 0.218
NISB #
Availability
of
computer
resources
at school - - -
(Teachers) 1.062 * 0.281 0.617 0.561 0.169
0.473 0.362 0.588 1.000 0.278
10 or more
years ICT
experience
in the 15.82 - -
school 6 1.939 4.812 4.188 1.997
1.782 0.890 1.655 2.478 1.477
NISB # 10
or more
years ICT
experience
in the - - -
school 3.494 1.299 1.394 3.812 3.068
3.430 1.042 2.409 1.862 1.768
508.7 ** 504.1 ** 687.5 ** 5494 ** 5475 ** 5373 ** 5708 ** 701.8 ** 611.1 ** 5703 **
Constant 00 * 47 * 70 72 * 12 * 41 * 30 * 70 * 26 * 09 *
45.46 35.33 30.65 29.66 20.82 35.79 33.32 31.03 19.68 18.30
7 4 6 4 7 5 0 6 7 3
SChOOl * %k * % EE * %k * 3k % % * %k * 3k k% * %k
variance 3622 * 2868 * 2788 * 2883 * 3066 * 3605 * 2876 * 2777 * 2848 * 3073 *
0.042 0.049 0.069 0.085 0.054 0.039 0.054 0.071 0.081 0.050
|ndiVidUa| * %k * % * % * % * % * % * % * %k * ¥ * %
variance 3989 * 4098 * 4072 * 4148 * 3980 * 3990 * 4098 * 4072 * 4148 * 3979 *
0.014 0.018 0.012 0.009 0.010 0.013 0.018 0.012 0.009 0.010

79



DEU FIN FRA LUX PRT DEU FIN FRA LUX PRT
Socioecon
omic - - -
backgroun  59.83 49.82 30.21 15.98 - 82.19 66.47 ** 16.75 49.01 42.08
d (NISB) 6 ¥* 1 *¥* 3 4 6.256 3 *¥* 9 * 1 3 1
20.95 16.30 18.34 32.44 16.25 29.42 16.43 35.90 31.92 28.45
5 7 6 4 7 4 9 0 7 9
ICT
experience
with ICT
use during - 13.86 10.21 63.54 ** -
lessons 1.991 1 * 4 5 * 0414
11.82
9.497 6.571 3 8.749 4.114
NISB # ICT
experience
with ICT - -
use during  21.73 14.57 19.63 -
lessons 6 * 8 * 9 ** 1.801 6.941
13.14
8.851 6.699 7.575 7 6.681
Use of ICT
for
teaching
practices - -
in class 2.712 0.511 0.255 2.282 1.149
0.571 0.367 0.660 0.931 0.441
NISB # Use
of ICT for
teaching
practices - - -
in class 1.530 1.059 0.697 0.765 1.080
0.602 0.332 0.726 0.655 0.574
552.7 ** 540.0 ** 676.0 ** 4585 ** 5703 ** 6738 ** 546.8 ** 711.7 ** 5025 ** 5136 **
Constant 11 * 79 * 60 * 03 * 42 * 82 * 05 * 05 * 74 * 96 *
49.72 38.15 36.24 29.46 23.74 47.57 34.45 37.07 51.07 32.54
8 7 3 9 5 4 7 3 6 1
SChOOl * %k * %k * %k * %k * %k * %k * %k * %k * % * %k
variance 3.627 * 2.873 * 2772 * 2.831 * 3.076 * 3.611 * 2.883 * 2.774 * 2.874 * 3.073 *
0.041 0.056 0.069 0.082 0.048 0.039 0.051 0.075 0.077 0.052
|ndiVidUa| * %k ¥ * % * %k * %k * % * %k * %k k¥ * %k
variance 3989 * 4098 * 4072 * 4148 * 3980 * 3990 * 4098 * 4072 * 4148 * 3979 *
0.014 0.018 0.013 0.009 0.010 0.014 0.018 0.013 0.009 0.009

Note: the analyses are also controlling for the individual level factors.
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First, the availability of ICT resources at school according to the ICT coordinator interacted with sex shows
that in France, Luxembourg and Portugal the more ICT coordinator indicated that there are resources
available at the school the smaller the gender gap is (a negative main effect combined with the positive
interaction effect).

Second, in France the interaction of student-teacher ratio with sex shows that the gender gap becomes
smaller the higher the student-teacher ratio is. Meaning that the advantage that girls have declines with
higher the ratio. Third, in Finland and Luxembourg the effect of the teacher indicating availability of
computer resources at school differs between boys and girls. The effect of computer availability on CIL is
positive for boys, while around zero for girls (the positive main effect and the interaction effect are about
equal in size).

Fourth, the experience of ICT coordinator in school does vary over gender Portugal only. The experience of
ICT in school effect is larger for girls than for boys. Fifth, the effect of ICT experience with ICT use during
lessons is positive for girls in France, but not for boys. In other countries, this effect does not vary by gender.
Sixth, the use of ICT for teaching practices in class is negative for girls and positive for boys in Luxembourg
(combing a positive main effect with a negative interaction effect).

With regard to the moderation effect of the school characteristics with the socioeconomic background, as
shown in Table 3, it holds that only the teachers ICT experience during the lessons has a structural
interaction effect over multiple countries. For Germany and Finland it holds that the socioeconomic effect
on ClIL is lower when the teacher has a lot of ICT experience during classes. For France, the opposite holds:
there students with a high socioeconomic background seem to profit more from an experienced teacher
than those with a low socioeconomic background.
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Appendix C. Regression Results CT

Table C1. CT Regression analysis for each country

A DEU FIN FRA LUX PRT
Constant 497.293 *** 516.656 *** 516.660 *** 473.265 *** 490.712 ***
1.146 1.259 0.968 1.100 0.917
School variance 4.073  *** 3.311  *kx** 3.344 k% 3.657  kx* 3.334  kx*
0.023 0.059 0.039 0.038 0.048
Individual variance 4,356  *** 4,437  x** 4,364  *** 4,490  *** 4,208  ***
0.010 0.014 0.014 0.016 0.007
B DEU FIN FRA LUX PRT
Age (in years) -8.989  ** -15.685 *** -27.881 *** -19.324 *** -14.607 ***
2.922 2.394 2.162 2.009 1.354
Sex (1=girl) -14.070 ** 1.308 -17.071 *** -15.083 *** -28.210 ***
4.978 1.998 1.297 2.665 2.606
(At least) one parent born abroad 8.635 -29.732 ** -16.041 *** -0.439 -5.955
5.537 9.583 4.082 1.392 3.332
Born abroad -4.827 -9.853 16.975 * 10.008 *** -22.784 ***
7.137 9.912 7.852 2.851 4.484
Language spoken at home same as test language = 31.725 *** 22,776 *** 29.958 *** 10.910 *** -18.044 **
5.416 4.426 3.992 3.307 5.577
Socioeconomic background 15.103 *** 23.345 *** 25.251 kx* 17.351 *** 17.996 ***
1.539 0.887 1.506 1.082 0.987
Constant 607.195 *** 727.001 *** 882.742 *** 755.877 *** 726.753 **x*
45.537 32.322 28.515 28.800 19.447
School variance 3.875  kx* 3.121 kx* 3.006  *** 3.245  kx* 3.113 ***
0.032 0.085 0.043 0.069 0.049
Individual variance 4.339 HAx 4.400 Hokx 4.285 *Ax 4.466 Hx 4.146 Hokx
0.014 0.014 0.013 0.016 0.011
C DEU FIN FRA LUX PRT
Internet access at home 10.840 -13.391 46.425 *** 29.799 Kkx* 13.841 *
14.508 16.189 7.572 7.463 6.519
Constant 486.509 *** 529.959 *** 470.561 *** 444,105 *** 477.091 ***
14.550 16.755 7.410 6.703 7.054
School variance 4,073 *x* 3.311  *** 3334 kxx 3.645  K** 3.332  Rx*
0.023 0.059 0.040 0.040 0.047
Individual variance 4356  *** 4.437  x** 4363 *** 4,489  x** 4208  ***
0.010 0.014 0.014 0.016 0.008
D DEU FIN FRA LUX PRT
Computer experience 8.171  *** 17.816 *** 11.647 *** 11.681 *** 11.902 ***
0.928 0.560 0.654 0.925 0.848
Smartphone experience -9.951  k** -7.779  kx* -15.663 *** -16.202 *** -9.940  *x*
1.102 1.031 1.280 1.474 1.368
Tablet experience -5.982  x¥* -5.153  *** -0.787 0.620 0.153
1.155 1.135 0.491 0.609 1.331
Constant 513.504 *** 497.880 *** 520.319 *** 482.520 *** 480.257 ***
3.477 3.909 2.343 2.864 1.261
School variance 4,042  xx* 3.344  kx* 3.287  kx* 3.589  *kx* 3.307  kx*
0.027 0.055 0.039 0.044 0.047
Individual variance 4346  *** 4.408  *** 4,335  x*x* 4,471  *** 4,186  ***
0.010 0.014 0.012 0.014 0.007
E DEU FIN FRA LUX PRT
Studies ICT in current school year 21.963 *** 17.108 *** -4.608 -25.100 *** 15.118 ***
5.343 1.890 2.747 2.376 4.154
Learning coding tasks -0.708  *** -1.430  *x* -1.209  *** -1.076  *** -1.072  *x*
0.206 0.149 0.107 0.150 0.177
Learning ICT tasks -0.359 1.488  *** 0.763  *** 0373 * -0.381
0.218 0.117 0.091 0.187 0.211
Constant 538.616 *** 507.472 *** 543,124 *** 516.502 *** 549.234 **x*
7.799 7.651 4.565 7.242 7.675
School variance 4,093  *x* 3.263  *** 3.320  kx* 3.623  *** 3.311 k*x*
0.024 0.053 0.040 0.041 0.042
Individual variance 4.344  xx* 4.421  x** 4356  *** 4.476  *x* 4,194  x*x*
0.012 0.014 0.014 0.016 0.007
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F DEU FIN FRA LUX PRT

Use ICT at school for school purposes -2.151  * 4,593  x*x* 3.186  *** -1.359 -8.003  ***
0.916 1.066 0.837 1.141 1.562

Use ICT at school for other purposes -2.491  ** 6.742  *x* -5.867  *** 2416  *x* -0.389
0.940 1.264 0.629 0.499 0.607

Use ICT outside school for school purposes -6.731  xx* 0.402 <2247  x** -4.258  x** -1.447  *
1.818 0.841 0.588 0.889 0.630

Use ICT outside school for other purposes 18.585 *** 16.496 *** 17.240 *** 15.020 *** 16.992 ***
1.513 1.319 0.766 1.080 0.882

Constant 442.615 *** 395.524 *** 451.154 *** 418.822 *** 445,928 ***
9.672 5.053 3.103 4.142 6.906

School variance 4,058  *** 3.269  Kkx* 3253  kx* 3.586  *** 3.256  ***
0.020 0.056 0.043 0.041 0.047

Individual variance 4,338  kx* 4,401 *** 4343 x** 4472  xx* 4,174 x**
0.010 0.014 0.014 0.016 0.007

Source: ICILS 2018. Repetitive weights are applied.

Panel B also reveals that the computational thinking score is lower for older student as with the CT, but
lower for girls, which is contrary to the CIL score (but in Finland there is no gender difference). If the
language spoken at home is different than the test is associated with a lower CIL score. A higher socio-
economic status is associated with a higher CT score.

Being connected to the internet at home matter for the CT score in some countries. It does not matter in
Germany and Finland, but is positively related to CT in France, Luxembourg and Portugal. The amount of
experience with a laptop, smartphone or tablet shown in panel D, shows that computational thinking is
positively related to experience on a computer, but negatively for a smartphone. With regard to experience
on atablet, only in Germany and Finland it is negatively related to CT.

The effect of studying ICT in school, estimated in panel E, shows mixed results as it did with CIL. For
Germany, Finland and Portugal this effect is positive, while in Luxembourg it is negative and in France
uncorrelated with CT. The indicators on code learning is negative across the board, whereas learning
general ICT tasks negatively related in Germany and Finland.

Using ICT at school for school related purposes is negatively related to CT in Germany and Portugal and
positive in France and Portugal. Using ICT at school for other purposes shows mixed results across countries
as well: positive in Finland and Luxembourg, while negatively related to CIL in Germany and France. Using
ICT outside school for school related purposes is negatively related to CT except for Finland. Again, the
biggest effects are for using ICT outside school for other purposes, which is positively related to CT in all
countries.

Model 1 reveals that for the composition indicators, there are no substantial differences with the model in
panel B. For Portugal, the effects of being connected to the internet are explained by other individual level
characteristics, as the effect is not associated with CT. For the experience tablet, it holds that it is now also
negatively related in France. Learning coding tasks is not related anymore in Luxembourg.

83



Table C2. Variance reduction for CT regression models

A

B

C

DEU FIN FRA LUX PRT

DEU FIN FRA LUX PRT

DEU FIN FRA LUX PRT

497.2 516.6 516.6 473.2 490.7

607.2 727.0 882.7 755.8 726.7

486.5 529.9 470.5 444.1 477.0

Constant 9 6 6 7 1 0 0 4 8 5 1 6 6 0 9
School variance 407 331 334 366 333 3838 312 3.01 324 311 407 331 333 365 333
Individual variance 436 444 436 449 421 434 440 428 447 415 436 444 436 449 421
ICC 048 043 043 045 044 047 041 041 042 043 048 043 043 045 044
%A Null model (school level) 486 573 10.10 11.27 6.61] 0.01 -0.01 030 0.32 0.07
%A Null model individual level) 041 082 180 052 1.46] 000 0.00 0.01 0.02 0.00
D E F
DEU FIN FRA LUX PRT |DEU FIN FRA~ LUX PRT |DEU FIN FRA LUX PRT

513.5 497.8 520.3 482.5 480.2

538.6 507.4 543.1 516.5 549.2

442.6 3955 451.1 418.8 445.9

Constant 0 8 2 2 6 2 7 2 0 3 1 2 5 2 3
School variance 404 334 329 359 331] 409 326 3.32 362 331 406 327 325 359 326
Individual variance 435 441 433 447 4.19| 434 442 436 448 419 434 440 434 447 417
ICC 0.48 043 043 045 044 049 042 043 045 0.44| 048 043 043 044 0.44
%A Null model (school level) 0.75 -101 169 185 0.81] -049 145 071 092 0.69] 037 126 271 195 232
%A Null model individual level) 024 065 066 042 052| 028 035 0.17 032 034/ 043 080 048 039 0.80
Model 1 Model 2 Model 3
DEU FIN FRA  LUX PRT |DEU FIN FRA  LUX PRT |[DEU FIN FRA  LUX  PRT

615.0 624.6 748.2 688.3 697.9

640.6 608.1 762.0 719.3 683.0

489.1 571.2 768.7 653.9 693.2

Constant 8 1 1 4 2 5 5 7 0 9 2 5 5 2 0
School variance 3.88 3.12 290 3.17 3.06|] 3.54 303 280 282 3.04/ 3.83 311 289 3.06 3.05
Individual variance 430 433 423 443 409 430 433 423 443 408 430 433 423 443 4.09
ICC 047 042 041 042 043] 045 041 040 0.39 043 047 042 041 041 043
%A Null model (school level) 479 581 13.31 13.22 8.22| 13.19 855 16.22 2294 8.86| 589 593 1348 16.30 8.43
%A Null model individual level) 119 234 296 142 290| 127 235 296 143 294 120 234 29 143 291
%A Individual model (school level) 882 291 337 1119 0.70| 1.15 0.13 0.20 3.55 0.23
%A Individual model individual

level) 0.08 0.00 0.01 0.00 0.04f 0.01 0.00 0.00 0.00 o0.00

Model 4 Model 5 Model 6
DEU FIN FRA LUX PRT |DEU FIN FRA LUX PRT |DEU FIN FRA LUX PRT

Constant

School variance

Individual variance

ICC

%A Null model (school level)

%A Null model individual level)
%A Individual model (school level)
%A Individual model individual
level)

608.7 558.3 625.1 465.4 750.9
5 7 2 8 7
3.87 311 287 310 3.05
430 433 423 443 4.09
0.47 042 040 041 043
510 6.01 1430 15.25 8.59
119 234 296 142 290
032 022 114 233 041
0.00 0.00 0.00

0.00 0.00

758.5 634.8 8452 484.4 654.3
5 3 9 2 7
3.87 312 288 316 3.06
430 433 423 443 4.09
0.47 042 040 042 043
504 582 13.88 13.53 8.34
119 234 295 142 290
0.26 001 066 035 0.13
0.00 0.00 -0.01

0.00 0.00

712.5 579.9 887.5 811.6 668.7
0 8 6 8 2
347 3.01 270 0.04 3.00
430 433 423 443 408
045 041 039 0.01 042
14.87 9.15 19.33 98.88 9.98
128 235 295 138 294
10.58 3,55 6.94 98.71 1.92
0.09 0.01 0.00

-0.04 0.04
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Table C3. Interaction of CT with Sex

DEU FIN FRA LUX PRT DEU FIN FRA LUX PRT
** o o o o
Sex (1=girl) -5.962 45.787 * -42.327 * -59.244 *x -70.437  * -17.462  * 2.443 -6.744 -5.497 -22.347 %
17.830 10.137 11.872 19.263 10.862 5.032 2.164 3.637 5.934 2.521
Availability
of ICT
resources at
school (ICT
Coordinator ** ** ** **
) 1.920 * 0.615 * -0.163 -1.743 * -0.521 *
0.287 0.184 0.143 0.156 0.154
Sex (1=girl)
# Availability
of ICT
resources at
school (ICT
Coordinator *x *x
) -0.167 -0.671 * 0.503 * 0.903 * 0.881 *
0.391 0.172 0.248 0.409 0.181
Ratio of
school size
and number
of ICT ** **
devices -0.562 -1.344 0.655 8.406 * 0.625 *
0.343 1.023 0.639 1.291 0.096
Sex (1=girl)
# Ratio of
school size
and number
of ICT *x
devices 0.656 1.531 -2.605 * -3.499 * -0.533 *
0.561 1.434 0.775 1.384 0.225
** 58886  ** ** ** 72285  ** 61953  ** 62940  ** **660.05 ** 69490  **
Constant 536.840 * 5 * 757.267  * 769.936  * 8 * 4 * 0 * 750.329  * 6 * 8 *
52.967 36.909 37.941 31.628 30.565 48.603 35.119 34.864 28.224 24.330
School *x *k ok ok ok *x *x *x *x *x
variance 3.837 * 3.116 * 2.894 * 3.135 * 3.060 * 3.879 * 3.119 * 2.887 * 3.086 * 3.054 *
0.038 0.063 0.049 0.071 0.038 0.037 0.064 0.051 0.067 0.036
Individual *k *k *k *k ok *% *k *x *x *k
variance 4.304 * 4.332 * 4.234 * 4.425 * 4.084 * 4.304 * 4.333 * 4.234 * 4.426 * 4.085 *
0.015 0.013 0.010 0.015 0.013 0.015 0.013 0.010 0.015 0.013
DEU FIN FRA LUX PRT DEU FIN FRA LUX PRT
N 21545  ** ok T o
Sex (1=girl) 103.525 * 4 * -0.400 121.241  ** 17.660 -12.206  ** 4.686 -20.094 * -16.114  * -24.091 *
42.354 36.326 52.528 38.178 43.364 3.839 2.940 2.035 1.948 4.004
Availability
of computer
resources at
school **
(Teachers) 0.570 3.128 * -0.105 1.189 * 0.525
0.807 0.244 0.788 0.606 0.452
Sex (1=girl)
# Availability
of computer
resources at
school ** **
(Teachers) 1.800 * -4.184 * -0.339 -2.722 * -0.897
0.867 0.718 1.053 0.772 0.888
10 or more
years ICT
experience
in the *x
school 15.975 * 0.677 4.820 6.822 * -4.513
3.065 2.632 3.103 3.233 3.116
Sex (1=girl)
#10o0r
more years
ICT
experience
in the
school -1.670 3.346 7.766 4481 -5.217
3.125 4533 4.280 4.831 3.975
*x 472.79 ** *x *x 670.51 *x 606.21 ** 624.58 ** ** 683.82 ** 699.32 **
Constant 585.095 * 9 * 753.051 * 630.694 * 3 * 6 * 5 * 745275  * 8 * 5 *
63.930 36.698 42.934 41.544 33.757 47.329 35.125 32414 26.722 24373
School *k *k *k *k *k *x *k *x *% *k
variance 3.876 * 3.120 * 2.897 * 3.167 * 3.059 * 3.865 * 3.117 * 2.900 * 3.166 * 3.060 *
0.039 0.063 0.049 0.078 0.038 0.035 0.066 0.049 0.080 0.039
Individual *x *% *k ok ok *x *x *x *x *%
variance 4.304 * 4331 * 4.235 * 4.426 * 4.085 * 4.304 * 4.333 * 4.234 * 4.426 * 4.085 *
0.015 0.013 0.010 0.016 0.013 0.015 0.013 0.011 0.015 0.012
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DEU FIN FRA LUX PRT DEU FIN FRA LUX PRT
- - - 468.45 *x
Sex (1=girl)  80.623 45,612 125759 **  160.830 **  -65.653 **  -79.989 69.391 192.650 * 8 * -25.432
105.46
73.821 30.423 48.032 59.011 20.437 69.745 49.833 86.495 9 30173
ICT
experience
with ICT use
during *k ok ok
lessons 19.530 35.664 * 29.277 56.713 * -29.260 *
18.328 10.651 19.189 11.760 4.768
Sex (1=girl)
#ICT
experience
with ICT use
during
lessons -38.525 -16.303 44.437 * 60.003 * 15.945
29.707 12.593 19.815 24.774 8.225
Use of ICT
for teaching
practices in ** **
class -3.541 * 0.439 -3.702 * 9.227 * 0.909
1.070 0.679 1.617 1.240 0.524
Sex (1=girl)
# Use of ICT
for teaching
practices in **
class 1.360 -1.289 3.543 * -9.890 * -0.028
1.450 0.985 1.743 2.120 0.633
** 538.94 *x *x *x 769.80 *x 785.36 ** 602.86 ** ** 238.97 ** 653.64 **
Constant 569.566  * 7 * 678.499 * 551.405 * 6 * 5 * 7 * 933.290 * 7 * 2 *
54.161 42.223 58.188 42.040 22.850 55.220 42.474 68.825 66.548 31.469
School *k *k *k *k ok *% *k *x *x *k
variance 3.881 * 3.112 * 2.861 * 3.098 * 3.048 * 3.868 * 3.118 * 2.879 * 3.171 * 3.056 *
0.035 0.068 0.054 0.085 0.044 0.033 0.066 0.061 0.077 0.040
|ndiVidUa| *% *x *% * % *% * % * % * % * % * %
variance 4.304 * 4.333 * 4.234 * 4.426 * 4.086 * 4.304 * 4.333 * 4.234 * 4.424 * 4.086 *
0.015 0.013 0.010 0.015 0.012 0.015 0.013 0.010 0.015 0.012

Note: the analyses are also controlling for the individual level factors.
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Table C4. Interaction of CT with NISB

DEU FIN FRA LUX PRT DEU FIN FRA LUX PRT
Socioeconomi
¢ background ** ** *x *x **
(NISB) 23.142 * 12.166 *x 9.481 * 17.677 7.522 17.920 * 17.282 * 26.258 * 17.944 * 14.310 *
10.177 3.967 4.562 11.283 5.555 2.641 1.710 2.151 2.210 1.106
Availability of
ICT resources
at school (ICT ** **
Coordinator) 1.819 * 0.255 * 0.080 -1.338 * -0.087
0.176 0.126 0.075 0.162 0.095
NISB #
Availability of
ICT resources
at school (ICT
Coordinator) -0.255 0.140 * 0.279 ** -0.094 0.143
0.265 0.067 0.097 0.219 0.101
Ratio of school
size and
number of ICT ** **
devices -0.236 -0.712 -0.751 6.874 * 0.378 *
0.348 0.829 0.489 1.063 0.090
NISB # Ratio of
school size
and number of
ICT devices -0.857 ** 1.406 * -0.709 -1.727 0.033
0.323 0.689 0.407 0.895 0.148
543.60 *x 609.23 *x 746.54 ** 754.93 *x 702.33 *x 620.36 ** 627.27 *x 749.76 *x 667.02 *x 695.79 **
Constant 9 * 4 * 7 * 5 * 0 * 3 * 8 * 9 * 9 * 0 *
47.158 34.592 33.758 27.571 27.676 48.196 35.657 34.616 28.877 24.239
School *k *k *x *k *k *x *k *k *k *k
variance 3.831 * 3.115 * 2.906 * 3.125 * 3.062 * 3.883 * 3.120 * 2.896 * 3.092 * 3.055 *
0.037 0.064 0.047 0.079 0.038 0.038 0.062 0.049 0.065 0.038
Individual *x ok *x *k ok *x *k ok ok *k
variance 4.304 * 4.333 * 4.234 * 4.426 * 4.086 * 4.303 * 4.332 * 4.234 * 4.426 * 4.086 *
0.015 0.013 0.010 0.016 0.012 0.015 0.013 0.010 0.015 0.013
DEU FIN FRA LUX PRT DEU FIN FRA LUX PRT
Socioeconomi
¢ background 119.70 ** ** ** *x **
(NISB) 9 * -50.912 46.140 77.273 35.280 * 13.819 * 22.613 * 20.897 * 9.573 * 14.090 *
52.114 27.053 29.719 50.284 15.005 2.130 1.572 2.088 1.626 1.363
Availability of
computer
resources at
school
(Teachers) 1.186 * 0.865 * -0.301 0.488 0.028
0.565 0.441 0.488 0.691 0.173
NISB #
Availability of
computer
resources at
school
(Teachers) -2.137 * 1.430 **-0.456 -1.281 -0.415
1.061 0.549 0.604 1.000 0.293
10 or more
years ICT
experience in **
the school 16.728 * -0.948 0.600 4351 * -1.935
2.661 1.043 1.769 1.825 1.709
NISB # 10 or
more years ICT
experience in
the school -3.043 -3.334 * 3.798 5.823 ** 1082
2.882 1.551 2.809 1.826 3.205
55219 ** 57786 ** 76318 ** 66468 ** 69529 ** 60763 ** 62483 ** 74614 ** 68541 **  6£98.87  **
Constant 8 * 2 * 6 * 3 * 0 * 1 * 5 * 9 * 6 * 9 *
54.265 29.071 33111 47.690 27.517 46.536 34.417 32.982 26.936 24.718
School *x ok *x *k ok *x *k ok ok *x
variance 3.868 * 3.106 * 2.897 * 3.197 * 3.061 * 3.863 * 3.115 * 2.896 * 3.148 * 3.060 *
0.036 0.067 0.048 0.079 0.038 0.034 0.067 0.048 0.082 0.040
Individual *k ok . *k ok *x *k ok . *k
variance 4.303 * 4.332 * 4.234 * 4.426 * 4.086 * 4.304 * 4.333 * 4.234 * 4.426 * 4.086 *
0.014 0.013 0.010 0.016 0.012 0.015 0.013 0.010 0.015 0.012
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DEU FIN FRA LUX PRT DEU FIN FRA LUX PRT
Socioeconomi
¢ background ** 159.93
(NISB) 83871  ** 1642 -8.407 -42.173 35403  * 1 * 62219  **  -3.853 38.129 36.409
29.668 19.686 26.108 26.822 10.035 73.899 23.980 38.203 48.857 39.600
ICT experience
with ICT use *x *x *x **
during lessons  -0.692 27.680 * 50.533 * 84.903 * -20913  *
11.074 7.543 12.292 10.189 5.124
NISB # ICT
experience
with ICT use
duringlessons  -29.403  * 7.725 12.986 22.860 * -8.553 *
12,623 7.944 10.849 11.018 4.034
Use of ICT for
teaching
practices in ** *x **
class -3.274 * -0.265 -1.978 * 4.227 * 0.822 *
0.783 0.464 0.903 0.525 0.248
NISB # Use of
ICT for
teaching
practices in
class -3.000 * -0.848 0.554 -0.512 -0.446
1.531 0.482 0.781 0.989 0.802
622.22 *x 556.95 ** 627.57 *x 481.28 *x 749.98 ** 770.54 *x 637.67 *x 846.19 ** 481.68 ** 658.14 *x
Constant 5 * 0 * 9 * 5 * 6 * 1 * 7 * 1 * 9 * 7 *
47.166 37.941 48.278 42.848 22.480 50.689 34.522 34.151 30.320 26.603
SChOOI *k * % * % * % * kK * % * % * %k * % *k
variance 3.871 * 3.115 * 2.862 * 3.089 * 3.042 * 3.856 * 3.120 * 2.878 * 3.163 * 3.054 *
0.034 0.067 0.053 0.080 0.045 0.031 0.066 0.062 0.078 0.040
Individual *k ok . *k ok ok *k ok . *k
variance 4.304 * 4.333 * 4.235 * 4.426 * 4.086 * 4.303 * 4.333 * 4.235 * 4.426 * 4.086 *
0.015 0.013 0.010 0.016 0.012 0.015 0.013 0.010 0.016 0.012

Note: the analyses are also controlling for the individual level factors.

First, in France, Luxembourg and Portugal the effect of ICT coordinator indicating that degree of resources
available at the school is less negative or positive for girls and non-existent or negative for boys. For Finland,
the positive availability effect is almost zero for girls.

Second, the interaction of student-teacher ratio with sex appears to be negative in France, Luxembourg
and Portugal though to a varying degree of significance, meaning that girls have a less positive or even
negative ratio-effect. Third, in Finland and Luxembourg the effect of the teacher indicating availability of
computer resources at school makes the advantage for girls in those countries smaller. In Germany the
disadvantage of girls becomes smaller the more ICT resources there are available.

Fourth, the experience of ICT coordinator in school does not vary over gender in any country. Fifth, the
effect of ICT experience with ICT use during lessons is larger for girls in France and Luxembourg. Sixth, the
use of ICT for teaching practices in class effect is smaller for girls in Luxembourg, and larger in France.

In Table 6, the interaction effect of NISB is shown for the school level variables with Computational
Thinking. All the effects are under control of individual level effects. First, in Finland and France the effect
of the availability of ICT resources according to the ICT coordinator is larger for student with a high
socioeconomic status. Second, In Luxembourg and Portugal, the positive effect of student-teacher ratio is
larger the higher the socioeconomic status. The availability of ICT resources according to teachers is smaller
for high socioeconomic status in Germany, but larger in Finland. Fourth, the experience with ICT in the
school effect is smaller the higher the socioeconomic status in Finland, but larger in Luxembourg. Fifth, the
socioeconomic gap in the effect of teacher experience in class is smaller in Germany and Portugal, but
larger in Luxembourg. Lastly, the use of ICT in the classroom effect is smaller for those with a higher
socioeconomic status in Germany.
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Appendix D. Materials for PISA analyses.

Table D1. Descriptive statistics of analytical variables (N = 91512).

Mean Sd Min Max
Individual level
Problem-solving scores (raw) 500.79 98.20 6.92 877.94
Age 15.77 0.29 15.25 16.33
Sex (boys = 1) 1.5 0.5 1 2
SES (ESCS index) 0.1 0.89 -4.68 3.01
Migration background
Non-migrants 0.91 0.28 0 1
First-generation mig. 0.04 0.2 0 1
Second-generation mig. 0.05 0.2 0 1
School level
Extra-curricular creative activities 1.56 1.05 0 3
Student-teacher ratio 11.92 4.04 0.17 50
School autonomy 0.12 0.90 -2.87 1.6
School type
Public 0.79 0.41 0 1
Private — Gov. dependent 0.19 0.4 0 1
Private 0.02 0.14 0 1
Country level
Digital contacts with the Government 30.66 16.22 8.27 69.41
Income inequality (Gini) 0.29 0.03 0.25 0.35
R&D expenditure 2.08 0.8 0.8 34
Index of learning strategies (adults) 3.67 0.15 3.40 3.95
Input standardisation -0.19 0.55 -0.84 1.29
Output standardisation 0.62 0.48 0 1
Vocational Enrolment 0.63 0.65 -0.70 1.74

89



Table D2. Multilevel models (random intercept) regressing raw problem-solving scores on school level
characteristics one by one.

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Individual-level
Age at test 9.405*** 9.375%** 9.405%** 9.492%** 9.429%***
Boys 11.18%** 11.19%** 11.18%** 11.24%** 11.20%**
Migration (ref. Native)

First gen. -29.90*** -29.90*** -29.90*** -29.89%** -29.94%**
Second gen. -33.77%** -33.72%** -33.76*** -33.79%** -33.69%**
SES (ESCS score) 18.04*** 17.97*** 18.04*** 17.99%** 17.98***
School-level
Type (ref. Private)

Private — Gov. depend. -15.99*

Public -32.98%**
Autonomy 2.765

Extra-cur. creative activities 10.73***
Student-teacher ratio 2.064**
Constant 495 7*** 332.8%** 362.3%** 332.3%*x* 314.2%** 307.8***
Variance Intercept
Country-level 408.4*** 339.9*** 322.0%** 344 6%** 361.2%** 319.2%**
School-level 3948.0*** 3242 .7*** 3200.5*** 3238.7*** 3144, 7*** 3189.9***
Individual-level 5789.8%** 5510.4*** 5510.3*** 5510.4*** 5510.3*** 5509.9***

Notes: raw scores
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Table D3. Multilevel models (random intercept) regressing z-standardised problem-solving scores on individual, school, and country-level characteristics:
Models with and without (benchmark) cross-level interactions between gender and SES with school-level characteristics.

Benchmark Model:

PANEL A: Gender interactions

PANEL B: SES interactions

No interactions Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8

Individual-level
Age at test 0.10*** 0.10%** 0.10*** 0.10*** 0.10%** 0.10*** 0.10%** 0.10%** 0.10***
Boys 0.12%** 0.07* 0.12%** 0.11%* 0.05 0.12%** 0.12%** 0.12%** 0.12%**
Migration (ref. Native)

First gen. -0.35%** -0.35%** -0.35%** -0.35%** -0.35%** -0.35%** -0.35%** -0.35%** -0.35%**

Second gen. -0.31%** -0.31%** -0.31%** -0.31%** -0.31%** -0.31%** -0.31%** -0.31%** -0.31%**
SES (ESCS score) 0.18%** 0.18%** 0.18*** 0.18%** 0.18%** 0.18%** 0.18%** 0.19%** 0.20%**
School-level
Type (ref. Private)

Private — Gov. depend. -0.18 -0.21* -0.18 -0.18 -0.18 -0.18 -0.17 -0.18 -0.17

Public -0.32** -0.34** -0.32** -0.32** -0.32** -0.32** -0.31** -0.32** -0.32**
Autonomy -0.02 -0.02 -0.02 -0.02 -0.02 -0.02 -0.02 -0.02 -0.02
Extra-cur. creative activities 0.10*** 0.10%** 0.10*** 0.10*** 0.10%** 0.10*** 0.10%** 0.10%** 0.10***
Student-teacher ratio 0.02%** 0.02** 0.02%** 0.02%** 0.02** 0.02%** 0.02%** 0.02** 0.02%**
Interaction School x Boys

Boys x Private — Gov. dep. 0.07

Boys x Public 0.04

Boys x Autonomy 0

Boys x Extra-curric. creative act. 0.01

Boys x Student-teacher ratio 0.01*
Interaction School x SES

SES x Private — Gov. Dep. -0.01

SES x Public School 0.01

SES x School Autonomy 0.01

SES x Extra-curric. creative act. 0

SES x Student-teacher ratio 0
Constant -1.84%** -1.69*** -1.72%%* S1.71%** -1.68*** -1.83%** -1.84%*** -1.84%** -1.84%**
Variance Intercept
Country-level 0.01*** 0.01*** 0.01*** 0.01*** 0.01*** 0.01*** 0.01%*** 0.01*** 0.01***
School-level 0.32%** 0.32*** 0.32%** 0.32%** 0.32%** 0.32%** 0.32%** 0.32*** 0.32%**
Individual-level 0.59%** 0.59%** 0.59%** 0.59%** 0.59%** 0.59%** 0.59%** 0.59%** 0.59%**

Notes: scores z-standardized within countries (country-level variance is not exactly O due to school-level variance parameter).
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Table D4. Multilevel models (random intercept) regressing z-standardised problem-solving scores on
individual, school, and country-level characteristics: Benchmark models without cross-level interactions
between gender and SES with school-level characteristics.

Benchmark models: no interaction

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7

Individual-level
Age at test 0.10*** 0.10*** 0.10*** 0.10*** 0.10*** 0.10*** 0.10***
Boys 0.12%** 0.12%*** 0.12%*** 0.12%*** 0.12%*** 0.12%*** 0.12%***
Migration (ref. Native)

First gen. -0.35%**  0.35%*¥*  _Q35%*%*  _(035%** . (35%x* -0.35%**  (0.35%**
Second gen. -0.31%*%*  -0.31**¥* Q. 31*%**  -0.31%¥**  -0.31*** -0.31%*%* 0. 31***
SES (ESCS score) 0.18*** 0.18*** 0.18*** 0.18*** 0.18%** 0.18%** 0.18%**
School-level
Type (ref. Private)

Private — Gov. depend. -0.18 -0.18 -0.18 -0.18 -0.18 -0.18 -0.17

Public -0.32%* -0.32%* -0.32%* -0.32%* -0.32%* -0.32%* -0.32%*
Autonomy -0.02 -0.02 -0.02 -0.02 -0.02 -0.02 -0.02
Extra-curricular creative activities 0.10*** 0.10*** 0.10*** 0.10*** 0.10*** 0.10*** 0.10***
Student-teacher ratio 0.02** 0.02** 0.02** 0.02** 0.02** 0.02** 0.02**
Country-level

Input standardisation 0.01
Output standardisation -0.01

R&D expenditure 0.04

Income Inequality (Gini) -0.95

Digital contact with the Gov. 0.003*
Vocational Enrolment 0.01
Adult’s Learning Strategies 0.41%**
Constant -1.83%** 1. 83%*¥* ] Q1¥¥* ] 5p¥*¥* -] .90*** -1.84%** 3 3%k
Variance Intercept
Country-level 0.01%** 0.01%** 0.01%** 0.01%** 0.0049***  0.01*** 0.0036***
School-level 0.32%** 0.32%** 0.32%** 0.32%** 0.32%** 0.32%** 0.32%**
Individual-level 0.59%** 0.59%** 0.59%** 0.59%** 0.59%** 0.59%** 0.59%**

Notes: scores z-standardized within countries (country-level variance is not exactly O due to school-level variance
parameter, main effects of country-level characteristics are meaningless).
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Table D5. Multilevel models (random intercept) regressing z-standardised problem-solving scores on
individual, school, and country-level characteristics: Models with cross-level interactions between gender
and school-level characteristics.

Gender interactions
Model 1 Model2  Model3  Model4  Model 5 Model 6  Model 7

Individual-level

Age at test 0.10*** 0.10%** 0.10%** 0.10*** 0.10*** 0.10*** 0.10***
Boys 0.14%** 0.14** 0.20* 0.19 0.21%** 0.09** 1.19**
Migration (ref. Native)
First gen. -0.35%**  Q35%** (0 35%** _(Q35%¥* _(Q35%¥* _(35%*¥* _(35%**
Second gen. -0.31%*%* Q. 31%**  Q31%** 0. 31**¥* 0. 31*%*¥* -0.31**¥* -0.31***
SES (ESCS score) 0.18%** 0.18%** 0.18%** 0.18%** 0.18%** 0.18%** 0.18***

School-level
Type (ref. Private)

Private — Gov. depend. -0.18 -0.18 -0.18 -0.18 -0.18 -0.18 -0.17

Public -0.32%* -0.32%* -0.32%* -0.32%* -0.32%* -0.32%* -0.32%*
Autonomy -0.02 -0.02 -0.02 -0.02 -0.02 -0.02 -0.02
Extra-curricular creative activities 0.10*** 0.10%** 0.10%** 0.10%** 0.10*** 0.10*** 0.10***
Student-teacher ratio 0.02%** 0.02%** 0.02** 0.02%** 0.02%** 0.02%** 0.02%**

Country-level

Input standardisation -0.04

Output standardisation 0.02

R&D expenditure 0.06

Income Inequality (Gini) -0.83

Digital contact with the Gov. 0.004**

Vocational Enrolment -0.01

Adult’s Learning Strategies 0.56%**

Interaction Country x Boys
Boys x Input standardisation 0.09*
Boys x Output standardisation -0.04
Boys x R&D expenditure -0.04
Boys x Income Inequality (Gini) -0.24
Boys x Digital contact with the Gov. -0.00
Boys x Vocational Enrolment 0.05
Boys x Adult’s Learning Strategies -0.29%*

Constant S1.73%Fk* 0 1 73%xEk ] 83FF* ] 48%* S1.84%** ] 71¥¥*k 3 74%**

Variance Intercept

Country-level 0.01*** 0.01*** 0.01*** 0.01*** 0.01*** 0.01*** 0.004***

School-level 0.33*** 0.32*** 0.32*** 0.32%** 0.33*** 0.32%** 0.32%**

Individual-level 0.59*** 0.59*** 0.59*** 0.59%*** 0.59%** 0.59%** 0.59%***
Notes: scores z-standardized within countries (country-level variance is not exactly O due to school-level variance
parameter, main effects of country-level characteristics are meaningless).
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Table D6. Multilevel models (random intercept) regressing z-standardised problem-solving scores on
individual, school, and country-level characteristics: Models with cross-level interactions between SES and

school-level characteristics.

SES interactions

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7

Individual-level
Age at test 0.10%** 0.10%** 0.10%** 0.10*** 0.10*** 0.10*** 0.10***
Boys 0.12%** 0.12*** 0.12%** 0.12%** 0.12%** 0.12%** 0.12%**
Migration (ref. Native)

First gen. -0.35***  _(Q.35%** (0 35%*¥* (. 35%*¥*  _(34%** _(35%**  _(34%**
Second gen. -0.31***  0.31*%*¥*  -0.31*%*¥*  -0.31*%*¥*  -0.30*%** -0.31*%** -0.31%**
SES (ESCS score) 0.18*** 0.18%** 0.17*** 0.22 0.13*** 0.20%** -0.77%***
School-level
Type (ref. Private)

Private — Gov. depend. -0.17 -0.18 -0.18 -0.18 -0.19* -0.17 -0.17

Public -0.32** -0.32%** -0.32** -0.33** -0.33***  .(0.32** -0.32%**
Autonomy -0.02 -0.02 -0.02 -0.02 -0.02 -0.02 -0.02
Extra-curricular creative activities 0.10*** 0.10*** 0.10*** 0.10*** 0.10*** 0.10*** 0.10***
Student-teacher ratio 0.02** 0.02** 0.02** 0.02** 0.02** 0.02** 0.02**
Country-level

Input standardisation 0.01
Output standardisation 0

R&D expenditure 0.04

Income Inequality (Gini) -0.94

Digital contact with the Gov. 0.002*
Vocational Enrolment 0.01
Adult’s Learning Strategies 0.35***
Interaction Country x SES

SES x Input standardisation -0.04

SES x Output standardisation 0

SES x R&D expenditure 0.01

SES x Income Inequality (Gini) -0.11

SES x Digital contact with the Gov. 0.002*

SES x Vocational Enrolment -0.023

SES x Adult’s Learning Strategies 0.26%**
Constant -1.84%** 1 .83*%**% 1 90***  -1.56%*¥*  -1.88%**  -1.84%** 3 13%**
Variance Intercept

Country-level 0.01%** 0.01*** 0.01%** 0.01%** 0.01%** 0.01%** 0.003***
School-level 0.33%** 0.324%* 0.32%** 0.32%** 0.33%** 0.33%** 0.33***
Individual-level 0.59%** 0.59%** 0.59%** 0.59%** 0.59%** 0.59%** 0.59%**

Notes: scores z-standardized within countries (country-level variance is not exactly O due to school-level variance
parameter, main effects of country-level characteristics are meaningless).
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Chapter 2

Determinants of individual differences in adults' ICT
skills across 18 European countries

Per Bles, Lynn-Malou Lutz, Nora Miiller



2.1  Workplace technologization and ICT skills

Throughout the last two decades, workplaces have been increasingly technologized (OECD, 2019b).
Studies show that with technological change, the demand for skilled labour increases (O'Mahony et al.,
2008; Spitz-Oener, 2006). This increase includes the demand for general cognitive skills — like literacy and
numeracy — as a basis to pursue lifelong learning. In addition, it includes specific cognitive — like ICT skills
or analytical skills — and non-cognitive skills — like creativity, problem-solving, critical thinking,
interpersonal and communication skills —to cope with the demands of the digital transition (Morandini et
al., 2020; OECD, 2017a). We focus on ICT skills as the ability set most directly related to the demand of

technologized workplaces and their potential determinants.

ICT skills form a relevant analysis object because they were found to be positively related to numerous
micro- and macro-level outcomes. These outcomes include individuals' employability (Picatoste et al.,
2018; Walton et al., 2009), earnings (Buchmann et al., 2020 ; Grundke et al., 2018; Lane & Conlon, 2016),
and online (older individuals) and offline (older individuals with dementia) social participation (Pinto-
Bruno et al., 2017; Sims et al., 2016; Yu et al., 2016), but also societies' economic growth (Fernandez-
Portillo et al., 2020; Niebel, 2018). Consequently, several scholars suggest that differences in ICT skills

reinforce existing social inequalities (Helsper, 2012; Witte & Mannon, 2010).

Research on determinants of ICT skills suffers from two major shortcomings. First, previous research has
almost exclusively concentrated on young students (e.g., Aesaert & van Braak, 2015; Hargittai & Hinnant,
2008; Owens & Lilly, 2017), while empirical evidence on determinants of adults' ICT skills is scarce (for
exceptions see: Falck et al., 2016; Wicht et al., 2021). Second, almost nothing is known about
determinants of adults’ ICT skills on the country level (exception: Falck et al., 2016). These shortcomings
are unfortunate because it is crucial for policy- and decision-makers to know which context variables can
predict and influence individual ICT skills, not only of the future but also of the current working and non-
working population. Making use of such knowledge, countries can remain competitive or can even
increase their competitiveness. On the individual level, they can achieve to integrate their inhabitants into
the technologized labour market, services, and consumption of public and private everyday life (OECD,

2013).

We use existing micro-level theories to explain individual differences in adults' ICT skills and extend them
to explanatory factors at the contextual (country) level. Our macro-level variables include indicators of a
country's ICT infrastructure, governmental and private ICT usage, technical skills demand, adult education
infrastructure, and level of gender equality. Applying large-scale data from the first cycle of the
"Programme for the International Assessment of Adult Competencies" (PIAAC), we put our hypotheses to

an empirical test across 18 OECD countries.
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2.2 Previous research on individual differences in adults' ICT skills

While differences in individuals internet access — also known as the "first digital divide" — have diminished
in most developed countries, significant disparities persist or have even increased concerning ICT skills,
also known as the "second digital divide" (DiMaggio et al., 2004; Hargittai & Hinnant, 2008; Scheerder et
al., 2017; van Dijk, 2006). Researchers conducted a bulk of studies to identify determinants of ICT skills,
though with inconsistent use of terminology and measures (Scheerder et al., 2017; van Dijk, 2006). Many
of these studies analysed individuals' subjectively assessed ICT skills (e.g., Martzoukou et al., 2020; Tijdens
& Steijn, 2005). Yet, subjectively and objectively assessed ICT skills were shown to correlate only
moderately (Bradlow et al., 2002; Hargittai & Shafer, 2006). Consequently Palczyrska & Rynko (2021)

advocate using objective standardized measures, especially in international comparative studies.

In general, previous studies identified three groups of factors to determine individual ICT skills: socio-
demographic characteristics, practice-oriented factors, and life contexts. Regarding socio-demographic
characteristics, determinants of ICT skills (second digital divide) do largely overlap with those already
found for internet usage (first digital divide) (van Deursen & van Dijk, 2014). These include age, gender,
ethnicity, migration status, and socioeconomic status. On average, female, older, lower-educated,
immigrated individuals show lower ICT skills (Aesaert & van Braak, 2015; Gnambs, 2021; Hargittai, 2010;
Owens & Lilly, 2017; van Dijk, 2006). These studies, however, almost exclusively focus on the populations
of pupils or young students, ignoring differences in ICT skills of the current working population that mainly

did not acquire these skills during their education.

Regarding practice-oriented factors, studies point out that the use of ICT skills as well as of general
competencies at work and in daily life positively correlate with the individuals level of ICT skills (e.g., Claro
etal., 2012; Desjardins & Ederer, 2015; Himaldinen et al., 2015, 2017; Livingstone & Helsper, 2010; Wicht
et al., 2021). These studies argue and empirically show that the usage of ICT skills but also more general

competencies (reading and writing) are prerequisites to acquiring and maintaining ICT skills.

The third group of factors — life contexts — includes micro-level contexts (e.g., home and workplace) as
well as macro contexts (regional or country contexts). Previous research, for example, showed a large
urban-rural gap in ICT access (Salemink et al., 2017; Schleife, 2010). Wicht et al. (2021) analyze internet
domain registration rates as a proxy for regional digital cultures in Germany and find a positive though
very small impact on individuals' ICT skills. Research on country-level determinants of adults' ICT skills,
however, is largely missing so far. Although Desjardins & Ederer (2015) conducted an international
comparative analysis on determinants of adults' ICT skills, they concentrated on only four exemplary
countries (Finland, Norway, Germany, UK). Thus, they could not include any contextual level variables in

their analyses. In a similar vein, Bynner et al. (2008) compare Portland (USA) and London (UK). They find
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ICT use at home to be positively related to individuals’ ICT skills in London and ICT use at work to be
positively associated with individuals’ ICT skills in Portland. Falck et al. (2016) is the only study we found
to analyse country-level determinants of adults’ ICT skills. Although the authors focus on returns to ICT
skills, they also study the relationship between ICT infrastructure and adults' ICT skills across 19 OECD
countries. Their analyses show a positive and statistically significant relationship between the two

measures.

While studies on macro-level determinants on adults' ICT skills are rare, at the same time, countries differ
quite remarkably in their adult populations' levels of ICT skills. The OECD (2019a) differentiates between
four levels of ICT proficiency. They report New Zealand and Sweden as the countries with the highest
share of adults among the highest ICT proficiency group (about 40% of the adult population). The
remaining Scandinavian countries and the Netherlands show similarly high levels of adults within the
highest ICT proficiency group. In contrast, Turkey, Greece, and Chile show the lowest number of adults
(15% or less) within this group. Across all countries, the largest proportion of adults is found within the
two lowest ICT proficiency groups (with each group containing about a third of all adults). Knowledge
about macro-level determinants of differences in adults' ICT skills can be relevant information, especially

for the low-scoring countries to catch up.

2.3 Theoretical model

To answer the lack of theoretical coherence of most previous studies, Wicht et al. (2021) developed a
unified conceptual framework to explain individual differences in ICT skills, consolidating previous
theoretical models and research. The theoretical framework of Wicht et al. (2021) brings together
elements from major theories of skill acquisition — practice engagement theory (Reeder, 1994),
constructivist learning theories (Bandura, 1971; Piaget, 1969), social cognitive theory (Bandura, 1986;
Compeau & Higgins, 1995), and Bronfenbrenner's ecological systems theory (Bronfenbrenner, 1979;

Herselman et al., 2018) — with the so-called literacy hypothesis (Olson, 1977; Vlieghe, 2015).

We apply this integrative theoretical framework and contribute to previous research on determinants of
adults' ICT skills by extending the contextual or macro-level to include country-level variables, as

illustrated in Figure 1.
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Figure 1: Conceptual framework and hypotheses
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2.3.1  Micro-level
Practice engagement theory argues that a stronger involvement of a certain skill — including literacy (for

which it was originally developed), but also numeracy (Reder et al., 2020) and ICT skills (Wicht et al., 2021)
—in an individual's daily life (work, leisure) gives rise to a reciprocal interaction between the individual
and the individual's engagement. The resulting circle of (self-)reinforcement, practice, and skill acquisition

leads to a constant improvement of the specific skill.

In a similar vein, constructivist learning theories (e.g., Dewey, 1916; Piaget, 1969) highlight the role of
non-formal and informal learning for skill acquisition and improvement for skills that have not been
learned in formal settings. In other words, if adults have not acquired ICT skills during their formal

education, they can still acquire (or improve) such skills through non-formal and informal learning.

Social cognitive theory, also called social practice view, precedes practice engagement theory and
constructivist learning theories and understands human functioning, including ICT skills, as a result of
personal, behavioural, and environmental determinants. In line with practice engagement theory and
constructivist learning theories, social cognitive theory stresses the role of ICT use (ICT usage and
experience) as a behavioural determinant for adults' ICT skills. Personal determinants include personal
factors such as ICT self-efficacy, ICT attitudes, or privacy concerns. Environmental determinants include

factors such as ICT and training access (cf. Bandura, 1986; Hoffmann et al., 2015).

Summing up these three theories, Wicht et al. (2021) argue that the most relevant micro-level
determinants of ICT skills among adults are their ICT use at the workplace and in everyday life because

older cohorts did most likely not receive any formal ICT training. Based on these considerations, we derive
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our first hypothesis: The more intense an individual's ICT use at work and in everyday life, the higher his

or her ICT skills.

ICT use, in turn, depends on several prerequisites understood as opportunities and encouragements to
engage with ICT as offered by individuals' multi-layered living contexts (Bronfenbrenner, 1979) and their
endowment with literacy skills. The so-called literacy hypothesis claims that specialized skills, such as ICT
skills, strongly depend on more general cognitive skills, including numeracy, problem-solving, critical
thinking, and literacy. In this regard, literacy skills — i.e., the ability to decode and comprehend written
language —are regarded as the most crucial ones for and a prerequisite of ICT skills, as digital technologies
are heavily based on text and abstract symbols that individuals need to process and decode (Olson, 1977;
Vlieghe, 2015; Wicht et al., 2021). From these considerations, we derive two more hypotheses: The higher
an individual's literacy skills, the higher his or her ICT skills (hypothesis 2). The positive association
between literacy skills and ICT skills is partly mediated by ICT use at work and in everyday life (hypothesis
3).

2.3.2  Macro-level

In his 'Ecological Systems Theory' — originally developed to understand child development —
Bronfenbrenner (1979) argues that individuals' micro-contexts are embedded in a series of more distant
contexts —including the country context — that shape and are in turn shaped by different micro-contexts.
Both contexts are understood as opportunities and encouragements for the individual actors to engage

with ICT, with the micro context being the most influential one.

As illustrated in Figure 1, individuals' literacy skills and educational level, and other socio-demographic
characteristics represent our individual level. Our theoretical model also includes micro-contexts
represented by the settings in which ICT use occurs (workplace and daily life). As an example for distant
contexts, previous research included, for example, regional differences (Wicht et al. 2021). As our analysis
focuses on the cross-country level, we refrain from taking the regional context into account. On our
contextual level, we consider economic, technological, institutional, and cultural factors as examples for
distant contexts on the country level. We expect these factors to be related to individual differences in

adults' ICT skills either directly or indirectly through restricting or encouraging their ICT use.

A country's ICT infrastructure —understood to consist of hardware, software, networks, and media for the
collection, storage, processing, transmission, and presentation of information (The World Bank Group,
2003) — lays the foundation for individuals' possibilities of ICT usage. Analyzing adults' ICT skills across 19
OECD countries, Falck et al. (2016) find that access to ICT infrastructure promotes individuals' ICT skills
through ICT usage at work or home. Moreover, they show that these acquired ICT skills reap substantial
rewards in the labour market. We hypothesize that the better a countries ICT infrastructure, the more

intense the individuals' ICT use at work and in everyday life, resulting in higher ICT skills (hypothesis 4).
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Countries strategically invest in the adoption of ICT to spur economic growth and improve the efficiency
of their public services (Shrivastava et al., 2021). Moreover, governments can reduce costs for
administrative tasks and increase social inclusion through the effective use of ICT services (Chohan & Hu,
2020). Private businesses even created a whole new economy based on the internet and the development
of high-speed networks, Big Data, and new forms of mobile devices offering internet access at all times
and in all places (Degryse, 2016). Examples for resulting private services include online marketplaces for
passenger transportation (such as Uber), lodging (such as Airbnb), or immediate help with everyday tasks
(such as TaskRabbit). Based on constructivist learning theories, we expect individuals to train their ICT
skills to the level necessary to use public and private ICT services, such as administrative procedures,
banking services, or health services. We, therefore, expect to find a positive relationship between ICT use
by the government and private businesses and ICT skills (hypothesis 5a). At the same time, based on social
practice theory, we expect ICT use by the government and private businesses to directly motivate or even

force individuals' ICT usage (hypothesis 5b) in order to save time and money or to be socially integrated.

A country's adult education system is a crucial contextual variable for our study because it is the major
relevant institution where adults — who have most likely not acquired ICT training in school — can acquire
and develop their ICT skills. We argue that a high participation rate in adult education is positively related
to adults' skill formation in general (including literacy, numeracy, problem-solving) and ICT skills in
particular. We thus expect a positive relationship between participation in adult education and ICT skills

(hypothesis 6).

We expect a high labour market demand for technical skills to be positively related to ICT skills (hypothesis
7a) because individuals can be expected to train their ICT skills to the levels demanded at the labour
market (constructivist learning theory). At the same time, we expect a high labour market demand for
technical skills to be positively related to individuals' ICT usage (hypothesis 7b), because many individuals
should be expected to apply ICT skills in their jobs (social practice theory). Yet, a high demand for ICT skills
could very well mean a high demand for high-educated workers (at the cost of medium-educated workers
and with little effect on low-educated workers) in general (polarized skill demand: e.g., Michaels et al.,
2014). In this respect, the suggested positive relationships between demand for technical skills need and

ICT usage and ICT skills should be driven by the highly educated (hypothesis 7c and 7d).

With a country's level of gender equality, we try to capture cultural factors on the macro-level. Previous
research found that in countries with high(er) levels of gender inequality, women are likely to be less
exposed to ICT and have thus fewer possibilities to train and use ICT skills (Doney & Canon, 1997; Frenkel,
1990; Wei et al., 2011). We, therefore, understand the level of gender inequality as an indicator for

potential discrimination of a specific gender in their exposure to ICT. We expect to find a positive
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relationship between a country's level of gender equality and its level of ICT skills (hypothesis 8a) and ICT
use (hypothesis 8b).

2.4 Data

We use the first cycle of the OECD's Programme of the International Assessment of Adult Competencies
(OECD, 2017b: ZA6712), surveyed between 2011 and 2018. PIAAC was initiated by the Organisation for
Economic Cooperation and Development (OECD) and aims to provide internationally comparable
measures of key competencies, such as literacy, numeracy, and adaptive problem-solving — including a
measure for ICT skills — in OECD countries among adults aged 16-65 years. We combine the individual-
level PIAAC data with country-level data from the OECD, the World Bank, the UN, Eurostat, and the

European Commission (see also the variable section below).

The overall sample of the first PIAAC cycle includes 232,686 respondents. However, ICT skills are assessed
only for 149,582 persons who reported previous experience using computers, consented to a computer-
based skills assessment, and demonstrated basic capability using the computer keyboard and mouse.
After only selecting European countries (but excluding Russia), we are left with 81,736 respondents in 18
countries. Being interested in ICT use in everyday life and work, we further restricted our sample to the
working population, i.e., respondents who do not define themselves as students or apprentices, leaving
our analytical sample at 55,082. Lastly, we listwise delete on our individual level control variables, ending
up with 52,392 working respondents across 18 European countries. Table Al.1 in the Appendix shows our
case numbers by country and survey year; Table A1.2. shows the number of cases we lose due to our list-

wise deletion.

We adjust the final full sample weight to our analytical sample, considering our population of working
adults as well as our listwise deletion on independent variables. We make sure to normalize the weights
so that their sum equals the number of respondents in our sample. In this way, we circumvent the problem
that the weights after listwise deletion deviate from the number of respondents used in our analyses, and

we ensure between-model comparisons (similar to what OECD's PISA advices: OECD, 2009).

2.4.1 Variables

2.4.1.1 Independent variable
In the assessment framework of PIAAC ICT skills are referred to as problem-solving in technology-rich

environments and defined as "using digital technology, communication tools, and networks to acquire
and evaluate information, communicate with others and perform practical tasks" (OECD, 2019c). The ICT
skill domain is measured using computer-based assessments based on near real-life problems. Because
the real proficiency can only be inferred from their assessment responses, in the surveys, plausible values
are used to make a correct inference. A plausible value is a likely score of proficiency drawn from the

marginal posterior of the latent distribution. The ten plausible values that are drawn yield unbiased
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estimates of the real proficiency scores (OECD, 2019b, 2019a). The items were scaled using item response
theory (Davier et al., 2009). Scores range from zero to 500 points, with an average of 250 points and a
standard deviation of 50 points. Following Bol et al. (2014) and Jacobs and Wolbers (2018) we average
out the 10 estimates from the 10 plausible values via a multiple imputation procedure. We calculated the

standard errors taking into account the within and between variance of the plausible values.

2.4.1.2 Dependent variables
At the individual level, we include gender, age, age squared, educational attainment in four categories

(lower secondary or less, upper secondary, post-secondary, tertiary), parental education attainment in
four categories (neither parent obtained upper secondary degree, at least one parent obtained upper
secondary degree, at least one parent obtained tertiary degree, don't know), migration status (non-
migrants and migrants) and literacy proficiency. The latter is obtained in the same manner as the ICT skills
with the PIAAC questionnaire, though we use the posterior mean of the literacy domain of the test (see
OECD, 2019c). Furthermore, we construct an index of ICT use in daily life and an index of ICT use at work.
For the former index, we average seven Lickert scored items (from 1=never to 5=every day) on the
guestion how often one uses the computer to have real-time discussions, program language, Word,
spreadsheets, and the internet to conduct transactions, to look up information on health, finances or
environmental issues or for e-mail (Cronbach’s Alpha: 0.6741). With regard to our index on ICT at work,
the items are using the same wording, except for item on the searching for information that now is on
searching for issues related to work (Cronbach’s Alpha: 0.7477). As these questions on job-related ICT use
require to have used a computer at the job (and about 20% did not use a computer at one’s job), we still
include the latter group of people by giving them a 1 on this scale (“never” category). Lastly, participation
in formal or non-formal adult education or training is derived from separate questions on participation in
either type of education or training in the last 12 months before they set out the survey. The elements
are later combined, having either not participated (=0), participated (=1), or for those in the last 12 months
who were (partly) still in formal education (=2). All our individual-level variables are derived from the

PIAAC data.

Our macro-level variables we derived from different data sources, as indicated below®. For ICT

infrastructure and ICT services, we built indices consisting of several variables. For adult education, we

5 Most country-level characteristics are a yearly statistic and are matched with the year in which the survey has been administered. This could be
different between respondents, as the PIAAC rounds are administered in different years . For some indicators this was not possible and a
statistics from a different year has been matched. As digitally applying for a job was surveyed every other year, the percentage has been
averaged over the adjacent two years (e.g. for 2012, the average of 2011 and 2013 has been taken). The same holds for internet access in 2014,
whereas the internet access for those surveyed in 2017 have also been used for those surveyed in 2018. One underlying variable in the factor
score of the country's daily ICT use, about making an online appointment with a practitioner, uses the statistics for both the year prior as the year
in which PIAAC has been administered. For the indicator about the countries training participation the statistic for 2011 is used for countries that
administered their PIAAC survey in 2011, 2012 and 2013. The statistic in 2016 has been used for survey years 2014, 2015, 2016, 2017 and 2018.
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use a single indicator, and for gender equality we use an already existing index. For the technical skill

demand, we use three separate indicators all measuring different aspects of skill demand.

ICT infrastructure (standardized index). To capture a country’s ICT infrastructure, we use three indicators
derived from OECD Statistics that we combined to an index: broadband subscriptions per 100 inhabitants
(OECD, 2021c), computer access and internet access (OECD, 2021a). We construct a standardised index

with a mean of 0 and a standard deviation of 1 (Cronbach’s Alpha 0.9395).

Governmental and private ICT services (standardized index; usage). To capture ICT usage on the macro-
level we used four variables derived from the European Commission (2021a, 2021b, 2021c, 2021d) that
we combined into an index: the extent to which people (aged 16-74) use a digital form in contact with
public authorities in the last 12 months, used online banking in the last 3 months, make an online
appointment with a practitioner via a website in the last 3 months and search and apply for a job digitally
in the last 3 months. All four underlying factors, just as the averaged index (Cronbach’s Alpha: 0.8056) are

expressed as a percentage ranging from 0 to 100.

Adult education. We use one indicator to capture the participation in a country’s adult education system:
derived from the Adult Education Survey by Eurostat (2021b), we use the percentage of formal and non-

formal education and training of adults between 25-64 years old in the 12 months prior to the interview.

Technical skills demand. To capture a country’s technical skills demand, we use three indicators. First, the
average index of shortage of engineering and technology knowledge and technical skills at the labour
market (OECD, 2021b) and has a theoretical range from -1 to +1, whereby the maximum value reflects
the strongest shortage observed across OECD countries. Second, we create five quintiles of employment
in the high- and medium-high technology manufacturing and knowledge-intensive services (Eurostat,

2021a). Third, we use the percentage of ICT-related imports of all imported goods (Worldbank, 2021).

Gender equality. To capture broader cultural differences between countries, we include the Gender
Inequality Index as derived by the United Nations Development Programme (2021), which comprises
inequality in achievements between women and men in three dimensions: reproductive health,
empowerment, and the labour market. A 0 reflects the situation in which women and men are equal, and

a 1 reflects the situation where one gender is maximally unequal in all measured dimensions.
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2.5  Analytical strategy
To test our hypotheses, we proceed in four general steps: estimation of (1) a null model, (2) individual-

level indicators, (3) step-wise models of country-level indicators, and (4) cross-level interaction models.
Second, we estimate proficiency in ICT skills using multilevel mixed-effects models and whether the
proficiency differs on individual-level characteristics. Third, we estimate the effect of different country-
level contexts on individuals’ ICT skills. We do this by estimating the country-level coefficients separately
before a model with all indicators together. Fourthly, we assess whether the effect of various country-
level characteristics vary over composition indicators, including education to test our hypothesis 6¢ (the
positive relationships between demand for technical skills need and ICT usage and ICT skills should be

driven by the highly educated) (for a detailed analytical strategy see Appendix 2).

2.6. Results

2.6.1 Descriptive results
In Table 1 we show descriptive statistics of the variables that we include in our analyses, for all countries

separate and for the complete analytical sample. These variables are obtained by using replicate weighted
adjustments. The correlation matrix and the matrices for each country separately are found in Appendix

3 and 4.

Our overall average ICT skill score is 281.96 for the countries and the respondents in our analytical sample.
Compared to the average of all countries which administered the ICT skill test, which is 276.38, the
average of our sample is higher. This is both due to country selection and due to respondents in the
countries that have a job. The average age of our sample is 40.03 years, and our sample consists of 47%
of women. About 40% obtained an upper secondary degree, 43% obtained a form of a tertiary degree,
and 28% of the respondents indicate that at least one parent obtained a tertiary degree as well. About
10% of the sample are migrants. The factor score of ICT use in daily life on a scale from 1 to 5 was 2.74,
and the factor score of ICT at work on a scale from 1 to 5 was 2.54. Assessing these numbers, our sample
is a positive selection of the general population. With regard to the differences in ICT skills across
countries, one can see in Figure 2 that Sweden is on top equalling the average proficiency over all

countries, while Greece is at the bottom.
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Table 1. Descriptive statistics of the variables concerned in the multivariate analyses.

Age
Age squared

Lower secondary or less
(ISCED 1.2. 3C short or less)
Upper secondary (ISCED 3A-
B. Clong)

Post-secondary. non-tertiary
(ISCED 4A-B-C)

Tertiary (ISCED 5/6)

Participated in formal or
non-formal AET in 12
months preceding survey
(No)

Participated in formal or
non-formal AET in 12
months preceding survey
(Yes)

Participated in formal or
non-formal AET in 12
months preceding survey
(Still in formal initial
education)

Gender (=1 female)

Factor score ICT use daily
life
Factor score ICT use at work

Migration status (= 1
migrants)

Neither parent has attained
upper secondary

At least one parent has
attained secondary and
post-secondary. non-
tertiary

At least one parent has
attained tertiary

Parental education: Don't
know

Literacy scale score -
Posterior mean

ICT Skill Score - Replicate
sampling

ICT infrastructure
(standardized index)
Governmental and private
ICT services (standardized
index; usage)

Adult education: %
participate in adult learning
Technical skills demand 1:
Average index of shortage
of engineering and
technology knowledge and
technical skills at the labour
market

Technical skills demand 2:
Quintiles of working in the
high- and medium-high
technology manufacturing
and knowledge-intensive
services

Technical skills demand 3: %
of ICT goods of all the
country’s import

Gender equality index

TOTAL
mean
40.03
1730.88
0.10

0.40

0.07

0.43
0.34

0.63

0.03

0.47
2.74

2.54
0.10

0.25

0.44

0.28

0.03

28291

281.96

0.01

30.46

45.86

0.04

297

8.40

0.11

(N=52392)
sd

11.35
935.10
0.30

0.49
0.25

0.50
0.47

0.48

0.18

0.50
0.65

1.08
0.30

043

0.50

0.45
0.18
38.79
42.83
0.95

10.92

13.84

0.10

141

3.25

0.06

min
16.00
256.00
0

0

121.68

73.06

-1.62

14.44

16.70

-0.15

3.10

0.05

max
65.00
4225.00
1

412.19

488.72

1.54

51.16

71.80

0.18

5.00

15.82

0.26

AUT
mean
3891
1637.39
0.10

0.53

0.14

0.24
037

0.60

0.03

0.47
2.60

2.51
0.15

0.19

0.57

0.22

0.02

280.66

285.76

-0.52

24.68

48.20

0.02

5.01

0.10

(N=2726)
sd

11.10
872.90
0.30

0.50
0.34

0.43
0.48

0.49

0.17

0.50
0.64

1.02
0.36

0.40

0.49

0.41
0.13
35.03

36.34

BELL
mean
41.03
1800.90
0.08

0.39

0.04

0.50
0.39

0.60

0.02

0.46
2.70

2.58
0.06

0.32

0.38

0.27

0.03

287.36

283.58

-0.07

27.75

37.70

-0.11

3.00

3.29

0.09

(N=2794)
sd

10.85
901.21
0.27

0.49
0.20

0.50
0.49

0.49

0.13

0.50
0.60

1.02
0.24

0.47

0.49

0.45
0.17
37.96

42.07

CZE
mean
38.79
1620.14
0.04

0.66

0.03

0.27
033

0.65

0.02

0.40
2.87

2.50
0.04

0.05

0.76

0.17

0.02

280.77

284.85

-1.10

17.77

37.10

0.18

5.00

15.34

0.12

(N=2499)
sd

10.76
882.44
0.19

0.47
0.18

0.44
0.47

0.48

0.13

0.49
0.61

1.10
0.21

0.23

043

038
0.14
35.67

44.81

DEU
mean
41.72
1865.27
0.06

0.46

0.08

041
0.35

0.63

0.02

0.44
2.66

2.46
0.17

0.07

0.52

037

0.04

279.16

283.96

0.55

21.84

50.20

0.06

5.00

7.98

0.05

(N=2988)
sd

11.15
928.03
0.23

0.50
0.27

0.49
0.48

0.48

0.15

0.50
0.63

1.02
0.37

0.25

0.50

0.48
0.20
40.19

42.66

DNK
mean
42.88
1966.44
0.13

0.38

0.02

0.47
0.23

0.75

0.02

0.48
293

2.75
0.08

0.29

0.38

0.32

0.01

282.44

285.53

131

50.40

58.50

0.13

3.46

7.99

0.06

(N=4158)
sd

11.32
967.88
0.34

0.49
0.13

0.50
0.42

0.43

0.14

0.50
0.62

1.02
0.27

0.45

0.49

0.47
0.08
36.20

40.50

Source: PIAAC First Cycle
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Table 1. Descriptive statistics of the variables concerned in the multivariate analyses (continued)

EST (N=3613) FIN (N=3132) GBRE (N=2786) GBRN (N=1786) GRC (N=1643) HUN (N=2764) IRL (N=2404)
mean sd mean sd mean sd mean sd mean sd mean sd mean sd
Age 38.69 11.25 41.42 11.61 39.78 11.94 37.93 11.60 38.59 10.04 40.66 11.14 3761 10.60
Age squared 1623.44  920.50 1850.10 971.18 172481 974.87 1573.32  926.89 1589.77 798.47 1777.79 931.60 1527.14 850.18
Lower secondary or less 0.08 0.27 0.07 0.26 0.14 0.35 0.17 0.38 0.14 0.35 0.08 0.27 0.09 0.29
(ISCED 1.2. 3C short or
less)
Upper secondary (ISCED 0.35 0.48 0.37 0.48 0.38 0.49 0.37 0.48 0.32 0.47 0.35 0.48 0.20 0.40
3A-B. Clong)
Post-secondary. non- 0.06 0.24 0.05 0.21 0.00 0.05 0.00 0.00 0.10 0.30 0.16 0.36 0.17 0.38
tertiary (ISCED 4A-B-C)
Tertiary (ISCED 5/6) 0.51 0.50 0.52 0.50 0.47 0.50 0.46 0.50 0.43 0.50 0.42 0.49 0.53 0.50
Participated in formal or 0.30 0.46 0.21 0.40 0.30 0.46 0.31 0.46 0.63 0.48 0.51 0.50 0.30 0.46
non-formal AET in 12
months preceding survey
(No)
Participated in formal or 0.65 0.48 0.77 0.42 0.65 0.48 0.63 0.48 0.35 0.48 0.47 0.50 0.66 0.48
non-formal AET in 12
months preceding survey
(Yes)
Participated in formal or 0.04 0.20 0.03 0.16 0.05 0.22 0.06 0.24 0.02 0.15 0.02 0.15 0.05 0.21
non-formal AET in 12
months preceding survey
(Still in formal initial
education)
Gender (=1 female) 0.52 0.50 0.50 0.50 0.46 0.50 0.48 0.50 0.40 0.49 0.47 0.50 0.51 0.50
Factor score ICT use daily 2.81 0.62 2.76 0.57 2.74 0.66 2.60 0.68 239 0.73 2.70 0.72 273 0.68
life
Factor score ICT use at 2.56 116 2.61 0.96 2.65 1.10 2.54 1.09 2.12 1.09 2.48 116 2.59 111
work
Migration status (= 1 0.20 0.40 0.03 0.17 0.17 0.38 0.07 0.26 0.06 0.25 0.03 0.18 0.19 0.39
migrants)
Neither parent has 0.17 0.38 0.36 0.48 0.18 0.39 0.28 0.45 0.55 0.50 0.19 0.39 0.39 0.49
attained upper secondary
At least one parent has 0.40 0.49 0.42 0.49 0.39 0.49 0.45 0.50 0.27 0.45 0.54 0.50 0.33 0.47
attained secondary and
post-secondary. non-
tertiary
At least one parent has 0.39 0.49 0.20 0.40 0.24 0.43 0.19 0.39 0.17 0.38 0.27 0.44 0.25 0.43
attained tertiary
Parental education: Don't 0.04 0.19 0.02 0.12 0.18 0.39 0.08 0.26 0.00 0.02 0.00 0.07 0.03 0.17
know
Literacy scale score - 281.09 38.72 298.87 38.99 284.73 40.76 281.45 38.72 253.98 39.98 279.21 33.84 282,51 37.85
Posterior mean
ICT Skill Score - Replicate 276.44 42.53 290.26 40.79 287.53 39.90 28231 38.89 257.59 51.44 281.76 40.29 281.19 38.99
sampling
ICT infrastructure -0.91 0.36 0.43 0.49 -1.22 0.07 -0.41
(standardized index)
Governmental and private  37.56 44.20 22.87 24.60 16.55 28.23 25.51
ICT services (standardized
index; usage)
Adult education: % 49.90 55.70 35.80 35.80 16.70 55.70 24.40
participate in adult
learning
Technical skills demand 1: -0.15 0.13 0.12 0.12 -0.04 -0.10 0.11

Average index of shortage

of engineering and

technology knowledge and

technical skills at the

labour market

Technical skills demand 2: 2.00 4.00 2.00 2.00 1.00 5.00 3.00
Quintiles of working in the

high- and medium-high

technology manufacturing

and knowledge-intensive

services

Technical skills demand 3: 11.10 7.08 8.04 7.88 431 12.52 8.32
% of ICT goods of all the

country’s import

Gender equality index 0.16 0.08 0.21 0.21 0.14 0.26 0.12

Source: PIAAC First Cycle

108



Table 1. Descriptive statistics of the variables concerned in the multivariate analyses (continued)

LTU (N=2509) NLD (N=3255) NOR (N=3168) POL (N=2887) SVK (N=2097) SVN (N=2367) SWE (N=2816)
mean sd mean sd mean sd mean sd mean sd mean sd mean sd
Age 3891 11.78 41.25 11.74 41.46 11.86 35.93 10.25 37.97 10.55 40.12 9.56 41.76 12.18
Age squared 1653.11 94531 1839.53 977.74 1859.57 1000.84 1395.85 810.84 1552.81 845.74 1700.76  789.34 1892.36 1026.18
Lower secondary or less 0.04 0.20 0.20 0.40 0.16 0.36 0.03 0.17 0.03 0.17 0.07 0.26 0.12 0.32
(ISCED 1.2. 3C short or
less)
Upper secondary (ISCED 0.33 0.47 0.40 0.49 0.28 0.45 0.39 0.49 0.62 0.48 0.54 0.50 0.43 0.49
3A-B. Clong)
Post-secondary. non- 0.20 0.40 0.00 0.00 0.10 0.31 0.06 0.24 0.01 0.09 0.00 0.00 0.09 0.29
tertiary (ISCED 4A-B-C)
Tertiary (ISCED 5/6) 0.42 0.49 0.40 0.49 0.46 0.50 0.52 0.50 0.34 0.47 0.39 0.49 0.36 0.48
Participated in formal or 0.48 0.50 0.24 0.43 0.26 0.44 0.38 0.48 0.46 0.50 0.36 0.48 0.25 0.43
non-formal AET in 12
months preceding survey
(No)
Participated in formal or 0.46 0.50 0.72 0.45 0.71 0.45 0.57 0.50 0.52 0.50 0.64 0.48 0.72 0.45
non-formal AET in 12
months preceding survey
(Yes)
Participated in formal or 0.06 0.23 0.03 0.18 0.03 0.17 0.05 0.22 0.02 0.16 0.01 0.08 0.03 0.17
non-formal AET in 12
months preceding survey
(Still in formal initial
education)
Gender (=1 female) 0.51 0.50 0.46 0.50 0.47 0.50 0.45 0.50 0.44 0.50 0.46 0.50 0.47 0.50
Factor score ICT use daily 2.54 0.72 2.82 0.58 2.83 0.56 2.73 0.69 2.79 0.71 2.78 0.65 2.74 0.59
life
Factor score ICT use at 213 1.16 2.68 0.99 271 0.96 243 111 243 1.14 2.55 1.11 2.55 0.96
work
Migration status (= 1 0.03 0.18 0.10 0.31 0.11 0.31 0.00 0.07 0.02 0.15 0.14 0.35 0.15 0.36
migrants)
Neither parent has 0.25 0.43 0.47 0.50 0.24 0.43 0.11 0.31 0.14 0.34 0.24 0.43 0.36 0.48
attained upper secondary
At least one parent has 0.21 0.41 0.27 0.44 0.41 0.49 0.67 0.47 0.69 0.46 0.54 0.50 0.24 0.43
attained secondary and
post-secondary. non-
tertiary
At least one parent has 0.53 0.50 0.25 0.43 0.35 0.48 0.21 0.41 0.17 0.38 0.20 0.40 0.36 0.48
attained tertiary
Parental education: Don't 0.01 0.10 0.01 0.12 0.01 0.11 0.01 0.12 0.00 0.06 0.01 0.12 0.04 0.19
know
Literacy scale score - 27356 36.95 29375 3896 28834 3791 281.41 3831 28472 30.69 267.58  40.15 292,64 3851
Posterior mean
ICT Skill Score - Replicate 260.96 44.89 290.03 39.10 288.44 39.13 275.52 48.37 282.57 37.01 268.31 47.97 290.54 42.16
sampling
ICT infrastructure -1.24 151 117 -1.52 -1.02 -0.49 0.93
(standardized index)
Governmental and private 29.13 39.96 42.64 14.95 19.25 19.99 41.48
ICT services (standardized
index; usage)
Adult education: % 27.90 59.30 60.00 24.20 41.60 46.10 71.80
participate in adult
learning
Technical skills demand 1: 0.06 0.00 0.13 0.08 0.10 -0.06 -0.09

Average index of shortage

of engineering and

technology knowledge and

technical skills at the

labour market

Technical skills demand 2: 1.00 1.00 1.00 3.00 5.00 4.00 2.00
Quintiles of working in the

high- and medium-high

technology manufacturing

and knowledge-intensive

services

Technical skills demand 3: 4.24 12.71 6.96 7.63 12.92 3.75 10.35
% of ICT goods of all the

country’s import

Gender equality index 0.16 0.05 0.07 0.14 0.17 0.08 0.06

Source: PIAAC First Cycle
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Figure 2. Country ICT skills averages
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Figure 3. Country Level Effects
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TECHNEQUALITY Deliverable D3.3

2.6.2 Multivariate results
Our multilevel random intercept regression analyses (see Table 2) show a grand mean of ICT skills

estimated within the null model of 280.80, with a country level variance of about 87.83 and an individual
(or residual) level variance of 1762.30. Calculating the intraclass correlation — (87.83 / (87.83 + 1762.30))

=0.047 — shows that there is reason to assume clustering and thus a need for multilevel modelling.

In all our models, we run one estimation with and one without including ICT use at home and the
workplace, as our theoretical model indicates (see hypothesis 3: The positive association between literacy
skills and ICT skills is partly mediated by ICT use at work and in everyday life). As the individual level
composition indicators are estimated in the second model, both the variance at the individual level and
at the country level are reduced. The individual-level variance has been reduced by 59.8%, and the
country-level variance by 70.6%. This means that there are composition effects that explain differences

between countries in ICT skills.

Hypothesis 1: The more intense an individual's ICT use at work and in everyday life, the higher his or her
ICT skills In Model 3, we include individual ICT use at home and at work, resulting in a further variance
reduction: at the country level, a further 17.3% of the variance is explained compared to Model 2, and at
the individual level, a further 3.4%. The positive correlation between ICT use at home and at work with

ICT skills (b=4.833 and b=3.537, respectively) supports our first hypothesis.

In line with previous findings reported above, the composition variables itself show higher ICT skills for
men and younger respondents. We find no relationship between the respondents' own educational level

and their ICT skills, but a positive relationship between the respondents' parental education and ICT skills.

Hypothesis 2: The higher an individual's literacy skills, the higher his or her ICT skills. In model 2, we see
that literacy proficiency does correlate positively with ICT skills (b=0.778), supporting our second

hypothesis.

Hypothesis 3: The positive association between literacy skills and ICT skills is partly mediated by ICT use at
work and in everyday life In addition, model 3 indicates that literacy proficiency is mediated by the
inclusion of ICT use (b=0.737), supporting our third hypothesis. In Appendix 5, a regression with ICT use

at home and work is positively related, thus completing the mediation.

m This project has received funding from the European Union’s Horizon 2020 research and innovation programme under grant agreement no. 822330
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TECHNEQUALITY Deliverable D3.3 ... Jeshnequalty

Table 2. Main Regression Models

(1) () @3) (4) (5) (6) (7) (8) )
Gender (=1 Female) -3.246%** -2.596%** -3.240%** -2.594%** -3.246%** -2.595%** -3.248%** -2.508%**
(0.631) (0.623) (0.632) (0.624) (0.631) (0.624) (0.631) (0.623)
Age -0.505%** -0.606*** -0.509*** -0.608*** -0.505%** -0.606*** -0.505*** -0.605***
(0.147) (0.157) (0.147) (0.157) (0.147) (0.157) (0.147) (0.157)
Age squared -0.000449 0.000744 -0.000408 0.000767 -0.000448 0.000748 -0.000462 0.000733
(0.00180) (0.00190) (0.00181) (0.00191) (0.00181) (0.00191) (0.00181) (0.00191)
Upper secondary (ISCED 3A-B, C long) 1.579 0.607 1.623 0.651 1.576 0.597 1.584 0.612
(1.451) (1.425) (1.443) (1.418) (1.452) (1.428) (1.450) (1.424)
Post-secondary, non-tertiary (ISCED 4A-B-C) 2.476 0.580 2.561 0.663 2.475 0.573 2.486 0.591
(2.031) (1.885) (2.030) (1.883) (2.031) (1.885) (2.030) (1.884)
Tertiary (ISCED 5/6) 4.314%** 0.412 4.382%** 0.489 4.312%** 0.402 4.326%** 0.425
(1.288) (1.244) (1.288) (1.238) (1.290) (1.247) (1.290) (1.245)
At least one parent has attained secondary and post-
secondary, non-tertiary 2.374** 1.705* 2.386** 1.721* 2.373*%* 1.702* 2.376** 1.706*
(0.804) (0.789) (0.800) (0.786) (0.803) (0.788) (0.807) (0.793)
At least one parent has attained tertiary 4.021%** 2.582** 4.000%** 2.572** 4,022%** 2.584%* 4.017*** 2.578**
(1.086) (0.958) (1.086) (0.958) (1.089) (0.960) (1.087) (0.959)
Parental education: Don't know 1671 1.562 1.672 1.564 1.667 1.552 1.676 1.566
(1.778) (1.773) (1.760) (1.760) (1.778) (1.777) (1.774) (1.770)
Migration status (= 1 migrants) -1.243 -1.413 -1.279 -1.443 -1.241 -1.407 -1.247 -1.417
(1.468) (1.654) (1.474) (1.658) (1.471) (1.657) (1.468) (1.654)
Literacy scale score - Posterior mean 0.778%** 0.737*** 0.777*** 0.737*** 0.778%** 0.737*** 0.778*** 0.737***
(0.0156) (0.0170) (0.0154) (0.0169) (0.0156) (0.0170) (0.0155) (0.0170)
FNF AET in 12 months preceding survey (Yes) 2.980*** 1.256 2.997*** 1.273 2.980*** 1.255 2.973%** 1.249
(0.691) (0.694) (0.687) (0.690) (0.691) (0.694) (0.690) (0.694)
FNF AET in 12 months preceding survey (Still in
formal initial education) 4.639** 3.155 4.672%* 3.184 4.638%* 3.151 4.636%* 3.152
(1.707) (1.912) (1.720) (1.920) (1.705) (1.906) (1.708) (1.913)
Factor score ICT use daily life 4,833%** 4.814%** 4.836%** 4.830%**
(0.741) (0.740) (0.742) (0.741)
Factor score ICT use at work 3.537%** 3.521%** 3.539%** 3.537%**
(0.392) (0.387) (0.393) (0.392)
ICT infrastructure (standardized index) 6.046*** 4.880**
(1.678) (1.557)
Governmental and private ICT services (standardized
index; usage) -0.0290 -0.0816
(0.161) (0.147)
Adult education: % participate in adult learning 0.166* 0.139*
(0.0718) (0.0662)
Technical skills demand 1: Average index of shortage
of engineering and technology knowledge and
technical skills at the labour market
Technical skills demand 2: Quintiles of working in the
high- and medium-high technology manufacturing
and knowledge-intensive services
Technical skills demand 3: % of ICT goods of all the
country’s import
Gender inequality index
_cons 280.8*** 77.33%** 72.28%** 78.21%** 73.01%** 78.18*** 74.67*** 69.99%** 66.15%**
(2.290) (5.858) (5.902) (5.346) (5.475) (7.478) (7.402) (7.594) (7.335)
Var(_cons) 87.83%** 25.83%** 21.36%** 25.10%** 19.25%** 26.63*** 23.08*** 20.08*** 17.32%**
(34.59) (11.29) (8.555) (10.09) (7.191) (11.74) (9.359) (7.383) (5.732)
Var(Residual) 1762.3*** 709.2%** 685.0%** 708.4%** 684.5%** 709.2%** 685.0%** 709.2%** 685.0%**
(70.42) (53.94) (51.74) (53.68) (51.53) (53.94) (51.73) (53.95) (51.74)
N 52392 52392 52392 52392 52392 52392 52392 52392 52392

Standard errors in parentheses; Models are weighted - PSTRE proficiency obtained by normalized final weights; Plausible values are estimated
with multiple imputation techniques; * p<0.05; ** p<0.01; *** p<0.001; Source: PIAAC First Cycle

“ This project has received funding from the European Union’s Horizon 2020 research and innovation programme under grant agreement no. 822330
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Table 2. Main Regression Models (continued)

(10) (11) (12) (13) (14) (15) (16) (17) (18) (19)
Gender (=1 Female) -3.246**%* -2.596*** -3.246%** -2.596*** -3.246%** -2.596*** -3.247*** -2.596%** -3.236**%* -2.589***
(0.631) (0.623) (0.631) (0.623) (0.631) (0.623) (0.631) (0.623) (0.634) (0.627)
Age -0.505*** -0.606*** -0.505%** -0.606*** -0.505%*** -0.606%** -0.505*** -0.606*** -0.511%** -0.611%**
(0.147) (0.156) (0.147) (0.157) (0.147) (0.157) (0.147) (0.157) (0.148) (0.158)
Age squared -0.000450 0.000744 -0.000449 0.000743 -0.000447 0.000742 -0.000450 0.000743 -0.000391 0.000794
(0.00180) (0.00190) (0.00180) (0.00191) (0.00181) (0.00191) (0.00180) (0.00190) (0.00182) (0.00192)
Upper secondary (ISCED 3A-B, C long) 1.579 0.606 1.579 0.604 1.581 0.605 1.581 0.608 1.598 0.620
(1.451) (1.425) (1.450) (1.425) (1.449) (1.423) (1.451) (1.426) (1.446) (1.422)
Post-secondary, non-tertiary (ISCED 4A-B-C) 2477 0.580 2.477 0.578 2.479 0.579 2.481 0.584 2.555 0.661
(2.031) (1.885) (2.031) (1.886) (2.029) (1.885) (2.031) (1.886) (2.032) (1.884)
Tertiary (ISCED 5/6) 4.315%** 0.412 4.315%** 0.411 4.316%** 0.411 4.318%** 0.416 4.361%** 0.464
(1.288) (1.244) (1.288) (1.244) (1.287) (1.243) (1.290) (1.246) (1.287) (1.240)
At least one parent has attained secondary and
post-secondary, non-tertiary 2.373*%* 1.704* 2.374** 1.702* 2.374** 1.704* 2.377*%* 1.708* 2.382%* 1.710*
(0.804) (0.790) (0.802) (0.789) (0.805) (0.790) (0.804) (0.790) (0.793) (0.779)
At least one parent has attained tertiary 4.021%** 2.581** 4.021%** 2.580%* 4.020%** 2.582%* 4.022%** 2.583** 4.008*** 2.578%*
(1.086) (0.958) (1.084) (0.956) (1.085) (0.957) (1.086) (0.958) (1.085) (0.957)
Parental education: Don't know 1.670 1.561 1.671 1.560 1.670 1.562 1.677 1.568 1.627 1.515
(1.779) (1.774) (1.776) (1.771) (1.777) (1.774) (1.776) (1.772) (1.774) (1.774)
Migration status (= 1 migrants) -1.242 -1.412 -1.243 -1.410 -1.243 -1.413 -1.245 -1.415 -1.253 -1.418
(1.468) (1.655) (1.470) (1.656) (1.468) (1.654) (1.468) (1.654) (1.479) (1.665)
Literacy scale score - Posterior mean 0.778*** 0.737*** 0.778%** 0.737*** 0.778%** 0.737*** 0 0 0.777*** 0.737***
(0.0156) (0.0170) (0.0156) (0.0170) (0.0156) (0.0170) () () (0.0154) (0.0169)
FNF AET in 12 months preceding survey (Yes) 2.979%** 1.255 2.980%*** 1.256 2.981*** 1.254 4.638%* 3.153 3.011%** 1.286
(0.692) (0.694) (0.691) (0.694) (0.690) (0.694) (1.708) (1.913) (0.689) (0.691)
FNF AET in 12 months preceding survey (Still in
formal initial education) 4.639%* 3.154 4.639** 3.154 4.639** 3.155 0.778%** 0.737*** 4.670%* 3.184
(1.707) (1.912) (1.707) (1.912) (1.708) (1.911) (0.0156) (0.0170) (1.708) (1.904)
Factor score ICT use daily life 4.833*** 4.834%** 4.833%** 4.833*** 4.815%**
(0.741) (0.741) (0.741) (0.741) (0.738)
Factor score ICT use at work 3.537*** 3.537*** 3.537%** 3.537%** 3.527***
(0.392) (0.392) (0.390) (0.392) (0.387)
ICT infrastructure (standardized index) 8.421%** 7.431%**
(1.944) (1.893)
Governmental and private ICT services
(standardized index; usage) -0.322* -0.342**
(0.131) (0.123)
Adult education: % participate in adult learning -0.0930 -0.0677
(0.160) (0.156)
Technical skills demand 1: Average index of
shortage of engineering and technology
knowledge and technical skills at the labour
market 5.030 3.684 -5.457 -5.862
(9.140) (8.637) (11.27) (10.59)
Technical skills demand 2: Quintiles of working in
the high- and medium-high technology
manufacturing and knowledge-intensive services 0.0241 0.291 0.833 0.764
(0.894) (0.747) (0.720) (0.612)
Technical skills demand 3: % of ICT goods of all
the country’s import -0.0849 0.0848 0.223 0.234
(0.693) (0.607) (0.407) (0.403)
Gender inequality index -19.92 -16.77 8.690 4.514
(22.87) (21.27) (16.73) (15.36)
_cons 77.17*** 72.16%** 77.26%** 71.40%** 78.04%** 71.58%** 79.64%** T4.22%** 86.92%** 81.85%**
(5.760) (5.801) (6.537) (6.610) (8.924) (8.540) (5.702) (5.764) (7.438) (7.473)
Var(_cons) 25.58%** 21.22%** 26.04%** 20.46%** 26.97*** 21.04%** 24.52%** 20.43%** 12.60%** 10.32%**
(11.55) (8.706) (13.21) (8.681) (13.80) (8.693) (10.09) (7.629) (5.946) (5.132)
Var(Residual) 709.2%** 685.0%** 709.2%** 685.0%** 709.2%** 685.0%** 709.2%** 685.0%** 708.1%** 684.2%**
(53.94) (51.74) (53.95) (51.74) (53.95) (51.73) (53.94) (51.74) (53.62) (51.46)
N 52392 52392 52392 52392 52392 52392 52392 52392 52392 52392

Standard errors in parentheses; Models are weighted - PSTRE proficiency obtained by normalized final weights; Plausible values are estimated
with multiple imputation techniques; * p<0.05; ** p<0.01; *** p<0.001; Source: PIAAC First Cycle
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Hypothesis 4: The better a countries ICT infrastructure, the more intense the individuals' ICT use at work
and in everyday life. In models 4 and 5, we include our index for the countries’ ICT infrastructure.
Comparing the variance of model 3 — only composition variables —and model 5 — including the technical
conditions — we see a reduction at the country-level (about 10%) but not at the individual level. The
coefficients of our ICT infrastructure index are in both models positive, though smaller when we include
ICT use at the individual level (b=6.046 and b=4.880). Moreover, the table in Appendix 5 showing the
regression on the use of ICT also shows a positive association with ICT infrastructure. We understand this

as support for our fourth hypothesis.

Hypothesis 5a and 5b: We expect to find ICT use by the government and private businesses to be positively
related to ICT skills and individuals’ ICT usage. In models 6 and 7, we include our country indicator of ICT
use by the government and private businesses. The variances are virtually the same, if not higher, thus
not contributing to explaining variance at either country or individual level. The indicator of ICT use by the
government and private businesses also does not show any meaningful or statistically significant effect
(b=-0.029 and b=-0.082). However, in the full models (18/19), this indicator shows statistical significance
for ICT skills and ICT use supporting our hypotheses 5a and 5b. ICT use by the government and private
businesses does show, however, a positive relationship with the governmental and private ICT services

use (see Appendix 5), supporting our hypothesis 5b (usage).

Hypothesis 6: We expect to find a positive relationship between participation in adult education and ICT
skills. In models 8 and 9 we include our indicator for participation in adult education and training. The
variance at the country level shows a drop (18.9% compared to model 3), which translates in a positive
association between a country’s participation rate in adult education and ICT skills (b=0.139), supporting

our sixth hypothesis.

Hypothesis 7a and 7b: We expect to find a high labour market demand for technical skills to be positively
related to ICT skills and to individuals' ICT usage. Model 10 to 15 include our country-level indicators for
the technical skills demand. A shortage of engineering and technology knowledge or a technical skills
shortage at the labour market do not correlate with individuals’ ICT skills, neither does the employment
of people working in the high- and medium-high technology manufacturing and knowledge-intensive
services, nor the import of ICT goods. The variance at the country and individual level compared to model
3 drops 6%, 4.2%, and 1.4%, respectively. We thus find no support for our hypothesis 7a. We also find no
relationship between a country’s technical skills demand and individuals' ICT usage (see Appendix 5) when
it comes to the shortage of skills and employment in technological fields, therewith not supporting our
hypothesis 7b. Moreover, for ICT goods import, a negative coefficient is found, thus contradicting the

hypothesis.
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Hypothesis 8a and 8b: We expect to find a country's level of gender equality to be positively related to ICT
skills and to individuals’ ICT usage. In models 16 and 17, we take the broader cultural context into account
by adding the country's gender equality index score. Though the country level variance drops somewhat
(4.3%), the indicator does not show any statistically significant association with ICT skills nor ICT use

(Appendix 5), and hence no support for our hypotheses 8a and b®.

2.6.3 All models combined
In our final models (18 and 19), we include all country-level variables at once. Compared to a composition

model only (model 3), the variance drops by more than half (51.6%), and the indices for ICT infrastructure
and public and private ICT usage show a meaningful and statistically significant association with ICT skills.
The same holds for the gender inequality index. For the inclusion of a countries daily ICT use, the
relationship is contrary to expectation negative, meaning that the more people on average in a country
make daily use of ICT services, the lower the ICT skills on average, conditional on all other country-level
variables. We have to interpret this with caution, as the degrees of freedom at the country level are

limited as we only include 18 countries.

2.6.4 Cross-level interaction models
As can be seen in Appendix 6 and illustrated in Figures 4 below, our interaction models are showing little

traction. The effect of the country's gender equality index does not differ over the respondent’s gender,
nor does a country’s ICT infrastructure differ over the respondents’ migration status. Our index for public

and private ICT services does not vary across migration status either.

The country's average adult education participation does not differ over the educational level of the
individual. The technical skills demand at the labour market also does not differ over the individuals’
educational level and is thus not supporting our hypotheses 7c (The positive relationships between
demand for technical skills need and ICT usage and ICT skills should be driven by the highly educated.).
Whether there is a shortage of engineering and technology knowledge or technical skills shortage at the
labour market, or the percentage of people working in the high- and medium-high technology
manufacturing and knowledge-intensive services or the percentage ICT-related import does not vary over
educational level. Lastly, a country's adult education participation and daily ICT use do not vary over age
either. Our results indicate that our macro-level relationships with ICT skills and usage as presented in

Table 2 are not group-specific.

6 Conditional on all other country level indicators, the gender equality index shows a positive sign. However, we refrain from overinterpreting this
effect as the degrees of freedom at the country level are limited.
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Figure 4. Graphs of interaction effects
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2.6.5 Robustness checks

In Appendix 7, we show a complete model, only without literacy proficiency. It reveals that the null effect
of the educational level and migration status reported in Table 2 is due to the inclusion of literacy
proficiency. The size of the coefficients for gender, age and the respondent's education are substantially
smaller when literacy scores are included. For age it even flips the coefficient that was negative before
ICT skills are lower among the older on given levels of literacy). Without the inclusion of literacy scores,
older respondents show higher ICT skills, which seems to be driven by their higher literacy scores. Country-
level indicators do not show much difference, indicating to the robustness of our macro-level analyses as

presented in Table 2.

To test for country outliers, in Appendix 8, we re-ran our regression model 19 from Table 2 selecting one
country out at a time. We found no major differences caused by one country. The country-level indicator
on public and private ICT usage shows the most inconsistency, sometimes (close to) being statistically

insignificant.
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2.7 Summary and discussion

Even though an increase in ICT use and the relevance of ICT skills in work and everyday life are observable
worldwide, individuals’ ICT proficiency differs considerably across countries. While previous research
extensively investigated individual-level determinants of differences in individuals’ ICT skills, determinants
on the country-level have been either ignored or analysed only for young individuals, missing out on
knowledge about the current working population. Our paper contributes to previous research by
analysing micro- and macro-level determinants of the working populations' ICT skills across 18 European

countries.

Our findings on the micro-level support our predictions derived from practice engagement theory,
constructivist learning theories, and social cognitive theory and corroborate with previous research (e.g.,
Wicht et al., 2021; van Deursen & van Dijk, 2014; Aesaert & van Braak, 2015; Claro et al., 2012; Schleife,
2010): (1) ICT skills are positively related to ICT use at home and the workplace: (2) literacy skills can be
considered to be an essential prerequisite of ICT skills; and (3) they partly mediate the positive relationship
between ICT skills and ICT use. (2) and (3) further support the literacy hypothesis claiming that specialized
skills, such as ICT skills, strongly depend on more general cognitive skills. Our findings once again underline

the necessity of literacy skills’ incorporation to develop and improve ICT skills.

On the macro-level, we analysed five groups of indicators as potential direct or indirect (through
individuals ICT usage) determinants of adults’ ICT skills: a country's ICT infrastructure, governmental and
private ICT usage, technical skills demand, participation in adult education, and the level of gender
equality. Our findings partly support our theoretical expectations: (4) A country’s ICT infrastructure is
positively related to adults' ICT skills both directly (unexpected) and indirectly through ICT use (expected).
In line with our expectations, (5) governmental and private ICT usage is positively related to ICT skills
directly and indirectly. The same holds for (6) participation rates in adult education and ICT skills, for which
we expected to find a direct, but no indirect relationship (through ICT usage) to ICT skills. In contrast, (7)
a high labour market demand for technical skills shows no relationship to adults' ICT skills. Also, our
analyses do not show any meaningful relationship between (8) a country’s level of gender equality and

their working populations’ ICT skills.

Our results give a first hint to where policymakers could start in order to promote their working
population’s ICT skills. Just as on the micro-level, education seems to play a key role in developing ICT
skills, as indicated by the positive relationship between a country’s participation rate in adult education
and the working population’s ICT skills. While we could not analyse which type of classes adults participate
in, our findings indicate the importance of general (adult) education to develop general cognitive skills as
a prerequisite for developing more specialized skills on the macro-level. The permanent interaction of

different competencies to foster another one is in line with the ideas of practice engagement theory. The

117

Technequality



TECHNEQUALITY Deliverable D3.3

specific role of adult education in developing ICT skills of the younger generation, who could already
develop these skills during their school years, remains an open question. In addition to promoting general
cognitive competencies, it seems promising for policymakers to provide a good ICT infrastructure that,
based on our findings, can foster adults ICT usage and ICT skills. Also, an extensive usage of public and
private ICT services — including the use of digital forms with public authorities, making online
appointments with practitioners, or searching and applying for a job digitally — can be a fruitful approach
not only to reduce costs for administrative tasks but also to foster adults ICT skills. For our indicator of
gender equality, we could not find any effect on ICT use or skills, which could be due to the low variance
in gender equality across our country sample (our sample values range between 0.045 and 0.256, whereas

the average world value equals 0.463).

Our findings must be considered in the light of several shortcomings: first, we had to limit our sample to
the working population because only for them could we observe all our skill variables. This means that we
ignore the currently or permanently inactive population in the labour market, including unemployed
persons and homemakers. Yet, ICT skills of these groups might systematically differ from those of
employed adults. It could be, for instance, that a shortage of ICT skills is a determinant of unemployment.
Further research on studying the ICT skills of the non-working-population is needed. Second, we did not
have information about the courses offered in adult education across countries. Even though participation
in adult education indicates a high relevance of education and competencies in general; the importance
of specific ICT training remains unclear. Thirdly, our analyses focus on 18 European countries, comprising
a relatively small and homogenous sample concerning our macro variables. It is likely to expect that the
relationships between our macro-variables and the working populations' ICT skills show up even stronger
in a larger and more heterogeneous sample. Finally, we want to emphasize that this research is only
descriptive in its nature. A promising avenue for future research is to focus on the causal mechanisms

underlying the relationships between country-level variables and adults ICT skills

To sum up, our findings are in line with previous research on the individual level, but even though
individual-level variables explain a large amount of differences in adults' ICT skills, our study points to the
relevance of further including country factors to understand these differences better. Expanding our
research to more countries and collecting and analyzing longitudinal data can help formulate more
specific policies and interventions to foster adults ICT skills and help countries compete in our ever-

increasing digitalized realities.

118

Technequality



TECHNEQUALITY Deliverable D3.3

Literature

Aesaert, K., & van Braak, J. (2015). Gender and socioeconomic related differences in performance based
ICT competences. Computers & Education, 84, 8-25. https://doi.org/10.1016/j.compedu.2014.12.017

Bandura, A. (1971). Social learning theory. General Learning Pr.
Bandura, A. (1986). Social foundations of thought and action: A social cognitive theory. Prentice-Hall.

Bol, T., Witschge, J., Van de Werfhorst, H. G., & Dronkers, J. (2014). Curricular Tracking and Central
Examinations: Counterbalancing the Impact of Social Background on Student Achievement in 36
Countries. Social Forces, 92(4), 1545-1572. https://doi.org/10.1093/sf/sou003

Bradlow, E. T., Hoch, S. J., & Wesley Hutchinson, J. (2002). An Assessment of Basic Computer Proficiency
Among Active Internet Users: Test Construction, Calibration, Antecedents and Consequences. Journal of
Educational and Behavioral Statistics, 27(3), 237—-253. https://doi.org/10.3102/10769986027003237

Bronfenbrenner, U. (1979). The ecology of human development: Experiments by nature and design.
Cambridge/Massua: Harvard UnivPress.

Buchmann, M., Buchs, H., & Gnehm, A.-S. (2020). Occupational Inequality in Wage Returns to Employer
Demand for Types of Information and Communications Technology (ICT) Skills: 1991-2017. KZfSS Koélner
Zeitschrift Fur Soziologie Und Sozialpsychologie, 72(S1), 455—482. https://doi.org/10.1007/s11577-020-
00672-5

Bynner, J., Reder, S., Parsons, S., & Strawn, C. (2008). The Digital Divide: Computer Use, Basic Skills and
Employment. A Comparative Study in Portland, USA and London, England. National Research and
Development Centre, Universty of London. https://discovery.ucl.ac.uk/id/eprint/1566241/

Chohan, S. R., & Hu, G. (2020). Strengthening digital inclusion through e-government: Cohesive ICT
training programs to intensify digital competency. Information Technology for Development, 1-23.
https://doi.org/10.1080/02681102.2020.1841713

Claro, M., Preiss, D. D., San Martin, E., Jara, |., Hinostroza, J. E., Valenzuela, S., Cortes, F., & Nussbaum, M.
(2012). Assessment of 21st century ICT skills in Chile: Test design and results from high school level
students. Computers & Education, 59(3), 1042—-1053. https://doi.org/10.1016/j.compedu.2012.04.004

Compeau, D. R., & Higgins, C. A. (1995). Application of Social Cognitive Theory to Training for Computer
Skills. Information Systems Research, 6(2), 118-143.

Davier, M., Gonzales, E., & Mislevy, R. J. (2009). What Are Plausible Values and Why Are They Useful
(Volume 2; IERI Monograph Series: Issues and Methodologies in Large-Scale Assessments).

Degryse, C. (2016). Digitalisation of the Economy and its Impact on Labour Markets. ETUI Research Paper,
2016.02. https://doi.org/10.2139/ssrn.2730550

Desjardins, R., & Ederer, P. (2015). Socio-demographic and practice-oriented factors related to proficiency
in problem solving: A lifelong learning perspective. International Journal of Lifelong Education, 34(4),
468-486. https://doi.org/10.1080/02601370.2015.1060027

Dewey, J. (1916). Democracy and Education: An Introduction to the Philosophy of Education. Free Press.

DiMaggio, P., Hargittai, E., Celeste, C., & Shafer, S. (2004). From Unequal Access to Differentiated Use: A
Literature Review and Agenda for Research on Digital Inequality. In K. Neckerman (Ed.), Social Inequality
(pp. 355—-400). Russell Sage Foundation.

European Commission. (2021a). Appointment with a practitioner via a website. Directorate-General for
Communications Networks, Content and Technology. https://digital-agenda-data.eu/charts/analyse-
one-indicator-and-compare-countries

119

Technequality



TECHNEQUALITY Deliverable D3.3

European Commission. (2021b). Individuals submitting completed forms to public authorities, over the
internet, last 12 months. Directorate-General for Communications Networks, Content and Technology.
https://digital-agenda-data.eu/charts/analyse-one-indicator-and-compare-countries

European Commission. (2021c). Looking online for a job or sending a job application, All Individuals (aged
16-74). European Commission. https://digital-agenda-data.eu/charts/analyse-one-indicator-and-
compare-countries

European Commission. (2021d). Online banking. Directorate-General for Communications Networks,
Content and Technology. https://digital-agenda-data.eu/charts/analyse-one-indicator-and-compare-
countries

Eurostat. (2021a). Employment in high- and medium-high technology manufacturing sectors and
knowledge-intensive service sectors. [Tsc00011]. Total sex. High and medium high-technology
manufacturing. Percentage of total employment. Last update: 10-09-2021.
http://appsso.eurostat.ec.europa.eu/nui/show.do?dataset=tsc00011&lang=en

Eurostat. (2021b). Participation rate in education and training (last 4 weeks) by type, sex, age and labour
[trng_Ifs_11]. Formal and non-formal education and training. From 15 to 64 years. Population.
Percentage. Total gender.
http://appsso.eurostat.ec.europa.eu/nui/show.do?dataset=trng_Ifs_11&lang=en

Falck, O., Heimisch, A., & Wiederhold, S. (2016). Returns to ICT Skills. OECD Education Working Papers,
134(134).

Fernandez-Portillo, A., Almoddévar-Gonzalez, M., & Hernandez-Mogollén, R. (2020). Impact of ICT
development on economic growth. A study of OECD European union countries. Technology in Society,
63, 101420.

Gnambs, T.(2021). The development of gender differences in information and communication technology
(ICT) literacy in middle adolescence. Computers in Human Behavior, 114, 106533.

Grundke, R., Marcolin, L., Nguyen, T. L. B., & Squicciarini, M. (2018). Which skills for the digital era?:
Returns to skills analysis (OECD Science, Technology and Industry Working Papers No. 2018/09; OECD
Science, Technology and Industry Working Papers, Vol. 2018/09).

Hamaladinen, R., De Wever, B., Malin, A., & Cincinnato, S. (2015). Education and working life: VET adults’
problem-solving skills in technology-rich environments. Computers & Education, 88, 38—47.

Hamaladinen, R., De Wever, B., Nissinen, K., & Cincinnato, S. (2017). Understanding adults’ strong problem-
solving skills based on PIAAC. Journal of Workplace Learning, 29(7/8), 537-553.

Hargittai, E. (2010). Digital Na(t)ives? Variation in Internet Skills and Uses among Members of the “Net
Generation.” Sociological Inquiry, 80(1), 92—-113.

Hargittai, E., & Hinnant, A. (2008). Digital Inequality: Differences in Young Adults’ Use of the Internet.
Communication Research, 35(5), 602-621.

Hargittai, E., & Shafer, S. (2006). Differences in Actual and Perceived Online Skills: The Role of Gender.
Social Science Quarterly, 87(2), 432-448.

Helsper, E. J. (2012). A Corresponding Fields Model for the Links Between Social and Digital Exclusion: A
Corresponding Fields Model for Digital Exclusion. Communication Theory, 22(4), 403—426.

Herselman, M., Botha, A., Mayindi, D., & Reid, E. (2018). Influences of the Ecological Systems Theory
Influencing Technological Use in Rural Schools in South Africa: A Case Study. 2018 International
Conference on Advances in Big Data, Computing and Data Communication Systems (IcCABCD), 1-8.

Hoffmann, C. P., Lutz, C., & Meckel, M. (2015). Content creation on the Internet: A social cognitive
perspective on the participation divide. Information, Communication & Society, 18(6), 696-716.

120

Technequality



TECHNEQUALITY Deliverable D3.3

Jacobs, B., & Wolbers, M. H. J. (2018). Inequality in top performance: An examination of cross-country
variation in excellence gaps across different levels of parental socioeconomic status. Educational
Research and Evaluation, 24(1-2), 68—87.

Lane, M., & Conlon, G. (2016). The Impact of Literacy, Numeracy and Computer Skills on Earnings and
Employment Outcomes (OECD Education Working Papers No. 129; OECD Education Working Papers,
Vol. 129). https://doi.org/10.1787/5jm2cvAt4gzs-en

Livingstone, S., & Helsper, E. (2010). Balancing opportunities and risks in teenagers’ use of the internet:
The role of online skills and internet self-efficacy. New Media & Society, 12(2), 309-329.

Martzoukou, K., Fulton, C., Kostagiolas, P., & Lavranos, C. (2020). A study of higher education students’
self-perceived digital competences for learning and everyday life online participation. Journal of
Documentation, 76(6), 1413-1458.

Michaels, G., Natraj, A., & Van Reenen, J. (2014). Has ICT Polarized Skill Demand? Evidence from Eleven
Countries over Twenty-Five Years. Review of Economics and Statistics, 96(1), 60-77.

Morandini, M. C., Thum-Thysen, A., & Vandeplas, A. (2020). Facing the Digital Transformation: Are Digital
Skills Enough? (No. 054; European Economy Economic Briefs). European Commission.

Niebel, T. (2018). ICT and economic growth — Comparing developing, emerging and developed countries.
World Development, 104, 197-211.

OECD. (2009). PISA Data Analysis Manual SPSS Second Edition. OECD.
OECD. (2013). OECD Skills Outlook 2013: First Results from the Survey of Adult Skills. OECD Publishing.
OECD. (2017a). OECD Skills Outlook 2017: Skills and Global Value Chains. OECD Publishing.

OECD. (2017b). Programme for the International Assessment of Adult Competencies (PIAAC), log files.
GESIS Datenarchiv, Cologne. ZA6712 Data File Version 2.0.0.

OECD. (2019a). Chapter 2: Adults’ Proficiency in Key Information-Processing Skills. In OECD (Ed.), Skills
Matter:  Additional Results from the Survey of Adult Skills. OECD Publishing.
https://doi.org/10.1787/1f029d8f-en

OECD. (2019b). ICT skills in the workplace. In Measuring the Digital Transformation: A Roadmap for the
Future (pp. 170-171). OECD Publising. https://www.oecd-ilibrary.org/science-and-
technology/measuring-the-digital-transformation_32f9bc83-en

OECD. (2019c). The survey of adult skills: Reader’s companion (Third Edition). OECD Publishing.

OECD. (2021a). ICT Access and Usage by Households and Individuals: B1: Households with internet access
at home (%). https://stats.oecd.org/Index.aspx?DataSetCode=ICT_HH2

OECD. (2021b). Skills for jobs—Skills needs—National statistics.
https://stats.oecd.org/Index.aspx?DataSetCode=SKILLS 2018 TOTAL

OECD. (2021c). Total fixed broadband sunscriptions per 100 inhabitants.
https://stats.oecd.org/Index.aspx?DataSetCode=BROADBAND_DB

Olson, D. R. (1977). From utterance to text: The bias of language in speech and writing. Harvard
Educational Review, 47(3), 257-281.

O’Mahony, M., Robinson, C., & Vecchi, M. (2008). The impact of ICT on the demand for skilled labour: A
cross-country comparison. Labour Economics, 15(6), 1435-1450.

Owens, J., & Lilly, F. (2017). The influence of academic discipline, race, and gender on web-use skills among
graduate-level students. Journal of Computing in Higher Education, 29(2), 286-308.
https://doi.org/10.1007/s12528-017-9137-1

121

Technequality



TECHNEQUALITY Deliverable D3.3

Palczyniska, M., & Rynko, M. (2021). ICT skills measurement in social surveys: Can we trust self-reports?
Quality & Quantity, 55(3), 917-943.

Piaget, J. (1969). The psychology of the child (8. print.). Basic Books.

Picatoste, J., Pérez-Ortiz, L., & Ruesga-Benito, S. M. (2018). A new educational pattern in response to new
technologies and sustainable development. Enlightening ICT skills for youth employability in the
European Union. Telematics and Informatics, 35(4), 1031-1038.
https://doi.org/10.1016/j.tele.2017.09.014

Pinto-Bruno, A. C., Garcia-Casal, J. A., Csipke, E., Jenaro-Rio, C., & Franco-Martin, M. (2017). ICT-based
applications to improve social health and social participation in older adults with dementia. A systematic
literature review. Aging & Mental Health, 21(1), 58-65.
https://doi.org/10.1080/13607863.2016.1262818

Reder, S., Gauly, B., & Lechner, C. (2020). Practice makes perfect: Practice engagement theory and the
development of adult literacy and numeracy proficiency. International Review of Education, 66(2-3),
267-288.

Reeder, S. (1994). Practice engagement theory: A sociocultural approach to literacy across languages and
cultures. In B. Ferdman, R.-M. Weber, & A. Ramirez (Eds.), Literacy across languages and cultures (pp.
33-74). SUNY Albany Press.

Salemink, K., Strijker, D., & Bosworth, G. (2017). Rural development in the digital age: A systematic
literature review on unequal ICT availability, adoption, and use in rural areas. Journal of Rural Studies,
54, 360-371.

Scheerder, A., van Deursen, A., & van Dijk, J. (2017). Determinants of Internet skills, uses and outcomes.
A systematic review of the second- and third-level digital divide. Telematics and Informatics, 34(8),
1607-1624. https://doi.org/10.1016/j.tele.2017.07.007

Schleife, K. (2010). What really matters: Regional versus individual determinants of the digital divide in
Germany. Research Policy, 39(1), 173-185. https://doi.org/10.1016/j.respol.2009.11.003

Shrivastava, U., Ofstein, L., & Golhar, D. (2021). Direct and Indirect Effects of ICT Infrastructure, Skills, and
Use on Entrepreneurship: A Cross-Country Empirical Investigation. Journal of Global Information
Management, 29(6), 1-25. https://doi.org/10.4018/JGIM.20211101.0a48

Sims, T., Reed, A. E., & Carr, D. C. (2016). Information and Communication Technology Use Is Related to
Higher Well-Being Among the Oldest-Old. The Journals of Gerontology Series B: Psychological Sciences
and Social Sciences, 72(5), 761-770. https://doi.org/10.1093/geronb/gbw130

Spitz-Oener, A. (2006). Technical Change, Job Tasks, and Rising Educational Demands: Looking outside the
Wage Structure. Journal of labour Economics, 24(2), 235-270. https://doi.org/10.1086/499972

The World Bank Group. (2003). ICT and MDGs. A World Bank Group Perspective (No. 27877).
https://documentsl.worldbank.org/curated/en/538451468762925037/pdf/278770ICT010mdgsOComp
lete.pdf

Tijdens, K., & Steijn, B. (2005). The determinants of ICT competencies among employees. New Technology,
Work and Employment, 20(1), 60-73. https://doi.org/10.1111/j.1468-005X.2005.00144.x

United Nations Development Programme. (2021). Gender Inequality Index (Gll).
http://hdr.undp.org/en/content/gender-inequality-index-

van Deursen, A. J., & van Dijk, J. A. (2014). The digital divide shifts to differences in usage. New Media &
Society, 16(3), 507-526.

van Dijk, J. A. G. M. (2006). Digital divide research, achievements and shortcomings. Poetics, 34(4-5), 221—
235.

122

Technequality



TECHNEQUALITY Deliverable D3.3

Vlieghe, J. (2015). Traditional and digital literacy. The literacy hypothesis, technologies of reading and
writing, and the ‘grammatized’ body. Ethics and Education, 10(2), 209-226.

Walton, R., Putnam, C., Johnson, E., & Kolko, B. (2009). Skills Are Not Binary: Nuances in the Relationship
Between ICT Skills and Employability. Information Technologies & International Development, 5(2), 1-
18.

Wicht, A., Reder, S., & Lechner, C. M. (2021). Sources of individual differences in adults’ ICT skills: A large-
scale empirical test of a new guiding framework. PLOS ONE, 16(4), e0249574.
https://doi.org/10.1371/journal.pone.0249574

Witte, J. C, & Mannon, S. E. (2010). The Internet and Social Inequalities. Routledge.
https://www.routledge.com/The-Internet-and-Social-Inequalities/Witte-
Mannon/p/book/9780415963190

Worldbank. (2021). ICT goods imports (% total goods imports).
https://data.worldbank.org/indicator/TM.VAL.ICTG.ZS.UN

Yu, R. P,, Ellison, N. B., McCammon, R. J., & Langa, K. M. (2016). Mapping the two levels of digital divide:
Internet access and social network site adoption among older adults in the USA. Information,
Communication & Society, 19(10), 1445-1464.

123

Technequality



Appendix to Chapter 2

Appendix 1. Information on number of respondents.
Table A1.1. Number of respondents in year of survey administering by country

Interview year

2011 2012 2014 2015 2017 2018 Total
AUT 1791 935 0 0 0 0 2726
BELL 1737 1057 0 0 0 0 2794
CZE 1402 1097 0 0 0 0 2499
DEU 2548 440 0 0 0 0 2988
DNK 1922 2236 0 0 0 0 4158
EST 2280 1333 0 0 0 0 3613
FIN 2391 741 0 0 0 0 3132
GBRE 2212 574 0 0 0 0 2786
GBRN 1107 679 0 0 0 0 1786
GRC 0 0 1327 316 0 0 1643
HUN 0 0 0 0 1315 1449 2764
IRL 1650 754 0 0 0 0 2404
LTU 0 0 2098 411 0 0 2509
NLD 1993 1262 0 0 0 0 3255
NOR 2512 656 0 0 0 0 3168
POL 1904 983 0 0 0 0 2887
SVK 769 1328 0 0 0 0 2097
SVN 0 0 2367 0 0 0 2367
SWE 1533 1283 0 0 0 0 2816
Total 27751 15358 5792 727 1315 1449 52392

Source: PIAAC First Cycle

Table A1.2. Number of listwise deleted cases per country

Listwise In Listwise In Listwise In
deletion sample  Total deletion sample  Total deletion sample  Total
AUT 123 2726 2849 GBRE 243 2786 3029 NOR 64 3168 3232
4.32 95.68  100.00 8.02 91.98  100.00 1.98 98.02  100.00
BELL 120 2794 2914 GBRN 254 1786 2040 POL 103 2887 2990
4.12 95.88  100.00 12.45 87.55  100.00 3.44 96.56  100.00
CZE 243 2499 2742 GRC 58 1643 1701 SVK 132 2097 2229
8.86 91.14  100.00 341 96.59  100.00 5.92 94.08  100.00
DEU 179 2988 3167 HUN 200 2764 2964 SVN 94 2367 2461
5.65 94.35  100.00 6.75 93.25  100.00 3.82 96.18  100.00
DNK 111 4158 4269 IRL 224 2404 2628 SWE 125 2816 2941
2.60 97.40  100.00 8.52 91.48  100.00 4.25 95.75  100.00
EST 186 3613 3799 LTU 96 2509 2605 Total 2690 52392 55082
4.90 95.10  100.00 3.69 96.31  100.00 4.88 95.12  100.00
FIN 64 3132 3196 NLD 71 3255 3326
2.00 98.00 100.00 2.13 97.87  100.00

Source: PIAAC First Cycle
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Appendix 2: Analytical strategy
In order to test our hypotheses, we proceed in four general steps: estimation of (1) a null model, (2)

individual level indicators, (3) step-wise models of country-level indicators and (4) cross-level interaction

models.

First, we assess the variance at the country and individual level by estimating a null model, with only
allowing random intercept at the country level, as denoted in equation [1].
PSTRE; = O + Uic + We [1]

Second, we estimate proficiency in ICT skills using multilevel mixed-effects models and whether the
proficiency differs on individual level characteristics. As our theoretical model emphasizes that ICT skills

are mostly related via ICT use at home and at work, we denote two equations [2a and 2b]:

PSTRE;. = O + BlGEN DER;c + BZ'MMIGic + BgEDUCic + BsAETic + B5L|Tic + B7Cic + Ujc + W¢

[2a]
PSTRE; = 0c + BiGENDERc + B2IMMIGic + BsEDUCi + B4AETc + BsLITic + B CTUSE_ HOME; +
B7ICTUSE_WORKi. + BsCic + Uic + W [2b]

for each individual i in country c; AETi is the indicator on adult education, and LIT. is the literacy
proficiency, Cic is a vector of control variables consisting of age, age squared and parental education
attainment, vicand w are error terms at the individual and country levels. ICT at home (ICTUSE_HOME)
and at work (ICTUSE_WORK) are estimated in a separate model to check whether it mediates

relationships of individual characteristics on ICT skills.

Third, we estimate the effect of different country-level contexts on individual’s ICT skills. We do this by
estimating the country-level coefficients separately before a model with all indicators together. First, we
look at the country’s ICT infrastructure (INFRA.). Our model is based on the following equations [3a and
3b]:

PSTRE;. = Q¢+ BlGEN DERic + BZIMMIGic + BaEDUCic + B4AET]C + B5L|Tic + Bscic + B7|NFRAC + Ujc + W¢
[3a]

PSTRE;. = o + B1GENDER;c + B2IMMIGic + B3EDUCi + BsAET;c + BsLITic + BsICTUSE_HOME;. +

B7ICTUSE_WORK;. + BsCic + BoINFRA. + Ujc + W [3b]

Our next group of country-level characteristics represents public and private ICT services ICTSERVICE.:

PSTRE;. = O + BlGEN DERic + Bz“\/”VHGic + B3EDUCic + B4AET]C + B5L|Tic + Bscic + B7|CTSERV|CEC + Ujc +
W [4a]
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PSTRE; = 0 + P1GENDERc + B2IMMIGic + BsEDUCic + B4AETic + BsLITic + Bs|CTUSE._ HOME; +
B/ICTUSE._ WORKic + BsCic + BsICTSERVICE. + Uic + W [4b]

We then analyse the participation rate in adult aducation - TRNG_PART. —, estimated in the following
equations [5a and 5b]:

PSTRE;. = o+ BlGEN DERic + Bz“\/”VHGic + B3EDUCic + B4AET]C + B5L|Tic + Bscic + B7TRNG_PARTC + Ujc +
We [5a]
PSTRE; = 0 + B1GENDERc + B2IMMIGic + BsEDUCi + BaAETic + BsLITic + BsCic + B7yICTUSE_HOME;c +

A fourth group of country-level characteristics contains indicators for the technical skills demand, es

estimated in equation [6.1 to 6.3]:

PSTRE; = e + BiGENDER + B2IMMIGic + BsEDUCi + BaAETic + BsLITic + BsCic + B7SKILL_SHORT. + Uic
+ W [613]

PSTRE;. = o + B1GENDER;c + B2IMMIGic + B3EDUCi + B4AETc + BsLITic + BsCic + B7ICTUSE_HOME; +
BsICTUSE._ WORKic + BoSKILL_SHORT. + Uic + we [6.1b]

PSTRE;. = O + BlGEN DER;c + Bz“\/”VHGic + B3EDUCic + B4AET]C + B5L|Tic + Bscic + B7E|V| PL_TECHC +
BsICT_IMPORT. + Uic + W [6.2a]

PSTRE; = 0 + BiGENDERc + B2IMMIGi + BsEDUCi + BsAETic + BsLITic + BeCic + B7ICTUSE_ HOME;c +
BsICTUSE_WORK;c + BeEMPL_TECH. + Uic + we [6.2b]

PSTRE;. = O + BlGEN DERic + Bz“\/”VHGic + B3EDUCic + B4AET]C + B5L|Tic + Bscic + B7|CT_||V|PORTC + Ujic +
We [6.3a]

PSTRE; = 0 + BiGENDER + B2IMMIGic + BsEDUCi + BaAETic + BsLITic + BsCic + B7ICTUSE_HOME;c +
BsICTUSE_WORKic + BolCT_IMPORT. + Ujc + we [6.3b]

Our last country-level estimation is the countries gender equality index (GENDER_INDEX):

PSTRE; = 0 + PIGENDERc + B2IMMIGic + BsEDUCic + B4AETic + BsLITic + BsCic + B 7GENDER_INDEX, +

Uic + We [7a]
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PSTRE;. = o + B1GENDER;c + B2IMMIGic + B3EDUCi + BsAET;c + BsLITic + BsCic + B7ICTUSE_HOME; +
BsICTUSE._ WORK;c + BsGENDER_INDEXc + Uic + W [7b]

Fourthly, we assess whether the effect of various country-level characteristics vary over composition
indicators, including education to test our hypothesis 6¢ (the positive relationships between demand for
technical skills need and ICT usage and ICT skills should be driven by the highly educated). This is

depicted in a generalized manner in equation [8].
PSTRE; = ac + P1GENDERc + B2IMMIGic + B3sEDUC + B4AETic + BsLITic + BeCic + B7ICTUSE_ HOME;. +
BsICTUSE_WORK;. + BsCOUNTRY-LEVEL. + B1o0COUNTRY-LEVEL * INDIVIDUAL LEVEL;c + Uic + Wc

(8]

where the B is the coefficient that lets the country level variable change the individual level effect for

that country.
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Appendix 3. Correlation Matrix

Gender

Age

Age squared
Education
Parental
Education
Migrant

Literacy scale
score - Posterior
mean

Factor score ICT
use daily life
Factor score ICT
use at work
Participated in
formal or non-
formal AET
Average index of
shortage
Quintiles working
in technology
sector

% of ICT goods of
all the country’s
import

ICT infrastructure
(standardized
index)
Governmental and
private ICT
services
(standardized
index; usage)

% participate in
adult learning
Gender equality
index

ICT Skill
Score -
Replicate
sampling

-0,040
-0,235
-0,243
0,306
0,134
-0,088
0,758
0,367

0,388

0,184

0,053

0,032

0,077

0,140

0,086

0,125

-0,059

Gender

0,018
0,015
0,110
-0,011
-0,002
-0,004
-0,040

0,000

0,048

-0,011

-0,016

-0,009

0,004

0,030

0,011

0,003

Age

0,989
0,047
-0,175
-0,013
-0,125
-0,174

0,086

-0,256

-0,002

0,001

-0,005

0,133

0,108

0,120

-0,082

Age Educatio Parental
squared n Educatio
n
0,031
-0,173 0,095
-0,016 0,020 0,024
-0,139 0,392 0,113
-0,173 0,244 0,105
0,067 0,422 0,075
-0,216 0,104 0,085
0,001  -0,011 0,036
-0,005 -0,024 -0,017
-0,002  -0,047 0,006
0,137 -0,038 0,000
0,114 0,011  -0,058
0,124  -0,054 -0,035
-0,081 0,035 0,111

Migrant

-0,127

0,027

-0,044

-0,013

-0,052

-0,048

-0,005

0,047

0,016

0,036

-0,020

Literacy Factor

scale
score -
Posterior life
mean

0,325

0,399

0,158

0,042

-0,010

0,070

0,122

0,120

0,123

-0,066

0,433

0,194

0,045

0,023

0,083

0,081

0,089

0,088

-0,045

Factor

work

0,103

0,027

-0,001

0,027

0,105

0,082

0,081

-0,047

Participat Average

score ICT score ICT edin
use daily use at

formal or
non-
formal
AET

0,048

-0,046

0,021

0,068

0,077

0,051

-0,050

index of
shortage

0,133

0,051

0,132

-0,013

-0,185

-0,130

Quintiles % of ICT ICT Governm %
working goods of infrastruc ental and participate

in allthe  ture private  in adult
technolo country’s (standard ICT learning
gy sector import ized services
index) (standard
ized
index;
usage)
0,209
-0,193 0,087
-0,303 0,072 0,701
0,046 0,298 0,733 0,741
0,085 0,201 -0,495 -0,458 -0,452

Source: PIAAC First Cycle

Appendix 4. Correlation matrix by country

See document PIAAC_corr_w_sel_reshaped.xIsx (on request)



Appendix 5 Regression with averaged ICT use at home and at work as dependent variable

@ ) ®) 4) (5) (6) Q) 8)
Gender (=1 Female) -0.0782*** -0.0784***  -0.0784***  -0.0783*** -0.0783***  -0.0783***  -0.0783***  -0.0782***
(0.0157) (0.0157) (0.0157) (0.0157) (0.0157) (0.0157) (0.0157) (0.0157)
Age 0.0174*** 0.0175*** 0.0175%** 0.0175*** 0.0175*** 0.0174*** 0.0175*** 0.0174***
(0.00257) (0.00258) (0.00258) (0.00258) (0.00258) (0.00257) (0.00258) (0.00256)
Age squared -0.000%*** -0.000*** -0.000%*** -0.000%** -0.000%*** -0.000%** -0.000*** -0.000%***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Upper secondary (ISCED 3A-B, C long) 0.129*** 0.129*** 0.128*** 0.128*** 0.128*** 0.129%** 0.128*** 0.129***
(0.0217) (0.0216) (0.0218) (0.0217) (0.0217) (0.0216) (0.0218) (0.0216)
Post-secondary, non-tertiary (ISCED 4A- 0.251%** 0.250%** 0.249%** 0.249%** 0.249*** 0.250%** 0.249*** 0.251%**
B-C)
(0.0410) (0.0410) (0.0410) (0.0411) (0.0410) (0.0406) (0.0410) (0.0409)
Tertiary (ISCED 5/6) 0.510%** 0.510%** 0.509%** 0.509%** 0.509%** 0.510%** 0.509%** 0.511%**
(0.0475) (0.0474) (0.0476) (0.0475) (0.0475) (0.0474) (0.0475) (0.0475)
At least one parent has attained secondary 0.0812*** 0.0812*** 0.0811*** 0.0810*** 0.0811*** 0.0808*** 0.0811*** 0.0810***
and post-secondary, non-tertiary
(0.0130) (0.0129) (0.0130) (0.0130) (0.0129) (0.0130) (0.0129) (0.0130)
At least one parent has attained tertiary 0.175%** 0.176*** 0.176*** 0.176%** 0.176*** 0.176%** 0.176%** 0.175***
(0.0235) (0.0234) (0.0234) (0.0235) (0.0234) (0.0234) (0.0234) (0.0234)
Parental education: Don't know 0.0127 0.0134 0.0128 0.0127 0.0129 0.0124 0.0129 0.0128
(0.0185) (0.0188) (0.0187) (0.0187) (0.0185) (0.0187) (0.0187) (0.0185)
Migration status (= 1 migrants) 0.00358 0.00375 0.00423 0.00440 0.00414 0.00419 0.00432 0.00350
(0.0416) (0.0417) (0.0419) (0.0418) (0.0418) (0.0418) (0.0419) (0.0415)
Literacy scale score - Posterior mean 0.00505*** 0.00507*** 0.00506*** 0.00507*** 0.00507*** 0.00507*** 0.00507*** 0.00506***
(0.000283) (0.000282)  (0.000282)  (0.000281) (0.000281)  (0.000281)  (0.000281)  (0.000284)
FNF AET in 12 months preceding survey 0.218*** 0.218*** 0.218*** 0.218*** 0.218*** 0.218*** 0.218*** 0.219***
(Yes)
(0.0196) (0.0196) (0.0197) (0.0198) (0.0198) (0.0196) (0.0197) (0.0196)
FNF AET in 12 months preceding survey — 0.168** 0.168*** 0.168** 0.168** 0.168** 0.168** 0.168** 0.169***
(Still in formal initial education)
(0.0512) (0.0508) (0.0514) (0.0514) (0.0514) (0.0512) (0.0514) (0.0508)
ICT infrastructure (standardized index) 0.116*** 0.110%**
(0.0207) (0.0224)
Governmental and private ICT services 0.00680** 0.00351***
(standardized index; usage)
(0.00223) (0.00103)
Adult education: % participate in adult 0.00323* -0.000596
learning
(0.00153) (0.00299)
Technical skills demand 1: Average index 0.149 0.274
of shortage of engineering and technology
knowledge and technical skills at the
labour market
(0.186) (0.375)
Technical skills demand 2: Quintiles of -0.0195 -0.00629
working in the high- and medium-high
technology manufacturing and knowledge-
intensive services
(0.0228) (0.0244)
Technical skills demand 3: % of ICT goods -0.0324** -0.0177
of all the country’s import
(0.0112) (0.0107)
Gender inequality index -0.381 1.080*
(0.358) (0.504)
_cons 0.370*** 0.154 0.210* 0.348*** 0.412%** 0.622%** 0.397*** 0.324**
(0.0848) (0.124) (0.102) (0.0760) (0.0957) (0.113) (0.0773) (0.119)
Var(_cons) 0.0118*** 0.0116*** 0.00796***  0.00992*** 0.0124*** 0.0312*** 0.00966***  0.0197***
(0.00431) (0.00500) (0.00246) (0.00386) (0.00683) (0.0230) (0.00321) (0.0162)
Var(Residual) 0.377*** 0.377*** 0.377*** 0.377%** 0.377*** 0.377%** 0.377*** 0.377***
(0.0127) (0.0127) (0.0127) (0.0127) (0.0127) (0.0127) (0.0127) (0.0127)
N 52392 52392 52392 52392 52392 52392 52392 52392

Standard errors in parentheses; Models are weighted; * p<0.05; ** p<0.01; *** p<0.001; Source: PIAAC First Cycle



Appendix 6. Interaction effects

Gender (=1 Female) -1.617 -2.993*%* -2.599%**
(0.893) (0.928) (0.623)
Age -0.607*** -0.505%** -0.601***
(0.156) (0.147) (0.158)
Age squared 0.000760 -0.000447 0.000644
(0.00190)  (0.00180)  (0.00193)
Upper secondary (ISCED 3A-B, C long) 0.613 1.583 0.657
(1.423) (1.449) (1.420)
Post-secondary, non-tertiary (ISCED 4A-B-C) 0.596 2.485 0.710
(1.887) (2.032) (1.882)
Tertiary (ISCED 5/6) 0.416 4.320%** 0.534
(1.245) (1.288) (1.239)
At least one parent has attained secondary and post- 1.707* 2.377** 1.690*
secondary, non-tertiary
(0.789) (0.804) (0.787)
At least one parent has attained tertiary 2.574%* 4.021%** 2.545%*
(0.960) (1.088) (0.961)
Parental education: Don't know 1.547 1.672 1.516
(1.794) (1.793) (1.764)
Migration status (= 1 migrants) -1.412 -1.244 -1.109
(1.655) (1.468) (1.555)
Factor score ICT use daily life 4.839%** 4,833%**
(0.743) (0.737)
Factor score ICT use at work 3.545%** 3.536%**
(0.394) (0.387)
FNF AET in 12 months preceding survey (Yes) 1.255 2.978%** 1.267
(0.692) (0.688) (0.690)
FNF AET in 12 months preceding survey (Still in formal 3.172 4.643%* 3.223
initial education)
(1.921) (1.715) (1.920)

0.737*** 0.778*** 0.736%**
(0.0170) (0.0155) (0.0167)
Gender inequality index -12.77 -18.89

(21.90) (23.87)
Female # Gender inequality index -8.519 -2.206

(9.808) (10.49)
ICT infrastructure (standardized index) 5.131**

(1.579)

Female # ICT infrastructure (standardized index) -2.416
(1.890)

Literacy scale score - Posterior mean

Governmental and private ICT services (standardized index;
usage)

Migrant # Governmental and private ICT services
(standardized index; usage)"

Adult education: % participate in adult learning

Upper secondary (ISCED 3A-B, C long) # % participate in
adult learning

Post-secondary, non-tertiary (ISCED 4A-B-C) # % participate
in adult learning

Tertiary (ISCED 5/6) # % participate in adult learning

Average index of shortage of engineering and technology
knowledge and technical skills at the labour market

Upper secondary (ISCED 3A-B, C long) # Average index of
shortage of engineering and technology knowledge and
technical skills at the labour market

Post-secondary, non-tertiary (ISCED 4A-B-C) # Average
index of shortage of engineering and technology
knowledge and technical skills at the labour market

Tertiary (ISCED 5/6) # Average index of shortage of
engineering and technology knowledge and technical skills
at the labour market

_cons 73.72%** 79.51%** 73.24%**
(5.530) (5.453) (5.413)

Var(_cons) 20.40%** 24.52%** 19.35%**
(7.610) (10.08) (7.244)

Var(Residual) 685.0%** 709.2%** 684.1%**
(51.74) (53.95) (51.69)

N 52392 52392 52392

-3.246%**
(0.631)
-0.504%**
(0.148)
-0.000502
(0.00183)
1.631
(1.444)
2.601
(2.027)
4.807%%*
(1.287)
2.365%*

(0.800)
3.984%**
(1.087)
1.638
(1.759)
-1.033
(1.451)

2.997%**
(0.686)
4.705**

(1.722)
0.776***
(0.0153)

6.239%**
(1.695)
-1.773
(1.774)

78.40%**
(5.271)
25.23%%*
(10.22)
708.2%**
(53.81)
52392

2.599%**
(0.625)
-0.608***
(0.158)
0.000775
(0.00192)
0.584
(1.428)
0.551
(1.883)
0.378
(1.251)
1.683*

(0.781)
2.568**
(0.949)
1.518
(1.773)
-3.874
(3.889)
4.835%%*
(0.741)
3.539%%*
(0.393)
1.259
(0.692)
3.147

(1.915)
0.738***
(0.0171)

-0.0918

(0.151)
0.0796

(0.147)

74.96***
(7.470)
23.32%%*
(9.438)
684.9%**
(51.68)
52392

-3.250%**
(0.632)
-0.508***
(0.148)
-0.000419
(0.00182)
1.563
(1.449)
2.451
(2.026)
4.286%**
(1.285)
2.354%*

(0.796)
4.005%**
(1.077)
1.631
(1.770)
-3.831
(4.045)

2.983%**
(0.691)
4.634**

(1.715)
0.778***
(0.0157)

-0.0396

(0.165)
0.0835

(0.141)

78.49%**
(7.566)
26.85%+*
(11.80)
709.1%%*
(53.87)
52392

-2.599%**
(0.618)
-0.602***
(0.157)
0.000701
(0.00191)
1.684
(6.722)
1.250
(7.664)
2.804
(5.708)
1.700%

(0.803)
2.572%*
(0.955)
1.597
(1.771)
-1.423
(1.651)
4.817%**
(0.734)
3.525%**
(0.390)
1.236
(0.690)
3.133

(1.913)
0.737%**
(0.0170)

0.170
(0.114)
-0.0215

(0.129)
-0.0111

(0.154)
-0.0497
(0.113)

64.62%**
(9.606)
17.37%%*
(5.725)
684.9%**
(51.69)
52392

-3.246%**
(0.626)
-0.499%**
(0.148)
-0.000516
(0.00182)
3.452
(7.087)
3.505
(8.370)
9.319
(6.335)
2.358**

(0.823)
3.993%**
(1.078)
1.744
(1.763)
-1.259
(1.464)

2.929%**
(0.678)
4.584%*

(1.713)
0.778%**
(0.0154)

0.227
(0.129)
-0.0370

(0.134)
-0.0156

(0.165)
-0.105
(0.121)

66.92%**
(10.11)
20.16%**
(7.348)
708.8%**
(53.81)
52392

-2.594%**
(0.626)
-0.604%**
(0.157)
0.000731
(0.00191)
0.913
(1.572)
1.000
(2.106)
0.533
(1.422)
1.716*

(0.790)
2.587%*
(0.964)
1.588
(1.769)
-1.425
(1.656)
4.842%+*
(0.744)
3.534%%*
(0.388)
1.265
(0.693)
3.146

(1.910)
0.737%**
(0.0169)

10.03

(14.45)
-8.993

(12.72)
-15.75

(17.24)
-3.706

(12.08)
71.90%**
(5.636)
21.02%**
(8.635)
684.9%**
(51.68)
52392

Standard errors in parentheses; Models are weighted; * p<0.05; ** p<0.01; *** p<0.001; Source: PIAAC First Cycle



TECHNEQUALITY Deliverable D3.3

Appendix 6. Interaction effects (continued)

Technequality

Gender (=1 Female)

Age

Age squared

Upper secondary (ISCED 3A-B, C long)

Post-secondary, non-tertiary (ISCED 4A-B-C)

Tertiary (ISCED 5/6)

At least one parent has attained secondary and post-

At least one parent has attained tertiary

Parental education: Don't know

Migration status (= 1 migrants)

Factor score ICT use daily life

Factor score ICT use at work

FNF AET in 12 months preceding survey (Yes)

FNF AET in 12 months preceding survey (Still in formal

Literacy scale score - Posterior mean

Average index of shortage of engineering and technology

Upper secondary (ISCED 3A-B, C long) # Average index of

Post-secondary, non-tertiary (ISCED 4A-B-C) # Average

Tertiary (ISCED 5/6) # Average index of shortage of

Quintiles of working in the high- and medium-high

Upper secondary (ISCED 3A-B, C long) # Quintiles of

Post-secondary, non-tertiary (ISCED 4A-B-C) # Quintiles of

Tertiary (ISCED 5/6) # Quintiles of working in the high- and

% of ICT goods of all the country's import

Upper secondary (ISCED 3A-B, C long) # % of ICT goods of

Post-secondary, non-tertiary (ISCED 4A-B-C) # % of ICT

Tertiary (ISCED 5/6) # % of ICT goods of all the country's

Adult education: % participate in adult learning

% participate in adult learning # Age

Governmental and private ICT services (standardized

Governmental and private ICT services (standardized

_cons

Var(_cons)

Var(Residual)

N

3.251%*
(0.635)
-0.504%**
(0.148)
-0.000472
(0.00181)
1.998
(1.591)
3.001
(2.236)
4.628**
(1.467)
2.372%*
(0.806)
4.013***
(1.092)
1.673
(1.792)
-1.247
(1.462)

2.984%*
(0.691)
4.621%*
(1.706)
0.778***
(0.0156)
15.06
(14.65)
-12.07
(12.30)
-18.04
(17.54)
-8.886
(11.83)

76.83%**
(5.535)
25.37%%*
(11.47)
709.0%%*
(53.87)
52392

2.593%**
(0.625)
-0.604***
(0.155)
0.000726
(0.00189)
2.704
(3.247)
2.857
(4.132)
1.782
(2.701)
1.724%
(0.787)
2.595%*
(0.952)
1.555
(1.779)
-1.428
(1.661)
4.833%**
(0.741)
3.542%%*
(0.392)
1.258
(0.693)
3.119
(1.912)
0.737%**
(0.0170)

0.884
(1.083)
-0.785
(0.933)
-0.857
(1.166)
-0.548
(0.881)

69.85%**
(7.536)
20.80%**
(8.969)
684.9%%*
(51.61)
52392

-3.245%**
(0.634)
0.502%**
(0.146)
-0.000479
(0.00179)
3.377
(3.351)
3.660
(4.639)
4.998
(3.200)
2.402%*
(0.799)
4.034%**
(1.077)
1.659
(1.791)
-1.251
(1.477)

2.981%**
(0.691)
4.602**
(1.703)
0.778***
(0.0156)

0.429
(1.217)
-0.653
(0.935)
-0.458
(1.267)
-0.286
(0.938)

76.20%**
(7.406)
26.30%**
(13.44)
709.0%**
(53.85)
52392

2.595%**
(0.622)
0.601%**
(0.156)
0.000692
(0.00190)
4913
(3.748)
4.287
(4.703)
3.730
(3.079)
1.709*
(0.789)
2.579%*
(0.957)
1.571
(1.772)
-1.383
(1.658)
4,833%%*
(0.735)
3.540%**
(0.389)
1.260
(0.693)
3.190
(1.908)
0.738***
(0.0170)

0.504
(0.710)
-0.513
(0.361)
-0.445
(0.498)
-0.397
(0.327)

67.91%**
(9.286)
21.15%**
(8.754)
684.8***
(51.65)
52392

-3.245%**
(0.630)
-0.501%**
(0.148)
-0.000497
(0.00181)
5.748
(3.923)
5.914
(5.292)
7.806*
(3.672)
2.376%*
(0.804)
4.017%**
(1.083)
1.679
(1.775)
-1.213
(1.469)

2.984%**
(0.688)
4.673**
(1.704)
0.778***
(0.0156)

0.332
(0.825)
-0.496
(0.370)
-0.410
(0.549)
-0.417
(0.363)

74.41%%*
(9.835)
27.09%**
(13.90)
709.0%**
(53.85)
52392

2.602%**
(0.623)
-0.496**
(0.171)
0.00118
(0.00191)
0.630
(1.433)
0.584
(1.919)
0.488
(1.277)
1.694*
(0.782)
2.542%*
(0.967)
1.522
(1.761)
-1.411
(1.655)
4.832%**
(0.739)
3.549%**
(0.394)
1.237
(0.692)
3.144
(1.918)
0.737%**
(0.0172)

0.262**
(0.0797)
-0.00313
(0.00210)

61.26%**
(7.425)
17.24%%*
(5.745)
684.8%**
(51.62)
52392

-3.252%%*
(0.631)
-0.418*
(0.163)
-0.000117
(0.00181)
1.601
(1.462)
2.485
(2.062)
4.384**
(1.331)
2.367**
(0.799)
3.991%**
(1.095)
1.641
(1.768)
-1.243
(1.470)

2.967%**
(0.690)
4.631%*
(1.710)
0.777%**
(0.0157)

0.263**
(0.0834)
-0.00246
(0.00220)

66.14%**
(7.385)
20.01%**
(7.403)
709.0%**
(53.84)
52392

-2.508***
(0.626)
-0.514**
(0.167)
0.00124
(0.00189)
0.597
(1.428)
0.631
(1.913)
0.461
(1.264)
1.634%
(0.779)
2.464*
(0.960)
1.463
(1.764)
-1.406
(1.672)
4.839%**
(0.739)
3.554%%*
(0.393)
1.248
(0.690)
3.057
(1.920)
0.737%**
(0.0172)

0.0895
(0.173)
-0.00429
(0.00253)
70.42%%*
(7.794)
23.03**
(9.374)
684.7%+*
(51.66)
52392

-3.250%**
(0.633)
-0.435%*
(0.157)
-0.0000862
(0.00180)
1.579
(1.454)
2.524
(2.060)
4.366***
(1.315)
2.323%*
(0.795)
3.934%%*
(1.086)
1.600
(1.768)
-1.241
(1.482)

2.978%**
(0.690)
4.569**
(1.705)
0.777%**
(0.0157)

0.100
(0.183)
-0.00324
(0.00256)
74.97%**
(7.708)
26.61%**
(11.79)
709.0%**
(53.88)
52392

Standard errors in parentheses; Models are weighted; * p<0.05; ** p<0.01; *** p<0.001; Source: PIAAC First Cycle
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TECHNEQUALITY Deliverable D3.3

Appendix 7. Models without literacy proficiency.

Technequality

(1) (2)
Gender (=1 Female) -6.095%** -4.349%**
(0.781) (0.677)
Age 0.711%** 0.301
(0.169) (0.160)
Age squared -0.0190*** -0.0138***
(0.00224) (0.00224)
Upper secondary (ISCED 3A-B, C long) 13.97*** 10.30%**
(1.409) (1.328)
Post-secondary, non-tertiary (ISCED 4A-B-C) 22.44%** 15.79***
(2.572) (2.103)
Tertiary (ISCED 5/6) 34.68*** 22.28%**
(1.525) (1.482)
At least one parent has attained secondary and post-secondary, non-tertiary 8.165%** 6.026***
(1.082) (0.950)
At least one parent has attained tertiary 16.47%** 11.88%**
(1.466) (1.104)
Parental education: Don't know -1.000 -0.933
(2.314) (2.211)
Migration status (= 1 migrants) -15.50%*** -14.07***
(2.197) (2.502)
FNF AET in 12 months preceding survey (Yes) 9.069*** 4.499%**
(0.658) (0.689)
FNF AET in 12 months preceding survey (Still in formal initial education) 11.35%** 7.430***
(1.579) (1.711)
Average index of shortage of engineering and technology knowledge and technical skills at the labour market 3.009 -0.884
(18.69) (20.27)
Quintiles of working in the high- and medium-high technology manufacturing and knowledge-intensive services 1.447 1.284
(0.915) (1.079)
% of ICT goods of all the country's import 0.832 0.937
(0.619) (0.727)
Standardized index of technical conditions 12.84%** 10.44%**
(3.040) (3.132)
Average % that use ICT daily -0.473** -0.516**
(0.161) (0.155)
% participate in adult learning 0.0737 0.0830
(0.247) (0.260)
Gender inequality index -5.292 -17.11
(36.87) (34.14)
Factor score ICT use daily life 9.760***
(0.958)
Factor score ICT use at work 8.410%**
(0.447)
_cons 254.6%** 227.3***
(10.31) (10.82)
Var(_cons) 36.35%** 33.57***
(15.17) (16.53)
Var(Residual) 1349.8*** 1222.3%**
(67.64) (67.11)
N 52392 52392

Standard errors in parentheses; Models are weighted; * p<0.05; ** p<0.01; *** p<0.001; Source: PIAAC First Cycle
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Appendix 8. One-country-out regression models

AUT BEL CZE DEU DNK EST FIN GBRE GBRN

Gender (=1 Female) 2.538**+ 2.575%+* 2.560%** 2.670%** 2.506*** 2.726%** 2.510%** 2.206%** 2.583%++
(0.660) (0.659) (0.641) (0.646) (0.680) (0.647) (0.659) (0.532) (0.624)

Age -0.629%** -0.619%** -0.534%** -0.599*** -0.669%** -0.601*** -0.610%** -0.603*** -0.608***
(0.167) (0.167) (0.144) (0.165) (0.160) (0.166) (0.167) (0.167) (0.158)

Age squared 0.00101 0.000988 -0.000191 0.000681 0.00161 0.000638 0.000849 0.000759 0.000763
(0.00202) (0.00203) (0.00172) (0.00203) (0.00192) (0.00203) (0.00204) (0.00202) (0.00192)

Upper secondary (ISCED 3A-B, C long) 0.208 0.649 0.809 0.672 0.732 0.638 0.653 1.197 0.638
(1.410) (1.480) (1.461) (1.495) (1.556) (1.488) (1.478) (1.440) (1.419)

Post-secondary, non-tertiary (ISCED 4A-B-C) 0,244 0.732 0.855 0.768 0.849 0.636 0.650 1.075 0.674
(1.962) (1.958) (1.920) (1.934) (1.987) (2.006) (1.919) (1.959) (1.882)

Tertiary (ISCED 5/6) 0.299 0.648 0.723 0.426 0.460 0.560 0.411 0.762 0.477
(1.288) (1.280) (1.222) (1.295) (1.351) (1.286) (1.264) (1.347) (1.239)

At least one parent has attained secondary

and post-secondary, non-tertiary 1.758* 1.673* 1.699* 1.704* 1.878* 1.562 1.408 1.726* 1.707*
(0.818) (0.828) (0.780) (0.800) (0.848) (0.812) (0.794) (0.840) (0.781)

At least one parent has attained tertiary 2.652%* 2.579* 2.334* 2.627%* 2.960%* 2.443* 2.371* 2.771%* 2.575%%
(1.006) (1.018) (0.931) (0.995) (0.980) (1.012) (0.991) (1.008) (0.960)

Parental education: Don't know 1.578 1334 1.686 1.236 1.665 0.915 1.169 3.428* 1.496
(1.826) (1.816) (1.892) (1.783) (1.844) (1.721) (1.762) (1.722) (1.794)

Migration status (= 1 migrants) -1.208 -1.393 -1.500 -1.151 -1.127 -2.890%* -1.437 -1.191 -1.414
(1.771) (1.722) (1.696) (1.786) (1.740) (1.013) (1.707) (1.820) (1.668)

ict_use_dailylife 4.782%** 4.849%** 4.977%** 4.736*** 4.971%** 4.935%** 4.812%%* 4.738*** 4.809%**
(0.782) (0.771) (0.749) (0.786) (0.783) (0.778) (0.775) (0.790) (0.739)

ict_use_work_cmpl_smpl 3.612%** 3.511%** 3.330%** 3.576%** 3.563*** 3.560*** 3.550%** 3.435%** 3.525%**
(0.397) (0.408) (0.346) (0.406) (0.399) (0.413) (0.405) (0.389) (0.388)

Literacy scale score - Posterior mean 0.738%** 0.736%** 0.733%** 0.736%** 0.732%%* 0.732%%* 0.738*** 0.747%%* 0.737%%*
(0.0176) (0.0177) (0.0174) (0.0177) (0.0173) (0.0176) (0.0180) (0.0142) (0.0169)

FNF AET in 12 months preceding survey

(Yes) 1.304 1.212 1.369 1.466* 1.234 1.358 1.447* 1.438* 1.290
(0.740) (0.728) (0.732) (0.717) (0.743) (0.740) (0.702) (0.725) (0.691)

FNF AET in 12 months preceding survey

(Still in formal initial education) 3.333 3.079 2.857 3.759* 3.160 3.175 3.336 1.840 3.178
(1.991) (1.983) (1.934) (1.884) (1.999) (2.069) (1.996) (1.558) (1.907)

ICT infrastructure (standardized index) 7.546%%* 7.660%** 6.137%** 7.811%%* 7.321%%* 7.842%%% 8.015%** 7.302%%* 7.437%%x
(1.825) (1.958) (1.695) (1.998) (1.918) (1.948) (2.027) (1.973) (1.891)

Governmental and private ICT services

(standardized index; usage) -0.311%* -0.339%* -0.239%* -0.362** -0.351%* -0.375%* -0.331%* -0.430* -0.341%*
(0.115) (0.121) (0.0803) (0.130) (0.129) (0.131) (0.121) (0.193) (0.125)

Adult education: % participate in adult

learning -0.117 -0.0901 -0.0558 -0.0809 -0.0731 -0.0634 -0.107 -0.0240 -0.0683
(0.143) (0.164) (0.158) (0.160) (0.155) (0.157) (0.170) (0.190) (0.156)

Technical skills demand 1: Average index of

shortage of engineering and technology

knowledge and technical skills at the labour

market -7.168 -8.532 -8.317 -6.558 -8.016 -0.399 -7.388 -5.389 -5.821
(9.828) (12.19) (8.958) (11.11) (10.09) (11.92) (12.40) (12.33) (10.59)

Technical skills demand 2: Quintiles of

working in the high- and medium-high

technology manufacturing and knowledge-

intensive services 0.718 0.838 0.700 0.881 1.017 0.836 0.877 0.500 0.766
(0.527) (0.650) (0.570) (0.678) (0.676) (0.656) (0.637) (0.714) (0.614)

Technical skills demand 3: % of ICT goods of

all the country’s import 0.404 0.218 0.248 0.241 0.218 0.137 0.252 0.277 0.232
(0.365) (0.410) (0.456) (0.419) (0.405) (0.408) (0.450) (0.416) (0.403)

Gender inequality index 2.760 2741 1.688 1210 3.906 3.924 5.867 0.725 4.739
(14.44) (16.86) (15.16) (17.54) (14.17) (14.19) (16.71) (18.36) (15.31)

_cons 81.65%** 83.32%** 77.93%** 82.98*** 83.17*** 83.81%** 82.24%** 79.71%** 81.74***
(7.593) (8.049) (7.117) (8.121) (7.547) (7.604) (8.100) (7.499) (7.428)

Var(_cons) 6.992%** 10.99*** 8.916%** 11.05%** 9.985%** 10.11%** 11.84%** 11.66%** 10.31%**
(3.843) (5.452) (5.893) (5.565) (4.774) (5.019) (6.494) (5.918) (5.121)

Var(Residual) 693.6%** 688.3%** 675.2%** 687.0%** 697.5%** 689.4%** 693.3%** 692.2%** 684.5%**
(53.72) (54.42) (53.04) (54.59) (54.63) (55.03) (54.22) (55.59) (51.54)

N 49666 49598 49893 49404 48234 48779 49260 49606 50606

Standard errors in parentheses; Models are weighted; * p<0.05; ** p<0.01; *** p<0.001; Source: PIAAC First Cycle



TECHNEQUALITY Deliverable D3.3 ... Jeshnequalty

GRC HUN IRL LTU NLD NOR POL SVK SVN SWE

Gender (=1 Female) 2710%%%  2.620%%*  2636***  -2.748%%  2.663***  2.647***  2.319%*%  2.628***  2GI2*** ) E3L***
(0.627) (0.662) (0.664) (0.627) (0.658) (0.651) (0.597) (0.641) (0.656) (0.667)

Age 0.646%**  -0.642%**  -0.600%**  -0.637%**  -0.613%**  -0.542%%*  -0616***  -0.620%**  -0585%**  -0,630%**
(0.158) (0.163) (0.164) (0.166) (0.168) (0.150) (0.163) (0.164) (0.160) (0.170)

Age squared 0.00117 0.00106 0.000657 0.00106 0.000737 0.0000644  0.000893 0.000749 0.000474  0.00114
(0.00193)  (0.00200) (0.00200) (0.00203) (0.00204) (0.00188) (0.00199) (0.00199) (0.00194) (0.00206)

Upper secondary (ISCED 3A-B,

Clong) -0.0372 0.947 0.280 0.797 0.882 0.336 0.646 0.740 0.928 0.125
(1.309) (1.442) (1.421) (1.449) (1.552) (1.520) (1.458) (1.450) (1.451) (1.426)

Post-secondary, non-tertiary

(ISCED 4A-B-C) -0.240 1.217 0331 1.350 0.818 0.415 0.730 0.782 0.848 -0.0780
(1.795) (1.867) (1.983) (1.818) (1.963) (2.058) (1.953) (1.886) (1.929) (1.837)

Tertiary (ISCED 5/6) -0.137 0.912 0.0963 0.604 0.521 0.251 0.594 0.508 0.629 0.0769
(1.169) (1.186) (1.232) (1.267) (1.355) (1.354) (1.271) (1.269) (1.275) (1.263)

At least one parent has

attained secondary and post-

secondary, non-tertiary 2.252%%% 1.675% 1.715% 1.619* 1.850* 1.649* 1.846* 1.638* 1517 1.605
(0.599) (0.814) (0.842) (0.809) (0.837) (0.835) (0.769) (0.786) (0.787) (0.828)

At least one parent has

attained tertiary 3.103%** 2.489* 2.478* 2187+ 2.780%* 2.685%* 2.549%* 2.538%* 2.380* 2.474*
(0.854) (0.994) (1.020) (0.928) (1.030) (1.021) (0.975) (0.975) (0.959) (1.026)

Parental education: Don't

know 1.907 1.453 1.632 1.275 1.871 1.481 1.553 1.445 1.078 1.197
(1.754) (1.807) (1.894) (1.812) (1.874) (1.816) (1.814) (1.789) (1.697) (1.801)

Migration status (= 1

migrants) -1.056 -1.366 -1.589 -1.590 -1.616 1337 -1.508 -1.508 1213 -0.983
(1.658) (1.706) (1.821) (1.683) (1.778) (1.764) (1.679) (1.708) (1.745) (1.706)

ict_use_dailylife 4.487%*+ 4.833%%+ 4.743%%+ 4.483+*+ 4.823%*+ 4.919**+ 5.112%%* 5.055%** 4.715%%+ 4.712%%+
(0.687) (0.782) (0.768) (0.686) (0.778) (0.773) (0.711) (0.739) (0.763) (0.763)

ict_use_work_cmpl_smpl 3.506*** 3.642%%* 3.558%%% 3.453%%* 3.665%%* 3.501%%* 3.477%%+ 3.505%** 3.495%%+ 3.550%**
(0.388) (0.393) (0.410) (0.405) (0.384) (0.413) (0.416) (0.400) (0.396) (0.410)

Literacy scale score - Posterior

mean 0.741%%* 0.733%%* 0.740%** 0.737%%* 0.738%** 0.738%** 0.730%** 0.737%%* 0.735%** 0.739%**
(0.0170) (0.0171) (0.0175) (0.0177) (0.0179) (0.0178) (0.0165) (0.0175) (0.0177) (0.0176)

FNF AET in 12 months

preceding survey (Yes) 1.364 1.211 1.390 1.403* 1.265 1.167 1375 0.967 1.188 0.988
(0.714) (0.720) (0.710) (0.707) (0.727) (0.707) (0.720) (0.632) (0.722) (0.632)

FNF AET in 12 months

preceding survey (Still in

formal initial education) 3.488 2.865 3.403 3.585 3.388 3.204 3.678 2718 3324 3.047
(1.909) (1.971) (2.021) (1.982) (1.981) (2.001) (1.973) (1.926) (1.915) (2.021)

ICT infrastructure

(standardized index) 6.722%** 7.580%** 7.579%%* 7.701%%* 7.858%** 7.475%%* 6.422%%* 7.583%%* 7.379%%* 7.462%%*
(1.686) (1.978) (2.025) (2.257) (1.864) (1.935) (1.741) (2.013) (1.886) (1.895)

Governmental and private ICT

services (standardized index;

usage) -0.329%* -0.357** -0.336** -0.339%* -0.347** -0.341%* -0.364** -0.344%* -0.352%* -0.335%*
(0.123) (0.121) (0.121) (0.127) (0.118) (0.126) (0.132) (0.123) (0.127) (0.121)

Adult education: % participate

in adult learning 0.0343 -0.0369 -0.0935 -0.0962 -0.0961 -0.0863 0.00675 -0.0756 -0.0569 -0.0756
(0.124) (0.155) (0.180) (0.169) (0.153) (0.179) (0.143) (0.163) (0.159) (0.160)

Technical skills demand 1: 0.584 -7.655 6.250 6310 -10.64 7.738 -0.587 -5.845 -7.065 4512
(8.520) (11.54) (10.86) (12.71) (9.507) (13.13) (9.615) (11.06) (10.33) (11.28)

Technical skills demand 2: 0.919 0.844 0.793 0.677 0.403 0.854 0.600 0.801 0.835 0.823
(0.581) (0.713) (0.646) (0.699) (0.528) (0.744) (0.603) (0.621) (0.641) (0.652)

Technical skills demand 3: %

of ICT goods of all the

country’s import 0.135 0.239 0.258 0.302 0,528 0.268 -0.00140 0.266 0.173 0.179
(0.367) (0.403) (0.436) (0.505) (0.408) (0.430) (0.321) (0.413) (0.436) (0.407)

Genderinequality index 9.893 16.26 3.474 4974 -11.55 3615 8.150 5.072 2.594 7.133
(13.12) (24.42) (16.78) (19.34) (12.66) (15.67) (13.35) (16.61) (14.88) (16.01)

—cons 76.63%** 80.91%** 82.08*** 84,35+ %+ 83.73%** 80.41%** 82.01%** 81.90%** 82.85%*+ 82.27%%+
(6.845) (8.085) (8.244) (7.255) (7.739) (7.593) (7.657) (7.761) (7.615) (7.749)

Var(_cons) 7.611%%* 10.65%** 11.13%*+ 11.08%** 8.010%** 10.92%** 9.186%** 11.08%** 10.08*** 10.80%**
(4.631) (5.006) (5.613) (7.530) (4.800) (5.617) (3.748) (5.751) (5.131) (5.141)

Var(Residual) 651.2%** 685.3%** 688.7+** 680.2%** 694.8%** 696.5%** 660.1%** 680.3%** 672.9%%* 688.2%+*
(39.08) (54.34) (53.97) (53.91) (54.10) (53.71) (47.30) (53.38) (52.24) (54.43)

N
50749 49628 49988 49883 49137 49224 49505 50295 50025 49576

Standard errors in parentheses; Models are weighted; * p<0.05; ** p<0.01; *** p<0.001; Source: PIAAC First Cycle
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Appendix 9: Variables

Technequality

Variable

Item

Operationalization

Source

Micro-level

Literacy proficieny
Gender

Age
Educational attainment

Parental educational
attainment

Migration status

ICT use daily

ICT use at work

How often one uses (at home)

- the computer to have real-time discussion
- program language

- word

- spreadsheets

-internet to conduct transactions

- look up information on health, finances or
environmental issues

- for e-mail

How often one uses (at work)

- the computer to have real-time discussion
- program language

- word

- spreadsheets

-internet to conduct transactions

- look up information on health, finances or
environmental issues

- for e-mail

0—500 (a higher number indicates a h
0-male

1-female

in years (16-65)

0 - lower secondary or less

1 - upper secondary

2 - post-secondary

3 - tertiary

0 - neither parent obtained upper
secondary degree

1 - at least one parent obtained upper
secondary degree

2 - at least one parent obtained
tertiary degree

3 -don't know

0 - no migration status

1 - migration status

1- never

5 - every day

1 - no computer is required for the job
1-never
5 - every day

PIAAC
PIAAC

PIAAC
PIAAC

PIAAC

PIAAC

PIAAC

PIAAC

Macro-level

ICT infrastructure

Adult education

Techniqual skills demand

Governmental and private
ICT services

Gender equality index

- Broadband subscriptions per 100 inhabitants
- Computer access

-Internet access

Percentage of formal and non-formal education
and training of adults in the last 12 months
-average index of shortage of engineering and
technology knowledge and technical skills at the
labour market

- quintile groups of the percentage of
employment in the high- and medium-high
technology manufacturing and knowledge-
intensive services

- percentage of ICT related import goods

- use a digital form in contact with public
authorieties in the last 12 months

-used online banking in the last 3 months

- make an online appointment with a
practitioner in the last 3 months

inequality in achievemnts between women and
men in reproductive health, empowerment,
labour market

Standardised (mean: O; standard
deviation 1)

0-100%
-1-+1
-1through 5

-0-100%

0-100%

0 - women and men are equal
1 - one gender is maximally inequal in
all measured dimensions

OECD

Eurosta
t
-OECD
Eurosta
t
Worldb
ank

Digital
Agenda
Data

Human
Develo
pment
Report
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3.1  Educational policy and technical change

In recent decades, education has advanced to one of the top political priorities in almost all industrialized
countries. The reasons are myriad, but among the most prominent are the arrival of the knowledge society,
an intensified competition from developing countries for low skill jobs, or a combination of the two. As
outlined by Saar et al. (2019), when the European Union set its goal of becoming “the most competitive
and dynamic knowledge-based economy in the world” it urged its member states to pursue an e labourate
reform strategy in which educational policy played an important part (EU 2000). In the revised European
Employment Strategy (EES), the EU thus stated an ambition to increase the level of education in the union
(EU 2003). This has also taken place, and the increase in educational attainment in Europe has been
extraordinary. In the period between 2002 and 2019, the share of young workers with a tertiary degree
thus almost doubled from roughly 20 to 40 % (Eurostat 2020). Such an ambitious educational policy was
however not an exclusively European phenomenon, other countries such as the USA have also given
increased weight to the question of education. Education in other words appears to be the only social policy
area in which there is unanimous support for welfare state expansion, resisting the tendency for welfare

state retrenchment so predominant in the industrialized world.

One striking aspect of the EU’s educational goals is that educational reform is necessary because of changes
in the labour market. When discussing the revamped EES, the European Commission thus makes reference
to factors such as the pace of technological change and the increasing share of services in the economy.
Educational reform in other words comes as a response to exogenous changes in the structure of

employment and jobs.

This view of structural change reflects an older debate on structural change in industrialized economies
and changes in skill requirements on the labour market. However, there is also a somewhat more recent
literature on the causes of technological change, or more precisely the skill-bias of technological change.
In this literature on endogenous growth and directed technical change, education is seen as a factor that
in itself changes the structure of production. This alternative view in other words gives educational policy
a dynamic and constructive role, a role in which social policy becomes a true engine in the transformation

of the economy.

The purpose of this paper is to examine the relationship between educational expansion and job content.
Section 2 of the paper contains a brief overview of theories of changes in the production process and what
causes them, followed in Section 3 by a review of the existing empirical evidence. Section 4 presents the
data and the methods used for the analysis of the link between educational reform and job complexity, the
dimension of job requirements central to much of the current debate. The results from the analyses are

presented in Section 5, while Section 6 concludes.
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3.2 Jobsand the production process

There is a longstanding discussion of the evolution of the production process in the industrialized world.
Much of this debate has been carried out under the heading of skills, as in the debate on de- vs. upskilling
trends in the economy. Skills, or rather skill requirements, is here simply a shorthand for the type of tasks
carried out in various forms of production, whether a job primarily involves physical power in the form of
heavy lifting as in the case of a dockhand or conscious decision making processes such as those carried out
by skilled craftsmen. The cognitive processes exemplified by the latter are here generally regarded as being
high skilled, whereas the former are not. Visions of deskilling therefore project an increase in the number
of single task job involving little discretion, whereas upskilling implies an increase in jobs with decision

making latitude and multitasking.

Of particular interest is in this case how the forces generating a transformation of the production process
are conceived, and in particular whether any role is accorded to education and educational policy. Some of
the classical texts dealing with the deskilling vs. upskilling debate adopted a technologically deterministic
approach to the evolution of jobs were technological change simply arrives in the form of various technical
innovations. This is for example the case with Fuchs (1968) and Blauner (1964), who argued that the arrival
of the post-industrial service society and the concomitant increase in skill requirements is the result of the
elimination of routine work through technological change. Similar ideas are also present in Clark (1948),

Kerr et al. (1960), Bell (1973), and Kern and Schumann (1984).

In this scenario, technological change is taken as exogenous. In contrast, Braverman (1974) argued that the
“labour process” is not determined by such independent technological developments. Rather technological
developments are the outcome of employers’ conscious search for technological alternatives that answer
to their need for control over the production process (see also Crompton and Jones, 1984). However,
although technological change now is endogenous, it is nevertheless the case that it is this change that
determines the evolution of job content. Thus, while Braverman predicted de- rather than upskilling,

technological change was once again the key ingredient in the transformation of work.

Between these two extremes one finds the dualization/polarization thesis of Doeringer and Piore (1971)
and Edwards (1979). In contrast to the theories above, which predicted an either increasingly complex or
an increasingly simplified production process, the labour market was here seen as becoming more and
more divided. While some jobs were indeed becoming more and more involved, others were less and less

so. We would in other words have both worlds, rather than the one or the other.

These rather disparate views of economic development do however share a complete indifference with
regard to public policy in general and educational policy specifically. Very little, if anything, is said regarding

a potential role of education and skills as causal factors in the determination of modes of production.
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A potentially greater role for education is on the other hand implicit in standard economic production
theory. This starts from the assumption that employers adjust the production process to the available
factors of production and their relative prices, including the available human capital in the labour force and
wages. Nonetheless, although this allows for an effect of education on job content this is not been spelled
out in any greater detail. The economic theory of production simply assumes that the various factors of
production are transformed into output using some specific production function but without analysing the

choice of production function, i.e. the production process.

This leads over to another strand of literature that potentially could have some bearing on the problem:
endogenous growth theory. Education (at times labelled human capital or knowledge) is here linked to
economic growth (Aghion and Howitt 1998), opening up the possibility of there being a link between
education and specific forms of economic growth (i.e. choice of production function). Nevertheless,
endogenous growth theory is not very limpid when it comes to what type(s) of education is important, or
what type of production may be furthered. The only statements of this kind (in models of what has been
called heterogeneous or two-stage innovation) deal with the distinction between high and low education

and between high and low production in a rather confabulatory manner (Maré 2004).

This is also partly true of the related literature on endogenous skill-biased technical change (SBTC), a.k.a.
directed technical change. Recall that the early upskilling literature discussed above took exogenous
technical change as its starting point. This is also the dominant assumption in the literature on SBTC.
However, the SBTC strand has been developed so that technical change (i.e. the choice of production
function) can be endogenous in the sense that it is seen as a function of the skill level of the labour force
(Acemoglu 1998, 2002a, 2002b; Kiley 1999). As in the case of endogenous growth theory, the models
simplify and only discuss high- and low-skilled workers and how changes in the composition of the labour

force might affect the wage distribution.

The basic idea is that employers respond to incentives, including incentives regarding what innovative
adventures to support and which innovations to introduce. As always, the primary incentive is the price, in
this case the price of various factors of production, something largely determined by their relative supply.
When it comes to labour, the wages paid to different types of workers is in other words largely a result of
their relative supply. An increase in the supply of highly educated workers could be expected to lead to a
reduction in their relative wages. This would in turn make it more profitable for employers to make use of
this particular category of workers, and stimulate the development and introduction of work processes that
employ highly educated workers. Although it is not entirely clear what work processes could be conceived
as complementary to education, it is generally argued that this is independent analytical work. These types
of jobs, or tasks, have for instance been said to involve interpreting the increased information flow

associated with computerization (Autor et al. 2002, see also Caroli and Van Rennen 2001).
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This literature thus posits a general association between educational change and changes in production,
yet in some of the more recent literature these claims are contextualized. Particularly interesting in this
case is the discussion by Blundell et al (2018) in which employers’ choice of production method is related
to both the level and the rate of change in the qualifications of the labour force. They discussed a scenario
with technological leaders and followers, the former being settings (in their case countries) with a highly
qualified labour force and the latter with a less qualified workforce. In their model, a given change in
educational attainment of the labour force induces different changes in production depending on the initial
level of education in the labour force. This literature thus modifies the general association between
education and production posited in the literature on directed technical change, arguing that the

relationship will depend on the starting levels.

3.3 Empirical literature

The up- and deskilling debates have generated a substantial literature. There are a number of national
studies, focusing mainly on the five countries Great Britain, Sweden, USA, Netherlands, and Canada. The
general conclusion from these analyses, covering roughly the time period 1970 to 2000, is that there is a
weak trend towards upskilling. This conclusion holds irrespective of whether the analyses focus on changes
in the occupational structure or on more direct measures of job requirements. Although it is somewhat
difficult to assess the strength of the upskilling trend, as it lacks an intuitive yardstick, the changes in the

educational requirements suggest that the change is rather moderate.

In contrast, the quantitative empirical literature on how education may impact on job content is still very
limited. Even such an intensely debated issue as the rising skill premium provides relatively little in terms
of pertinent evidence, i.e. in how rising educational attainment has influenced production technology in

turn affecting wage levels and dispersions.

In one of the early overviews of the literature on directed technical change, Acemoglu (2002a) thus referred
to the analysis by Autor et al. (1998) in his discussion of the link between the supply of human capital and
changes in the demand for skills. Their study examined the link between the relative supply of college and
non-college workers and wage inequality in the USA. Despite a dramatic increase in the relative supply of

college educated labour, they found an equally marked increase in the relative wages of this group.

This line of work remains the dominant approach to the analysis of the links between education and
production, or, in the words of Goldin and Katz (2008), the “race between education and technology”. Their
book explored how changes in labour supply have interacted with changes in labour demand in the
evolution of wage and earnings inequality in the USA over the last century. Their main conclusion was that

changes in supply have been the major determinant of US inequality. Educational policy in the form of the
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high school movement around 1910 was thus the prime mover in the reduction in inequality that started

at that time and continued into the 1980’s.

The above literature focuses on the link between education and wages, or more specifically on educational
attainment and wage inequality. Similar evidence is also available from large scale educational reforms in
Norway, Sweden, Switzerland, and the UK. These studies differ in both the type of reform that is examined
and in the outcome variables studied. Albrecht et al (2009) analysed a Swedish program intended to raise
the qualifications of all low skill workers in the country, around 10 percent of the labour force. They
examined the impact of the reform on the whole economy, and not on the employment and wages of the
participating workers as in a more traditional evaluation. Their conclusion was that the reform did lead to
an increase in wages for the large treatment group. They explicitly discussed this in terms of employers’

changes in production as a response to the change in labour supply.

In contrast, Blundell et al. (2018), Carneiro et al (2019), and Schultheiss et al (2019) all examined expansion
of higher education. Using both with- and between industry and regional variation Blundell et al. (2018)
looked at the wage inequality effects of university expansion in the UK. Carneiro et al (2019) also utilized
regional variation to analyse the impact of the introduction of Norwegian universities of applied sciences
on wage inequality. The results from the two studies were similar in that neither country experienced a
decrease in inequality following university expansion. In fact, in Norway inequality even increased
something the authors attribute to employer changes to the production process producing increased
demand for high skilled labour. Another interesting finding in the Norwegian case was also that the
increases appeared to be concentrated to areas in which universities with science, technology, engineering
and mathematics (STEM) programs. Moving beyond wages, Schultheiss et al (2019) may be said to provide
some indirect evidence of changes in production in their analysis of the task content of Swiss job postings,
analyses showing that the content of postings in regions with an expansion of universities of applied

sciences shifted towards R&D and became more similar to academic postings.

Striking is nevertheless that there seems to be little direct empirical evidence on the relationship between
educational expansion and what people actually do at work. Although the studies mentioned above all
discuss their results in terms of changes to the production process in response to the increased supply of
highly educated workers, the evidence provided is mainly circumstantial. The most direct evidence to date
seems to be the supportive evidence on worker decision latitude provided by Blundell et al (2018). Using a
few standard indicators of discretion, they examined how variation in education across regions had
impacted on worker job control. This type of analysis will here be extended by using a more extensive set
of indicators of job content and by accounting for the nested structure of the data through the use of
multilevel regression. This will provide new information on the link between educational reform and the

extent to which workers’ carry out different types of tasks in their daily work.
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3.4  Data and method

The theoretical debate on the potential consequences of an expansion of education for the labour market
has focused on the impact of the changing supply of skills on employers’ choice of production methods.
Specifically, the idea in the literature on directed technical change has been that “complex” skills (self-
directed work) to an increasing extent have come to supplant the use of “simple” skills (physical prowess)
in the production process. Against this background we will here focus on job indicators dealing with the

performance of various tasks that might indicate the type of skills utilized in production.

To study the changing nature of work overtime we would thus need rather detailed indicators of the type
of tasks performed at work, indicators preferably covering a variety of skills. This type of information is
available in many different national surveys of working conditions, some of them very comprehensive. They
would provide us with in-depth information, yet for our purposes these have the drawback of having been
conducted only intermittently making it difficult to link any observed changes in task composition to

changes in the educational qualifications of the country’s labour force in a rigorous manner.

In our analysis of the link between education and job complexity we will therefore make use of the
European Working Conditions Survey (EWCS), which has been conducted in 1991, 1995, 2000, and 2005,
2010, and 2015. The number of countries taking part in the EWCS has grown over time, from an initial 11
to the most recent 31. We here make use of a balanced panel of 14 countries; Austria, Belgium, Denmark,
Finland, France, Germany, Greece, Ireland, Italy, the Netherlands, Portugal, Spain, Sweden, and the UK.

Sample sizes for the different countries and surveys are listed in Table Al in the Appendix.

The survey was designed to cover many different aspects of working conditions, including the performance
of certain tasks. Although the available indicators are not without problems, the use of the EWCS also gives
us additional leverage when it comes to the key independent variable education. A data set with a selection
of countries thus gives us much greater variation in the educational composition of the labour force than

we would have in a country study.

The number of indicators included in the EWCS has also grown dramatically over time, from a limited set
of 20 questions in 1991 to around 100 in 2015. This successive expansion of the questionnaire does pose a
problem in that the information in the initial survey is much more limited than in latter rounds. We will
therefore work with the surveys from 1995 to 2015, using the information from twelve indicators to

construct and index of job tasks.

The central idea has been to try to capture aspects of job complexity, to track trends away from the
stereotypical manufacturing line jobs. The measures include two indicators of job autonomy; “can choose
or change order of tasks” and “can choose or change speed or rate of work”. Furthermore, there is an

indicator of whether or not the job “involves short repetitive tasks of less than 10 minutes”, and finally an
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indicator of the use of “computer equipment”. In addition, there is also information based on the following
guestions; whether the job involves “repetitive hand or arm movements”, “dealing directly with people

» o u

who are not employees at your workplace”, “assessing the quality of your own work”, “monotonous tasks”,
” “"w

“complex tasks”, “learning new things”, “solving unforeseen problems on your own”, and whether one is

able to “choose or change methods of work”.

Although further detail would undoubtedly have been desirable, for instance regarding management or
computer related tasks, these variables would nonetheless seem to measure key dimensions of job
complexity. Individually, they have also been used to track changes in job quality and skill usage in many

earlier reports (e.g. Handel 2012).

Most of the questions were answered with simply “Yes” or “No”. Exceptions were the questions relating to
computer usage, dealing with people and repetitive movements which all were answered using a seven-
point time-based scale (from “all of the time” to “never”). The first set of questions have been naturally
coded as zero-one response, while the latter have been recoded to a zero-one scale with the breakpoint
lying at “around half of the time”. To capture increasing complexity, answers to the questions regarding

repetitive tasks, repetitive movements, and monotonous tasks have been reverse coded.

To explore the relationships between the various dummy indicators we have conducted a series of factor
analyses. The purpose has been to ascertain what types of skill profiles are captures by the various
indicators, and if the skill profiles are stable over time. The results from the analysis based on the 2005
wave can be seen in Table 1, Panel A. The indicators clearly distinguish one dominant work dimension, and
separate out two other job types relatively clearly as well (see also the scree plot of the eigenvalues in
Figure 1). The first component scores low on indicators capturing monotonous or repetitive tasks, and
highly on measures of flexibility, complexity, and self-direction. The other two components are both quite
distinct from the main component. Component no. 2 thus scores lower on indicators of task flexibility, and
much higher on the repetitive dimensions. In contrast, component no. 3 scores lower on complexity and
self-directedness, and somewhat higher on monotonicity. This also implies that the components 2 and 3
are distinct from each other, despite the fact that their eigenvalues are relatively similar. Interesting is also
that the three components load very differently on the indicator of computer usage. Component 1 thus

scores high, component 3 low, and component 2 in between.
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Table 1. Factor analysis of job complexity

Initial Eigenvalues

Extraction Sums of Squared Loadings

Component Total % of Variance Cumulative % Total % of Variance Cumulative %
1 2,840 23,667 23,667 2,840 23,667 23,667
2 1,506 12,552 36,219 1,506 12,552 36,219
3 1,388 11,563 47,782 1,388 11,563 47,782
4 ,986 8,219 56,002
5 ,917 7,638 63,640
6 ,815 6,793 70,432
Extraction Method: Principal Component Analysis.
Component
1 2 3
Does your main paid job involve —repetitive hand or arm -0,298 0,658 0,232
movements?
Does your main paid job involve: monotonous tasks? -0,279 0,524 0,193
Does your job involve short repetitive tasks of less than 10 -0,156 0,674 0,156
minutes?
Does your main paid job involve - dealing directly with people 0,279 -0,036 -0,142
who are not employees at your workplace?
Does your main paid job involve: assessing yourself the quality 0,425 0,367 -0,080
of your own work?
Does your main paid job involve - working with computers: PCs, 0,452 -0,008 -0,396
network, mainframe?
Does your main paid job involve: complex tasks? 0,501 0,311 -0,400
Does your main paid job involve: solving unforeseen problems 0,570 0,223 -0,165
on your own?
Does your main paid job involve: learning new things? 0,581 0,227 -0,430
Are you able to choose or change your speed or rate of work? 0,585 -0,033 0,545
Are you able to choose or change your order of tasks? 0,680 -0,069 0,443
Are you able to choose or change your methods of work? 0,684 -0,065 0,474

Source: European Working Conditions Survey 2005. Own calculations.

144

Technequality



TECHNEQUALITY Deliverable D3.3

Figure 1. Scree plot of eigenvalues from factor analysis of job complexity

Eigenvalues

Number

Source: European Working Conditions Survey 2005. Own calculations.

We will here focus on the first dimension, as this seems to capture the type of work tasks and jobs that are
at the core of the idea of skilled biased technical change. Analyses of the other four waves of the survey
(i.e. 1995, 2000, 2010 and 2015) display very similar results, with the factor loadings of the different
indicators yielding basically the same “ranking.” The twelve indicators have then been used to construct a
simple additive index of job complexity, a so-called factor-based index in which all items are given equal

weight and the factor analysis only determines which items are to be included in the index.

In addition to the validity stemming from the frequent use of these and similar questions in previous work,
an additional check of the validity of the index may be conducted by listing the mean complexity scores for
different types of jobs. The EWCS contains information on the job title of the respondents (2-digit ISCO88),
and although these represent rather broad job categories they may still be used to examine the index’ face
validity. In Table 2, the various job titles contained in the 2005 EWCS are ranked according to increasing
mean complexity score, and it is obvious that there is a fairly strong relationship between complexity and
any sort of hierarchical job ranking. The lowest scores thus include job titles such as labourer and machine
operator, medium scores encompass various associate professionals, and the highest scores are obtained
for various professional categories. This suggests that the index even in this simple form does capture core

dimensions of work complexity.
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Table 2. Mean job complexity score by job title
Job title Job compl. Job title, cont Job compl.
score score, cont

Labourers in mining, constr., 6,72 Life science and health associate 9,34

manufact. & transport professionals

Machine operators and assemblers 6,85 Armed forces 9,45

Agricultural, fishery and related 6,89 Office clerks 9,82

labourers

Stationary plant and related 6,89 Managers of small 10,06

operators enterprises

Drivers and mobile plant operators 7,44 Life science and health 10,08
professionals

Sales and services elementary 7,70 Physical and engineering science 10,11

occupations associate professionals

Extraction and building 7,77 Other associate 10,18

trades workers professionals

Other craft and related 8,11 Teaching associate professionals 10,45

trades workers

Skilled agricultural and fishery 8,26 Teaching professionals 10,50

workers

Precision, handicraft, craft printing 8,27 Legislators and senior 10,71

and related trades wor officials

Metal, machinery and 8,38 Other professionals 10,76

related trades workers

Models, salespersons and 8,64 Physical, mathematical and 10,76

demonstrators engineering science professionals

Personal and protective services 8,70 Corporate managers 10,91

workers

Customer services 8,89

clerks

Source: European Working Conditions Survey, 2005. Own calculations.

The other central variable pertains to educational attainment in the workforce. As just noted, the data on
job complexity spans the period 1995 to 2015, yet uncertainty in how rapid any technological adjustment

process might be also makes us interested in examining the links over an even longer time period. We

therefore require data on educational attainment from ca. 1985.

Detailed comparative and historical data on educational attainment in the
surprisingly rare, and quality issues have been abundant. We here use data on educational attainment from

Goujon et al (2016), with updates obtained from the Wittgenstein Centre for Demography and Global
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Human Capital (2018), on the share of the adult population (25 to 64 years-of-age) with tertiary education
(ISCED 4, 5 or 6). As theory provides no clear guidance on the speed at which employers might adapt the
production process we have examined the importance of the share of university educated using lags of

either zero, five or ten years.

The data from the EWCS consists of repeated cross sections of the European population and therefore has
athree-level structure, with individuals nested in years nested in countries. In addition to simple descriptive
analyses, 3-level random effects regression will consequently be used in exploring the link between

educational expansion and technical change. Such a model can be written a

Yipc = BO + XipcBl + chBZ + eipc + Upc + U, (1)

where yio is the outcome variable, Bo an intercept, Xic a vector of level-1 variables, B1 a corresponding
vector of parameters, Z,. a vector of level-2 variables, B, a corresponding vector of parameters and sub-
indexes i, p and c denote observations at level-1 (here individuals), level-2 (periods) and level-3 (countries)
respectively. ejy is the level-1 residual with ejpc ~N(0,0%), upc is the level-2 residual with up,c ~N(0,0%,), and

Uc is the level-3 residual with uc ~N(0,024). In this setting, there are no level-3 variables.

However, as pointed out by Fairbrother (2014), when there are involve time-varying variables involved,
specification (1) runs the risk of conflating the effects of long-term trends in a variable with the effects of
short-term variations in the same variable. He proposed to de-mean the time related variables, so that (1)

becomes

Yipc = BO + XipcBl + (ch - ZC)BZ + ZCB3 + WpcB4 + eipc + Upc + Uc, (2)

where Z,. is the time-varying level-2 variable, and Z. is the mean of the same variable. B, here indicates the
effects of within and s the effects of between variation in Z, that is variation over time in Z within a country
and long-term differences between countries. In addition, Fairbrother (2014) suggested to include a time

variable, W, in the model to capture any trends in y unrelated to Z.

In their analysis of similar questions, Blundell et al. (2018) were concerned that reverse causality and
omitted variable bias, e.g. either of which could generate selective migration of higher educated workers
to areas with greater job complexity. An association between education and complexity would then not

indicate adaptation by employers to changing worker skills, but rather adaptations by workers to
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employers’ production decisions. To address this possibility, they suggested including a lagged measure of
the dependent variable, a measure which would capture initial differences in production technologies.” We

follow this suggestion here, leading to the equation

yipc = BO + XipcBl + (ch - ZC)BZ + ZCB3 + WpcBA + VC*BS + eipc + Upc + U, (3)

where y¢+ is the mean job complexity in each country in 1995 and Bs the corresponding parameter. This
specification is then estimated using only observations from the subsequent waves of the EWCS, implying

that the calculation Zc changes to only encompass the last three waves of the survey.

Finally, the starting point for the analyses of Blundell et al. (2018), was the idea that the speed at which
production technologies adapt in response to educational reforms may be dependent on the technologies
used initially. This is what Fairbrother (2014) labelled a “societal” growth model, i.e. a model in which some
time-invariant independent variable is associated with different rates of change in the dependent variable.

In our case, such a model can be written as

Yipe = BO + XipcBl + (ch - ZC)BZ + ZCB3 + WpcBél + YC*BS + Wpc*Yc*B6 + €jpc + Upc + Ug, (4)

and differs from the previous ones in that it includes an interaction term between the initial, country-

specific, production technology yc+ and time Wy..

3.5  Education and job complexity in Europe 1995 to 2015

An indication of the development of educational attainment is provided in Figure 2, which shows the share
of the adult population with degrees from higher education for Ireland, Italy as well as the mean share for
our 14 countries. Ireland and ltaly are here shown as they in 2015 are the countries with the highest
respectively the lowest share of the population with university degrees. As illustrated by the figure,
educational attainment has tended to increase at a relatively steady pace in all countries. However, the
figure also shows that there are notable differences between countries. In 1980, university education was
for instance around three times more common in Ireland than in Italy, with shares of 19 and 6 %
respectively. The absolute difference was in other words 13 percentage points. University enrolment then
grew in both countries, in 2015 reaching 52 % in Ireland and 19 % in Italy. Although educational attainment

more than doubled in Ireland, it increased even more in Italy. However, despite the faster Italian growth,

7 Blundell et al. (2018) also suggested accounting for additional heterogeneity through the use of instrumental variables. We have attempted
to implement this suggestion as well, using variations of the instruments utilized by Blundell et al. (2018), but none of the specifications
turned out be satisfactory.
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the absolute difference between the countries increased to 33 percentage points. There are in other words

substantial variation in educational attainment between and within countries, i.e. in our central

independent variable.

Figure 2.

60

50

40

% 30

20

10

Educational attainment in Europe. Share of adult population with higher education

degree (ISCED 4, 5 or 6).

1980 1985 1990

2000 2005

2015

-e- |E
—e—FEU14

----|T

Source: Wittgenstein Centre for Demography and Global Human Capital (2018). Wittgenstein Centre Data Explorer Version 2.0.

What could then be said about the link between the changes in the educational qualifications of the labour

force and the work process? A first impression of the evolution of job complexity in Europe is given by Table

3, showing descriptive statistics for the job complexity scores by year. As is evident from the table, there is

little indication of any dramatic changes in the distribution over time, the measures mean, standard

deviation, skewness, and kurtosis all remain relatively stable. Overall, job complexity during this twenty

year-period is characterized more by stability than by change.

Table 3. Job complexity in Europe, 1995 — 2015. Descriptive statistics
Year Mean Std. Dev. Skewness Kurtosis
1995 9.17 2.47 -0.59 2.86
2000 8.79 2.56 -0.54 2.75
2005 9.09 2.50 -0.58 2.86
2010 9.17 2.76 -0.55 2.79
2015 9.36 2.69 -0.55 2.78
Source: European Working Conditions Survey, own calculations.
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Table 4.

Job complexity in Europe, 1995 - 2015. 3-level random effects regression. Robust

standard errors in parenthesis.

Model 1 Model 2 Model 3 Model 4 Model 5
Fixed effects coefficients
Tertiary ed. % 0.035%** 0.035%** 0.005 0.006
(mean) (0.014) (0.014) (0.007) (0.007)
0.032%** -0.016 -0.010 -0.016
Terti d. % (diff.
ertiary ed. % (diff.) (0.007) (0.017) (0.014) (0.018)
Vear 2000 -0.380*** -0.336%**
(0.081) (0.110)
_ _ * 5k * 5k
Vear 2005 0.097 0.006 0.311 3.430
(0.088) (0.136) (0.095) (1.315)
Vear 2010 0.088 0.222 0.522%** 2.046
(0.108) (0.210) (0.114) (1.534)
* k% *k 3k %k 3k k *k 3k
Vear 2015 0.286 0.476 0.754 2.082
(0.076) (0.244) (0.154) (1.057)
Job compl. 1995 1.146%** 1.304%**
(country) (0.105) (0.138)
Job compl. 1995 * -0.338**
year 2005 (0.147)
Job compl. 1995 * -0.162
year 2010 (0.164)
Job compl. 1995 * -0.138
year 2015 (0.110)
9.215*** 8.195*** 8.122%*** -1.889* -3.360%**
Constant
(0.162) (0.440) (0.456) (0.953) (1.276)
Random effects variances
Countrv-vear 0.037 0.074 0.037 0.032 0.027
[ (0.007) (0.008) (0.006) (0.008) (0.007)
0.390 0.325 0.333 0.046 0.047
Country
(0.132) (0.131) (0.131) (0.020) (0.020)
L do-
.og Pseu © -202272.98 -202289.06 -202271.61 -170313.73 -170310.64
likelihood

analysis

No. of units of

Respondents = 85 847, country-

years = 70, countries = 14

Respondents = 72 010, country-

years = 56, countries = 14.

Notes: European Working Conditions Survey, own calculations. Maximum likelihood estimation, standard errors

clustered on country. *** = p <0.01, ** = p <0.05, * = p <0.10. Models 4 and 5 using only waves 2000, 2005, 2010 and

2015.
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Nevertheless, closer inspection of the means reveals that the distribution seems to have shifted slightly to
the left between 1995 and 2000 followed by successive rightwards shifts after 2000. However, these shifts
would appear rather minor given the massive changes in the qualifications of the labour force shown in
Figure 2. There, the share of the adult labour force with a degree from higher education on average almost
doubled, from 14 to 35 %. Despite the large and more or less continuous increase in educational

attainment, the measure of job complexity suggests rather limited changes in work organization.

A more systematic take on this problem is presented in Table 4, containing the results from the 3-level
random effects regressions of the job complexity index on mean educational attainment, variations in
educational attainment, and time. The models have here been kept simple, as theory does not provide any

clear guidance regarding model specification.

Model 1 shows the relationship between time and job complexity, and the results replicate the pattern in
the means observed above. We in other words see a marked decrease in mean complexity between 1995
and 2000, subsequent minor increases, and final increase between 2010 and 2015. While the initial
decrease in complexity seems difficult to align with the theoretical expectations, the ensuing evolution in

job complexity would at least coincide with the expansion of educational attainment.

An attempt at exploring this more directly seen in Model 2, showing the relationship between long- and
short-term differences in educational attainment and job complexity. Both estimates are positive and
significant, suggesting that increasing attainment indeed is associated with greater complexity. Interesting
is here also that the two coefficients are relatively similar, indicating that the effect of variations in
attainment within a country is about as large as the effect of the much larger differences between
countries.

However, as noted earlier time trends such as the one evident in Model 1 may confound substantive
relationships, and Model 3 therefore includes both sets of variables at once. As in Model 1 there are clear
indications that job complexity initially drops and then increases steadily over time. More importantly, even
after taking this time trend into account, the between effect of education remains almost unchanged and
clearly significant. This, in contrast, does not apply to the within effect. It would consequently seem as if
long-term differences in educational attainment are crucial to country differences in job complexity, while

changes in attainment within countries over time are of little importance.®

That variations between countries matter but that variations within countries don’t, would however seem
to suggest that it may not be education per se that influences the choice of production technology, but

rather some other unobserved country-specific factor. This is explored further in Model 4 in which the

8  Asitis unclear how quickly employers might respond to changing educational attainment in the workforce, the analyses in Models 2 and 3

have been repeated using 5- and 10-year lagged values of the educational variables. However, the results from these analyses (not shown)
did not differ substantively from those presented in Table 4.
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initial level of job complexity in each country (i.e. mean job complexity in 1995) is included in the model.
This model can thus be said to take production technology in 1995 as the baseline and examine how
differences in educational attainment are related to subsequent changes over time. While the time trend
is largely unchanged, showing a steady increase in complexity from 2000 onwards, none of the estimates
for the educational variables are now significant. This again indicates that the expansion of education that
has taken place within our 14 countries after 1995 has had no impact on job complexity, and also that our
suspicion that the between country differences observed earlier may be more related to some unobserved

background factor than to the observed differences in educational attainment.

Figure 3. Predicted evolution of job complexity by level of job complexity in 1995 (JC_95).
Confidence intervals in whiskers.
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Source: European Working Conditions Survey, own calculations. Figure based on results in Table 4, Model 5.

What this unobserved factor may be is of course unclear, but Model 5 nonetheless explores the notion that
starting point itself impacts on the changes in job complexity by introducing an interaction term between
time and the countries initial level of job complexity. As the estimates in the table are difficult to interpret,
Figure 3 presents the predicted evolution of job complexity for two levels of initial complexity. The two

levels illustrated, JC_95 =8 and 10, are equal to the highest and lowest values observed in the data.

As is clear from the figure, there are in these data only very weak indications of such an effect. The
difference between the predicted values for the high and low complexity countries does decreases from

2,6in 2000to 2,3 in 2015, yet the overall impression is that the two lines run roughly parallel to each other.
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There is thus little sign of initial laggards drawing upon the choices and experiences made by the leaders,
or of the leaders being able to build upon their initial advantage. While technological adaptation may be a
slow process, the 15-year period examined here would nonetheless seem sufficiently long for any such

processes to occur.

3.6 Conclusion: is education a trigger?

Much has been made of the importance of education as a vehicle for social change. It has among other
things often been said to be of vital importance for individual life chances, and educational reform was thus
a centrepiece of social policy in many countries. Lately, it has also been regarded as crucial for the success
of nations in the global marketplace. The arrival of the IT cum knowledge society has here been said to
require a substantial increase in the educational attainment of the citizens of industrial nations. However,
education has also been portrayed as the driver of the transformation of the workplace, with employers
responding to the increasing supply of highly educated workers by introducing changes in the organization
of work.

This paper has explored the validity of this second view, examining the link between educational expansion
and job complexity at the societal level. All in all, we find basically no support for the view that education
is the transformative force it has been made out to be. The simple descriptive analysis of changes in job
complexity provides no indications that the continuous educational expansion observed in the 14 countries
has produced a general increase in complexity. This conclusion is also borne out by the multivariate
analyses showing no relationship between changes in educational attainment and job complexity once the

starting level of complexity has been taken into account.

This conclusion is nevertheless accompanied by a number of caveats. First, both the time span examined
and the measures used may leave something to be desired. The period examined stretches from 1995 to
2015, with the educational data encompassing the years 1985 to 2015. While this may seem like quite an
extensive period, it may nonetheless be located between the breakthrough of the personal computer in
the 1980s and the recent introduction of artificial intelligence. This may be the reason for the lack of change
in job complexity, with most change occurring either before or after the period examined here. Moreover,
despite strong face validity, the measure of job complexity may still be unable to capture changesin certain
aspects of job complexity, mainly in more complex jobs, something that further complicates the
identification of changes over time. Most importantly, the multivariate analysis focuses exclusively on

means, rather than on the distribution of skill requirements that is the centrepiece of much of the debate.

Nonetheless, this analysis presents one of the more comprehensive analyses of this question to date. The
conclusion that education is not a driver of changes in job complexity would in turn imply that technological

change is an exogenous process.
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Appendix to Chapter 3

Table Al. European Working Conditions Survey, sample sizes by

survey and selected countries.

1995 2000 2005 2010 2015

Austria 393 510 1009 1003 1028
Belgium 407 562 1003 4001 2587
Denmark 281 374 1006 1069 1002
Finland 224 312 1059 1028 1001
France 2374 3220 1083 3046 1527
Germany 3817 4984 1018 2133 2093
Greece 404 550 1001 1037 1007
Ireland 138 226 1009 1003 1057
Italy 2137 2837 1005 1500 1402
Netherlands 743 1072 1025 1017 1028
Portugal 480 654 1000 1000 1037
Spain 1349 2099 1017 1008 3364
Sweden 429 567 1059 1004 1002
United Kingdom 2792 3710 1058 1575 1623
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Chapter 4

How important are general skills for vocationally
educated?

Rolf van der Velden, Ineke Bijlsma, Marie-Christine Fregin and Mark Levels
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4.1. Introduction

The question to what extent education systems in Europe effectively support the acquisition of skills that
maximize the future employability of students is an important theme for national and international
policymakers. The concern is that education fails to develop those skills that students need to help them
succeed in a globalised economy, where knowledge and innovation have become more important and
where flexibility on the labour market increasingly requires workers to assume responsibility for their own
employability (Autor, 2010; Levy, 2010; Allen and Van der Velden, 2013; Oesch, 2013; Arntz, Gregory and
Zierahn, 2016). This is concerning as education plays a central role in preparing future workers for these
increasing demands in knowledge, innovation capacity, flexibility, and entrepreneurship (OECD, 2010;
CEDEFOP, 2015; Humburg and Van der Velden, 2017).

The debate is especially relevant for vocational education. Here the discussion focusses traditionally on
whether education should primarily teach occupation-specific skills (Bishop, 1998) or whether more
attention should be paid to incorporating general skills in the curriculum. Over the years, many curricula
in vocational education have been redesigned to incorporate key skills like literacy and numeracy, but also
so-called 21° century skills (e.g., OECD 2013a: 94). Still, the empirical research gives mixed signals. On the
one hand there is clear evidence that in many countries, vocationally educated school-leavers from upper-
secondary education experience better quality school-to-work transitions than their generally educated
peers (Arum and Shavit, 1995; Shavit and Muller, 1998, 2000; Ryan, 2001, 2003; Van der Velden and
Wolbers, 2003; lannelli, and Raffe, 2007; Levels, Van der Velden and DiStasio, 2014a; for an overview see
Blommaert et al., 2020). And this seems to be driven by the comparative advantage that vocationally
educated have in terms of relevant occupation-specific skills.

On the other hand, there is evidence that general skills are key in driving success on the labour market.
So-called key information-processing skills such as numeracy and literacy are strong predictors of
unemployment risks, wages, job stability, career opportunities etc. (Levels, Van der Velden and Allen,
2014b; Hanushek et al. 2015; 2017a; Hampf, Wiederhold, and Woessmann, 2017). Moreover,
occupational task demands change during careers, and occupation-specific skills that were acquired in
education may be more at risk of becoming obsolete than general skills (Gould, Moav, and Weinberg,
2001; De Grip, Van Loo, and Mayhew, 2002; Hanushek et al., 2017b).

A major problem with some of the empirical studies so far, is that they rely on subjective self-ratings to
measure general and occupation-specific skills (e.g., Allen and Van der Velden, 2001; Green, 2013; Ramos
et al. 2013; Livingstone, 2017; Muja, Gesthuizen, and Wolbers, 2021). However, these subjective ratings
are prone to social bias (Verhaest and Omey, 2006; Van der Velden and Bijlsma, 2019) and might not be
a good indicator of the actual skill level. The strongest evidence therefore seems to come from studies
using direct tests to measure skills (e.g., OECD, 2013b; Levels et al., 2014b; Hanushek et al., 2015).
However, an association between general skills and wages does not imply that these skills are used and
thus lead to a high productivity.

To scrutinise the relation between general skills and wages, we use the recently developed concept of
effective skills (Van der Velden and Bijlsma, 2019). The underlying idea of effective skills is that skills can
only affect wages if they are put to productive use. It is the combination of possessing key skills and at the
same time using them at work, that affects productivity. By combining skill proficiency and skill use in one
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concept, the resulting association with wages is arguably an effect of using these general skills in the work
context.

We use data from the Programme for the International Assessment of Adult Competencies (PIAAC) to
explore the relationship between general skills and wages for 20-55-year-old workers in 25 countries with
advanced economies. Focusing on people who completed education at ISCED levels 3 or 4, we assess the
effect of general skills on wages for vocationally educated workers. To put this into perspective, we
compare the results for workers who followed a general track in upper secondary education. We run
analyses separately for male and female workers, from different age groups and working in sectors of
different R&D intensity. Moreover, we explore whether characteristics of the educational system
moderate this relation between general skills and wages for the vocationally educated. The PIAAC data
also allows us to assess how much people trained in vocational or general tracks differ in their skill
proficiency and which characteristics of the education system are most associated with a high proficiency
level.

In sum, we address the following two research questions:

1. Do general skills affect the wages of vocationally educated? Is this effect comparable to the effect for
those educated in general tracks? Does this differ by gender, age, and sector? To what extent do the
effects for vocationally educated differ between countries with different characteristics of the
education system?

2. Which characteristics of the education system are associated with a higher proficiency level of general
skills of the vocationally educated?

The results indicate that general skills strongly affect wages of vocationally educated workers and are not
less important than for generally educated workers. For vocationally educated males these effects are
specifically salient for prime age and older workers (36 and above). For vocationally educated females,
general skills are most important in the beginning of their career (20-35) and at prime age (36-45). The
associations vary with characteristics of the educational system, with stronger associations for
vocationally educated male workers in countries where the vocational orientation is high. We further
show that a strong vocational orientation of the educational system is not associated with the skill
proficiency levels of vocationally educated, but they are systematically related to the skills levels of those
educated in general tracks. A strong vocational orientation of the educational system leads to a more
selective group of students who follow the general tracks. This characteristic is thus associated with an
increasing gap between the vocationally and generally educated. Skill proficiency levels of vocationally
educated are not systematically related to whether vocational programs in a country are primarily school-
based or workplace-based.

4.2. Theory

A recent meta-analysis by Blommaert et al. (2020) shows that the vocational orientation of a country’s
education system is generally associated with positive labour market outcomes, although the magnitude
of the effect is modest at best and the effect is mainly driven by the vocational specificity of the underlying
vocational programs. The results of the meta-analysis confirm previous research showing that vocationally
educated have relatively smooth education-to-work transitions (Shavit and Muller, 1998; Ryan, 2001,
2003; Van der Velden and Wolbers, 2003; Levels et al., 2014a).
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There are two complementary explanations for the positive effect of vocational education on labour
market outcomes. The human capital explanation is that vocationally educated school-leavers are
equipped with skills directly deployable at the labour market, thus making them relatively attractive for
employers (Ryan, 2001, 2003; Hoffman, 2011). Indeed Muja et al. (2021) show that occupation-specific
rather than general skills drive the labour market success of upper secondary vocationally educated. And
Humburg and Van der Velden (2015) show that employers value occupation-specific skills much more
than general skills when hiring tertiary education graduates. The social network explanation is that
vocationally educated often have close contacts with prospective employers during their initial training
(e.g., via an internship or an apprenticeship), which leads to a smooth transition to the labour market
(Ryan, 2001, 2003; Van der Velden and Wolbers, 2003. Baert et al., 2021; Muja et al., 2021). For example,
Baert et al. (2021) show that job applicants with an internship experience have a higher probability to be
invited to a job talk.

At the same time, there is clear evidence that general skills such as literacy and numeracy are very strong
predictors of unemployment risks, wages, job stability, career opportunities etc. (OECD, 2013b; Levels et
al, 2014b; Hanushek et al. 2015; 2017a; Hampf et al., 2017; Verhaest et al., 2018). Moreover, there is
evidence that the better employment prospects associated with a vocational qualification in the school-
to-work transition seem to reverse later in life (Hanushek et al., 2017a; Forster, Bol and Van de Werfhorst,
2016).

Some of the previous studies on the effect of general skills rely on indirect measures of skill proficiency,
such as self-ratings by workers (Allen and Van der Velden, 2001; Muja et al., 2021; Green, 2013). However,
self-ratings are prone to biases such as boasting (Hartog, 2000; Verhaest and Omey, 2006) and are unlikely
to provide a valid estimate of a worker’s actual skill level. The empirical support for the relevance of
general skills therefore seems to rely primarily on studies that use direct skill measures (tests) to assess
the worker’s proficiency level (e.g., OECD, 2013b; Hanushek et al., 2015; Levels et al., 2014b). But these
studies are not entirely convincing either. The fact that certain skills are associated with wages, does not
imply that they are causing an increase in the productivity and thus to wages.

A simple example may illustrate the point. In most jobs, piano playing skills will not have any impact on
the work productivity (except of course in the case of a professional pianist). Suppose we would have a
testin which we measure the piano playing skills of workers and correlate that with wages. Most probably,
these piano playing skills would show a significant correlation with wages, simply because they are
correlated with other skills that are relevant in the job. If these other skills are not controlled for, one
could wrongly conclude that piano playing skills affect wages. This is known as the omitted variable bias.
The same might hold for the above-mentioned studies on the effect of general skills. The omitted variable
bias implies that in those studies, the effect of general skills on wages might be overestimated. This
situation might hold even stronger for the vocationally educated as relevant occupation-specific skills are
usually not measured (Baetghe et al., 2006), although they are arguably important for the productivity in
the job.

Recently, an approach has been developed that provides a more solid theoretical foundation for the effect
of skills on wages: the effective skill concept (Van der Velden and Bijlsma, 2019). The basic idea is the
following. Employers reward employees only for skills that are being used in the job, not for skills that are
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never used.® In other words, it is the combination of having a high skill proficiency level and the ability to
use those skills in the job which makes a worker productive. Put alternatively, it is the product of skills
proficiency and skill use that affects the productivity in a job. Returning to the example of the piano
playing skills: the wage effects of piano playing skills are best modelled as the piano playing proficiency
multiplied with the actual use of these skills in the job. This would lead to an impact on wages for
professional pianists but not for workers who have piano playing skills, but do not have to use them at
work.

Van der Velden and Bijlsma (2019) demonstrate the application and usefulness of the concept in an
empirical analyse using PIAAC data. PIAAC does not only measure the proficiency of a worker in domains
like numeracy and literacy, but also the use of these skills in the work context. They construct two scales
based on items that reflect the use of numeracy and literacy skills at work: five items on the use of
numeracy skills at work (e.g., “In your job, how often do you usually a) calculate prices, costs, or budgets,
b) use or calculate fractions, decimals, or percentages”) and seven items on the use of reading skills at
work (e.g., “In your job, how often do you usually a) read directions or instructions, b) read letters, memos,
or e-mails”). First, they use a standard Mincerian wage regression to show the main effects of skill
proficiency and skill use. Next, they include the interaction term, and show that only the interaction term
is significant (Van der Velden and Bijlsma, 2019: Table 1). In other words: there is no effect of numeracy
or literacy on wages, other than by using these skills. They then define the concept of effective skill as the
multiplicative function of skill proficiency and skill use and take this up in the other analyses, instead of
the separate variables of skill proficiency and skill use. They show that this concept is superior to other
concepts in defining skills or skill mismatches. Note that the concept of effective skill also reduces
concerns about the omitted variable bias. If we find an effect of effective numeracy or effective literacy
on wages, we have a stronger case that these skills really affect the productivity, because they can only
affect wages by being used at work.

4.2.1 Individual level hypotheses

We use the effective skill concept, to estimate the effect of general skills for the vocationally educated
workers and compare this estimate with the effect for workers trained in general tracks. Given the relative
importance of occupation-specific skills for the vocationally educated, we might expect that general skills
are somewhat less important for the vocationally educated than for those educated in general tracks.

H1. General skills are important for the wages of vocationally educated, but relatively less than for the
generally educated.

We have no a priori reason to expect that the wage effects of general skills are different for female or
male workers. However, we do expect that these effects might change over the career. In the beginning
of a worker’s career, an employer has no information yet on the skills that a worker possesses, as these
cannot be easily observed. Research has shown that young age workers are paid primarily based on signals
(e.g., credentials) rather than actual skills (Spence, 1973; Weiss, 1995; Altonji and Pierret, 2001). We can
therefore assume that general skills will be more relevant for the wages of prime age and old age workers

9 Van der Velden and Bijlsma (2019) argue that this holds for most skills, except for certain very specific skills that are required at a
high proficiency level, but are seldom used, e.g., an aircraft pilot’s ability to deal with emergency situations.
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compared to young age workers (cf. Van der Velden and Bijlsma, 2019). Given the possible obsolescence
of occupation-specific skills over time, we expect this to be stronger for vocationally educated workers:

H2. The wage effects of general skills are stronger for prime age and old age workers than for young age
workers. This should hold stronger for the vocationally educated.

We may also assume that general skills are more important in sectors that are rapidly changing. In times
of change, workers need to adapt to new situations as their occupation-specific skills have become
obsolete (De Grip et al., 2002). In such a situation general skills become more important for a worker’s
productivity. This will be specifically relevant in sectors with a high R&D intensity, as occupations in these
sectors change more rapidly, e.g., when new technologies or knowledge are adapted. We therefore
expect the effect of general skills on wages to be more relevant in sectors characterised by a high R&D
intensity.

H3. General skills are more important for the wages of workers in sectors with a high R&D intensity. This
should hold for vocationally and generally educated.

4.3.2 Education-system level hypotheses

As Levels et al. (2014b) have demonstrated, the role of skills in explaining wages differs between
countries. Depending on institutional characteristics of the education system, we therefore expect that
general skills are likely to differ in their relevance for the wage setting. Two characteristics of an
educational system are specifically relevant for the vocationally educated. One is the vocational
orientation often operationalized as the share of vocationally educated in upper secondary education
(Allmendinger, 1989; Lavrijsen and Nicaise, 2012; Bol and Van de Werfhorst, 2016). One can argue that
countries with a strong vocational oriented educational system can often be characterized as
Occupational Labour Markets (OLMs, see Maurice, Sellier & Silvestre, 1986; Marsden, 1990). In OLMs,
workers are recruited based on their skills, rather than their trainability (Estévez-Abe, Iversen, and
Soskice, 2001; Hall and Soskice, 2001; Gangl, 2004). These skills affect the worker’s productivity and relate
to occupation-specific skills as well as more general skills. We thus expect that:

H4. General skills are more important for the wages of vocationally educated when the vocational
orientation of the educational system is high.

The reverse is true for the vocational specificity of the system. This characteristic refers to the share of
vocationally educated pupils that follows a workplace-based program (dual education) instead of a school-
based program (Bol and Van der Werfhorst, 2016; Muja, 2021). In workplace learning, the emphasis is
more on occupation- and firm-specific skills, while in school-based vocational programs there is more
emphasis on acquiring general skills (Deissinger, 2018). We thus expect that the relevance of general skills
for wages is less important in countries where the vocational programs are workplace-based rather than
school-based. We expect that:

H5. General skills are less important for the wages of vocationally educated when the vocational specificity
is high.
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Under the assumption that general skills are indeed relevant for the wages of vocationally educated, it is
interesting to explore which characteristics of educational systems are most strongly associated with high
levels of such skills. In line with the literature (OECD, 2013b), we expect that skill proficiency levels are
positively associated with the years of schooling and negatively with having followed a vocational track
instead of a general track. This means that we should control for these individual characteristics when
looking at the effect of system characteristics. Heisig and Solga (2015), also using PIAAC data, find that
the mean skills of intermediate-educated adults are higher in countries with a stronger vocational
orientation and that higher degrees of vocational orientation of upper-secondary education are
associated with smaller skills gaps between low educated (ISCED 1 or 2) and intermediate educated (ISCED
3 and 4). However, they do not differentiate between those who followed a vocational track versus those
people who followed a general track. But this distinction is relevant and not controlling for having followed
a vocational track may lead to wrong conclusions. This is because on the one hand a strong vocational
oriented system may lead more students to follow a vocational track, which in itself is associated with
lower skill proficiency levels. But at the same time, in countries with a strong vocational orientation, the
choice for such a vocational track is a positive selection rather than a negative selection (Shavit and Miiller,
1998). And the curricula might include more general skills than the curricula of vocational tracks in
countries where a vocational track is an exception rather than the rule. If one compares the vocationally
educated in strong and weak vocational oriented systems, the former will have higher skill proficiency
levels. A similar argument holds for those who followed a general track. The choice for a general track in
countries that are more vocationally oriented, is even more selective and based on a higher initial level of
general academic skills. We therefore expect:

He6. Controlling for years of schooling, general skill proficiency levels of vocationally educated are higher
in countries where the vocational orientation is high. The same should hold for the generally educated.

As indicated before, workplace learning is more associated with the acquisition of occupation- and firm-
specific skills than with the acquisition of general skills. As OECD (2010: 60) indicates, countries in which
workplace-learning is the dominant mode of teaching in vocational education, generally pay little
attention to general skills like numeracy and literacy. We therefore expect that:

H7. Controlling for years of schooling, general skill proficiency levels of people with a vocational degree
are lower in countries where the vocational specificity is high.

4.3 Data and model of analysis

4.3.1 The PIAAC data

We make use of the PIAAC data set (OECD, 2013b, 2013c), which assesses the proficiency of the adult
population in key information-processing skills in OECD countries. The survey is designed to be cross-
culturally and cross-nationally valid. We make use of the 1%t and 2" wave, carried out in 2011/2012 and
2014/2015 respectively, totalling 32 countries and some 216,000 respondents. The national samples are
representative samples of non-institutionalized persons aged 16-65. Most countries have around 5.000
respondents in the sample, except for Canada which has more than 27,000 respondents. We took a
random sample of some 20% from the Canadian dataset to avoid an overrepresentation of the Canadian
sample in the total data set. We further excluded Australia from our analyses, because of data protection
rules, and the Russian Federation because of data quality issues. Moreover, we excluded countries with
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missing information on the educational system characteristics. This was the case for Cyprus, Estonia,
Lithuania, New Zealand, and Singapore. For all analyses, we only selected respondents whose highest
achieved level of education is ISCED 3 or 4, as we would like to concentrate on those educated in
vocational and general tracks in upper secondary education. Moreover, we leave out the 16-19-year-olds
as they will not have finished a full upper secondary qualification yet.

The next selection steps are different for the first part of the analyses (concentrating on the effect of
general skills on wages) and the second part of the analysis (concentrating on the relation between
education system characteristics and the achieved proficiency levels). For the wage analyses, we selected
all employees aged 20-55 with a minimum working week of twelve hours or more.® The reason to leave
out workers aged 56 or older is because countries differ strongly in retirement age. We also dropped self-
employed, workers who are employed as an apprentice or still in education as well as non-paid family
workers and armed forces. This is because for these workers the relation between skills and income or
wages is more arbitrary. Finally, we only selected respondents for whom we have valid information on
skill proficiency, skill use and hourly wages and the control variables. Note that the item non-response in
PIAAC is very low. This leaves us with an analytical sample for the wage analyses of 26,835 observations
in 25 countries.

For the analysis on achieved proficiency levels, we selected all respondents aged 20-35 (whether working
or not) and examine whether characteristics of the education system are associated with cross-national
differences in skill proficiency levels. The reason to select only young people is because we are interested
in the relation between characteristics of the education system and the achieved skill proficiency levels,
which would be more obscured if the time since leaving education is too long. Ideally, we would like to
have respondents who just finished their study program and had no labour market experience yet.
Unfortunately, that would leave only a handful of observations. The focus on 20-35-year-olds seems to
provide a good balance between having a sample that left education not too long ago, and an analytical
sample with enough observations per country. This leaves us with an analytical sample for the skill
proficiency analyses of 22,516 observations in 25 countries.

4.3.2 Dependent variables
The dependent variable in the wage analyses is the log hourly wage, excluding bonuses and PPP converted

to US dollars. Wages were trimmed per country leaving out the 1° and 99" percentile of the respondents
in each country (the wage trimming was done on the full sample, not the selected sample).

The dependent variable in the skill proficiency analyses is the numeracy and literacy proficiency score.
PIAAC assesses the proficiency of respondents in three key information-processing areas: numeracy,
literacy and problem solving in technology-rich environments. In this paper we only focus on numeracy
and literacy.!! Adaptive testing and item response techniques were used to calculate 10 plausible values
for each of these two domains. Together, these plausible values on numeracy and literacy provide an
unbiased estimate of the ‘real’ score if the respondent would have taken all the numeracy and literacy

10 We ran similar analyses for fulltime working employees (fulltime defined as working 32 hours or more) and the
results are substantially the same.

11 The reason to leave out problem solving is that around one third of the respondents did not take the test, because they lacked
computer skills or because they choose to only use paper-and-pencil tests (which was not available for the problem-solving
domain). Moreover, some countries (France, Cyprus, Spain, and Italy) decided not to have the test at all.
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related items (OECD, 2013c). The numeracy scale has a range from 0 to 500 with an OECD international
average of 273 and the literacy scale has a similar range with an OECD average of 270.

4.3.3 Main predictors

The main predictors in the wage analysis are the effective numeracy and effective literacy. This is
calculated as the product of the standardised skill proficiency and the standardised skill use in the same
domain. Before calculating the product term, both variables were weighted according to their relevance
for wages (see Van der Velden and Bijlsma, 2019, for details). The use of numeracy and literacy skills is
calculated as the average score of five (numeracy) respectively seven (literacy) items. Example items are:
“In your job, how often do you usually a) calculate prices, costs, or budgets” and “In your job, how often
do you usually read letters, memos, or e-mails”, with response categories ranging from “1. Never” to “5.
Every day”. After calculating the effective numeracy and effective literacy score, these were standardised
again (on the whole sample).

In the analysis, we differentiate between respondents who followed a general track or a vocational track.
This information was based on the coding by national experts of the national programs into either
vocational or general (OECD, 2013c). Some programs however could not be assigned to either vocational
or general, as they might be both, depending on the specific curriculum followed. This was the case in
seven countries (Belgium, Denmark, Italy, Japan, Sweden, the UK, and the US). For these countries, we
used information on the field of study to assign respondents to either vocational or general. If the field of
study was Engineering, Agriculture or Services, the respondent was assumed to have followed a vocational
course. In all other cases, we assigned respondents to a general program.

As the relations are expected to differ between age groups (see section on hypotheses), we differentiate
the wage analyses by age group, differentiating young age workers (20-35), prime age workers (36-45)
and old age workers (46-55).

R&D intensity is a taxonomy of industries developed by the OECD according to their level of R&D intensity,
i.e., the ratio of R&D to value added within an industry (Galindo-Rueda and Verger, 2016). Manufacturing
and non-manufacturing activities are clustered into 5 groups (high, medium-high, medium, medium-low,
and low R&D intensity industries). Note that in this classification, public sectors such as government,
education and health care are excluded. We therefore added ‘missing classification’ as a sixth category

4.3.4 Control variables
We have the following control variables

e years of schooling: This is taken up because the qualifications at ISCED level 3 and 4 vary in length and
level. Research has shown that this affects the wage returns (Friedrich and Hirtz, 2021). The scores
range from 9 to 18 years.

e Gender: male vs female

e Age and age square

e  Parttime worker: distinguishing between fulltime workers (32 hours or more per week; coded as 0)
and parttime workers (12-31 hours per week; coded as 1)
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e labour market status: three dummies distinguishing between fulltime workers (32 hours or more per
week), part time workers (up to 32 hours per week) and non-working (this control is taken up in the
analysis with skill proficiency as dependent variable).

Table Al and A2 in the Appendix provide the descriptive statistics of the individual level variables.

4.3.5 Country characteristics
For the characteristics of the education system, we use two measures. For the vocational orientation, we

use two data sources measuring the percentage of students enrolled in upper secondary vocational
programs (OECD, 2006; UNESCO, 2011). For the vocational specificity, we use the percentage of upper
secondary vocational education that takes place in a dual system (OECD, 2007). To compare the impact,
both variables are standardized. Table A3 in the Appendix provides the descriptive statistics for the 25
countries in question.

4.3.6 Statistical model
All analyses are done separately for males and females. This is because both the choice of educational

programs at the upper secondary level and the allocation to certain occupations, is highly segregated by
gender (e.g., Kriesi and Imdorf, 2019; Sinclair, Nilsson, and Cederskéar, 2019). This has an impact on the
acquisition of literacy and numeracy skills at school, as well as on the effect of these skills on wages. We
also run all analyses separately for numeracy and literacy.

For the wage analysis, we start with the following basic model:

LnWic = ac + B1ESic + B2VOCic + B3Y0Sic + BaClic + Uic + wc [1]

where LnWi. is the natural log of the hourly wage of individual i in country c; a. is the country-specific
constant; ESic the effective skill, VOCic is a dummy for having followed a vocational track, YoS;. the years
of schooling, and Cl;.a vector with control variables (age, age square, parttime dummy). The idiosyncratic
error term at the individual level is represented by vic whereas w.refers to the country-level error term.

Next, we run Eq. 1 separately for generally and vocationally educated; young age, prime age and old age
workers; and workers in sectors of different R&D intensity.

Then we add characteristics of the country’s vocational education system:
I-nWic =0+ BlESic + BZVOCic + B3Yosic + B4Cic + BSEC + B6E5ic * Ec + Uic + W¢ [2]
where E. is a vector of vocational education characteristics (vocational orientation, vocational specificity).

In the second part of the analyses, we look at the skill proficiency level and how that is related to
characteristics of the country’s vocational education system. The specified model is:

SPic = o + + B1VOCic + B2Y0Sic + B3C2ic + BaEc + BsSPic * Ec + Uic + W [3]
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In which SPi. is the skill proficiency level individual, and C2ic a vector with control variables (age, age
square, labour market status). Next, we run Eq. 3 separately for vocationally educated and those educated
in general tracks.

4.4 Results

Table 1 presents the results of Eq. 1 estimating the general wage effects of effective key skills for all male
and female working employees with an ISCED 3 or 4 qualification level. We observe strong wage effects
for effective numeracy and effective literacy for both male and female workers. In general, the wage
returns to effective key skills are similar for male and female workers. The effect of one standard deviation
increase in effective numeracy or literacy is associated with a wage increase of 15% for male workers and
with 16% for female workers. But this similar wage effect hides strong differences between the generally
and vocationally educated male and female workers. In the case of vocationally educated workers, the
wage effects of one standard deviation increase in effective numeracy or literacy is 17% for the female
workers and 11% for the male workers.

For the generally educated workers, we find the opposite. Here the wage effects of one standard deviation
increase in effective numeracy or literacy is 19% for the male workers and 13% resp. 14% for the female
workers We can therefore conclude that in line with H1 general skills affect the wages of vocationally
educated. For males we conclude that, again in line with H1, these effects are less strong than for those
educated in general tracks. However, for female workers the opposite is true. General skills are even more
important for vocationally educated female workers than for female workers educated in general tracks.
This holds for effective numeracy (17% versus 13%) and for effective literacy (17% versus 14%). This is
probably because females with a vocational ISCED 3 or 4 qualification, work in other occupations than
their male counterparts, e.g., in health care, retail, or personal services. These occupations more often
require higher levels of general skills. Note however that the confidence intervals overlap. A separate
analysis, not shown here, with an interaction term, indicates no significant difference.

When we look at the different age groups, we observe some interesting results. Concentrating on male
workers first, we see no significant effect of effective general skills for young age workers. This confirms
earlier findings that young age workers are paid based on signals rather than their real skills (Altonji and
Pierret, 2001). For prime age workers, we do observe a significant effect for both the generally and the
vocationally educated male worker. This effect is — as expected — stronger for the generally educated
worker than for the vocationally educated male worker. Note however, that the effects are significant at
the 5% level only. The strongest effects are observed for the older workers, where the wage effects for
the generally educated male workers are stronger than for the vocationally educated male workers. It
thus seems that in the first phase of the working career of male vocationally educated workers, general
skills are not so important yet. However, after age 35 these skills increasingly determine the productivity
of these workers. This might have to do with the fact that they must deal with technological changes that
increasingly require general skills to cope with. For female workers, the picture is quite different. Here we
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Table 1a: Effective numeracy and earnings by age: male employees

Technequality

1 la 1b 2a 2b 3a 3b 4a 4b
VARIABLES youngage youngage prime age primeage old age old age
all general vocational general vocational  general vocational general vocational
Vocational degree -5.953
(7.572)
Effective numeracy (mean 0, sd 1) 14.542%** 19.148***  11.207*** 6.699 4.428 21.238%* 12.875** 38.230%**  21.601***
(3.213) (5.575) (3.953) (9.346) (8.008) (9.264) (5.873) (11.051) (7.351)
Observations 14,412 4,400 10,012 1,567 2,982 1,631 3,947 1,086 2,810
Number of groups 25 24 25 23 25 23 25 24 25
Standard errors in parentheses; coefficients multiplied by 100
*** n<0.01, ** p<0.05, * p<0.1
Controls include age, age2, years of schooling, dummy parttime plus country dummies
Selection on male employees (with working week of 12 hour or more), aged 20-55 with ISCED 3 or 4
Table 1b: Effective literacy and earnings by age: male employees
1 la 1b 2a 2b 3a 3b 4a 4b
VARIABLES youngage youngage prime age primeage oldage old age
all general vocational general vocational  general vocational general vocational
Vocational degree -5.852
(7.574)
Effective literacy (mean 0, sd 1) 14.667***  19.071***  11.485%** 7.966 5.873 20.723** 13.742** 37.558***  20.180***
(3.210) (5.551) (3.956) (9.226) (7.905) i (9.222) (5.898) (11.130) (7.410)
Observations 14,412 4,400 10,012 1,567 2,982 1,631 3,947 1,086 2,810
Number of groups 25 24 25 23 25 23 25 24 25
Standard errors in parentheses; coefficients multiplied by 100
*** p<0.01, ** p<0.05, * p<0.1
Controls include age, age2, years of schooling, dummy parttime plus country dummies
Selection on male employees (with working week of 12 hour or more), aged 20-55 with ISCED 3 or 4
Table 1c: Effective numeracy and earnings by age: female employees
1 la 1b 2a 2b 3a 3b 4a 4b
VARIABLES youngage youngage prime age primeage oldage old age
all general  vocational  general vocational  general vocational general vocational
Vocational degree 2.971
(8.190)
Effective numeracy (mean O, sd 1) 16.102%** 13.379%* 17.457%** 14.657* 29.334%** 17.200* 13.878* 12.186 14.314
(3.603) (5.303) (4.888) (8.022) (9.542) " (9.078) (7.786) f (10.722) (8.843)
Observations 12,423 4,780 7,643 1,398 1,956 1,847 3,036 1,358 2,413
Number of groups 25 24 25 23 25 23 25 24 25
Standard errors in parentheses; coefficients multiplied by 100
*** n<0.01, ** p<0.05, * p<0.1
Controls include age, age2, years of schooling, dummy parttime plus country dummies
Selection on female employees (with working week of 12 hour or more), aged 20-55 with ISCED 3 or 4
Table 1d: Effective literacy and earnings by age: female employees
1 la 1b 2a 2b 3a 3b 4a 4b
VARIABLES youngage youngage prime age primeage oldage old age
all general vocational  general vocational  general vocational general vocational
Vocational degree 2.791
(8.185)
Effective literacy (mean O, sd 1) 16.087***  14.083***  16.898*** 12.799 24.904%** 18.171%* 15.203** 15.041 13.851
(3.604) (5.319) (4.875) (7.937) (9.396) " (9.125) (7.736) (10.897) (8.969)
Observations 12,423 4,780 7,643 1,398 1,956 1,847 3,036 1,358 2,413
Number of groups 25 24 25 23 25 23 25 24 25

Standard errors in parentheses; coefficients multiplied by 100

*** p<0.01, ** p<0.05, * p<0.1

Controls include age, age2, years of schooling, dummy parttime plus country dummies

Selection on female employees (with working week of 12 hour or more), aged 20-55 with ISCED 3 or 4
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find the strongest effects of effective numeracy and literacy for vocationally educated young age workers.
In the case of literacy, these skills are also relevant for both generally and vocationally educated prime
age workers, but at the 5% significant level only. For older female workers, we observe no wage effects
of effective skills. We can thus only partly confirm H2. The wage effects of effective literacy and numeracy
are stronger for old age workers compared to young age workers, but this only holds for males. For female
workers, the results are rather the opposite and for them H2 must be refuted.

Table 2a: Effective numeracy and earnings by R&D i ity: male fulltime employee:
la 1b 2a 2b 3a 3b 4a 4b 5a 5b 6a 6b
VARIABLES R&D =low (1) R&D =low (1) R&D =2 R&D =2 R&D =3 R&D =3 R&D=4 R&D=4 R&D = high (5) R&D = high (5) R&D = missing R&D = missing
general vocational general vocational  general  vocational  general  vocational general vocational general vocational
N 4 14 14 v 14 4 14 v
Effective numeracy (mean 0, sd 1) 27.497*** 14.529%** 19.433 8.062 12.086 25.169** 18.753 -8.139 -4.329 -0.278 -9.579 14.698
(7976) | (5603) | (13552 | (9.433) | (23.281) | (11043)  (16247) | (12642) | (21.662) | (25111) | (13.877) (1.163)

N v v v v v r v v v y v v
Observations 2,444 5,380 531 1,388 194 616 391 1,071 97 211 743 1,346
Number of groups r 23 r 25 " S r 21 T s r 23 T s r 18 I 22 r 23 r 25
Standard errors in parentheses; coefficients multiplied by 100
**% p<0.01, ** p<0.05, * p<0.1
Controls include age, age2, years of schooling, dummy parttime plus country dummies
Selection on male employees (with working week of 12 hour or more), aged 20-55 with ISCED 3 or 4
Table 2b: Effective literacy and earnings by R&D i ity: male fulltime employ

la 1b 2a 2b 3a 3b 4a 4b 5a Sb 6a 6b
VARIABLES R&D =low (1) R&D =low (1) R&D=2 R&D=2 R&D=3 R&D=3 R&D=4 R&D=4  R&D = high (5) R&D = high (5) R&D = missing R&D = missing
general vocational  general vocational  general  vocational  general  vocational general vocational general vocational
—— 4 v v v v v v
Effective literacy (mean 0, sd 1) 24.246%** 9.442 -2.915 18.852 12.056*** 46.851 7.881 0.032 -20.911 0.271 4.345 23.255%*%
®127) | (8350) | (15699) | (142120 " (39ss) | (290780) | (s.142) | (16680) | (28060) | (23268) | (10085 | (7.949)

. v 14 14 14 14 r v 14 v r 14 v
Observations 2,460 3,407 434 787 64 121 173 373 86 116 1,563 2,839
Number of groups T o " " T s T n - T oou T 17 f 20 r 23 "
Standard errors in parentheses; coefficients multiplied by 100
**% p<0.01, ** p<0.05, * p<0.1
Controls include age, age2, years of schooling, dummy parttime plus country dummies
Selection on male employees (with working week of 12 hour or more), aged 20-55 with ISCED 3 or 4
Table 2c: Effective numeracy and earnings by R&D i ity: female fulltime employees

la 1b 2a 2b 3a 3b 4a 4b 5a Sb 6a 6b
VARIABLES R&D =low (1) R&D =low (1) R&D=2 R&D=2 R&D=3 R&D=3 R&D=4 R&D=4  R&D = high (5) R&D = high (5) R&D = missing R&D = missing
general vocational  general vocational  general  vocational  general  vocational general vocational general vocational
. v v v v v v v v
Effective numeracy (mean 0, sd 1) 27.570%** 14.625%** 19.787 8.213 7.433 21.870%* 19.056 -6.250 -0.821 7.884 -10.545 14.111

4 4 4 4 4 4 4 14 4 4 4

(7.963) (5.599) (13.300) (9.510) (23.395) (11.035) (15.957) (12.716) (21.918) (25.327) (13.907) (11.088)
N 4 4 4 14 4 4 4 4 4 4 4 4

Observations 2,444 5,380 531 1,388 194 616 391 1,071 97 211 743 1,346

Number of groups f 23 f 25 " " s 21 25 23 " ! 18 22 23 r 25

Standard errors in parentheses; coefficients multiplied by 100

*%% p<0.01, ** p<0.05, * p<0.1

Controls include age, age2, years of schooling, dummy parttime plus country dummies

Selection on female employees (with working week of 12 hour or more), aged 20-55 with ISCED 3 or 4

Table 2d: Effective literacy and earnings by R&D i ity: female fulltime employee:
la 1b 2a 2b 3a 3b 4a 4b 5a Sb 6a 6b
VARIABLES R&D =low (1) R&D =low (1) R&D=2 R&D=2 R&D=3 R&D=3 R&D=4 R&D=4  R&D = high (5) R&D = high (5) R&D = missing R&D = missing
general vocational  general vocational  general  vocational  general  vocational general vocational general vocational
Effective literacy (mean 0, sd 1) aasse " 7263 " 1208 23.431% 11.885%** sagsl* | 8130 | 3093 | -16.105 -0.138 " 462 21.853***

4 4 4 4 14 4 v 4 v y y
(8.150) (8.349) (15.996) (14.172) (3.864) (29.755) (5.156) (16.685) (28.264) (22.966) (10.078) (7.892)

Observations f 2,460 f 3,407 f 434 787 64 121 173 373 86 116 f 1,563 [ 2,839
Number of groups f 24 f 25 " n 25 20 23 23 24 17 20 ! 23 r 25
Standard errors in parentheses; coefficients multiplied by 100

*#¥% p<0.01, ** p<0.05, * p<0.1

Controls include age, age2, years of schooling, dummy parttime plus country dummies

Selection on female employees (with working week of 12 hour or more), aged 20-55 with ISCED 3 or 4
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Table 2 shows whether the results are heterogeneous according to the R&D intensity of the sector. In
general, we see no clear association between the effect size of our effective skill measures and the R&D
intensity of the sector in which one is working. Moreover, the effects are not the same for male and
female workers. The only sector in which both male and female workers experience a strong effect of
general skills are the sectors with the lowest R&D intensity (this includes e.g., Construction, Wholesale
and retail trade, Transportation and storage, Accommodation and food service activities, and Financial
and insurance activities). This holds for generally educated workers in the case of both effective numeracy
and literacy and for vocationally educated workers only for numeracy. All other effects are not
systematically the same for male and female workers or for effective numeracy and literacy. Overall, we
conclude that the wage effects of effective numeracy and literacy are not systematically related to the
R&D intensity of the sector. We therefore refute H3.

Tables 3a-b present the results of Eq.2. Here we are interested whether the wage effects of general skills
are context dependent. Do characteristics of the education system, affect this relation? In H4, we
postulated that: ‘General skills are more important for the wages of vocationally educated when the
vocational orientation is high’. We can confirm this for the male workers. Both for numeracy and literacy,
we find a significant interaction effect of effective skill with the strength of the vocational orientation.?
In an educational system with an average vocational orientation, the effect size of effective numeracy
(literacy) is 4.7 (6.0). This means that in such countries, a one standard deviation increase in effective
numeracy (literacy) yields a non-significant wage increase of 5% (6%). However, in countries in which this
vocational orientation is one standard deviation higher, the corresponding wage increase is 15% (14%)3.

For vocationally educated female workers, the interaction effect is not significant. Here we observe that
in educational systems with an average vocational orientation, the effect size of effective numeracy
(literacy) is already much higher than for males. In such countries, a one standard deviation increase in
effective numeracy (literacy) yields a significant wage increase of 14% (13%). In countries in which the
vocational orientation is one standard deviation higher, the corresponding wage increase for females is
19% (19%). Although the effect size is larger, the difference is not significant. We thus conclude that H4 is
confirmed for males, but not for females. For vocationally educated males, general skills are more
important in countries with a strong vocational orientation. For vocationally educated females, general
skills are always important regardless of the level of vocational orientation.

As a side note, we find a negative interaction effect of vocational orientation for the generally educated
female workers. In educational systems with an average vocational orientation, a one standard deviation
increase in effective numeracy or literacy yields a wage increase for these workers of 16% and 17%
respectively. In countries in which the vocational orientation is one standard deviation higher, the wage
drops with 12% and 13% respectively. We did not postulate any hypothesis for this, and we also have no
post-hoc explanation why this would be the case.

In H5 we postulated that: ‘General skills are less important for the wages of vocationally educated when
the vocational specificity is high.” The results do not confirm this hypothesis. None of the models show a
significant interaction effect of effective skill with the specificity of the vocational system. This means that
for vocationally educated workers, general skills are always important, regardless of whether they were
trained in countries where the vocational program is primarily school-based or workplace-based.

12 In this equation we looked at vocational orientation as a continuous variable. We ran similar analyses using a dummy distinguishing weak and
strong vocational oriented systems and the results are substantially the same.

13 Calculated as 4.732+10.119 and 6.033+8.458 respectively.

170

Technequality



TECHNEQUALITY Deliverable D3.3 ... Jeshnequalty

Table 3a: Earnings and effective numeracy by context

Males Females
la 1b 2a la 1b 2a
VARIABLES general vocational vocational general vocational vocational
Effective numeracy (mean 0, sd 1) 193334+ | 4732 9.798** 16.118%** 13.562** 16.998***

4 4 4 4 4
(5.678) (5.050) (4.062) (5.447) (6.138) (5.091)
educ characteristics (z-scores)

. . . 4 4 4
vocational orientation (zvoc) -16.556* -6.019 -5.881 -8.163
v v 4
(9.404) (9.637) (14.787) (13.346)
. 4 4
zvoc * effective numeracy 3.177 10.119** -12.132%* 5.903
4 4 4
(6.000) (4.943) (5.713) (5.649)
. eps s 4 | 4
vocational specificity (zspec) -1.362 2.173
| 4 | 4
(8.329) (12.173)
. 4 | 4
zspec * effective numeracy 5.350 1.401
4 | 4
(3.583) (4.318)
. 4 4 4 4 4 1 4
Observations 4,400 10,012 10,012 4,780 7,643 7,643
4 v 4 v 4 | 4
Number of groups 24 25 25 24 25 25

Standard errors in parentheses; coefficients multiplied by 100

#¥% n<0.01, ¥* p<0.05, * p<0.1

Controls include age, age2, years of schooling, dummy parttime plus country dummies
Selection on employees (with working week of 12 hour or more), aged 20-55 with ISCED 3 or 4

Table 3b: Earnings and effective literacy by context

Males Females
la 1b 2 la 1b 2
VARIABLES general vocational vocational general vocational vocational
Effective literacy (mean 0, sd 1) 19.086***  6.033 10.488***  16.929%** 12.856** 16.309%**

4 4 4 4 | 4
(5.649) (5.082) (4.065) (5.457) (6.121) (5.074)
educ characteristics (z-scores)

. . . 4 4 4
vocational orientation (zvoc) -16.684* -5.839 -5.850 -8.189
4 | 4 4
(9.418) (9.644) (14.777) (13.343)
. . 4 | 4
zvoc * effective literacy 4.241 8.458* -12.931** 6.137
4 4 4
(5.938) (4.982) (5.717) (5.637)
. epe s 4 4
vocational specificity (zspec) -1.417 2.177
4 | 4
(8.344) (12.172)
. . 4 4
zspec * effective literacy 3.788 1.814
| 4 | 4
(3.593) (4.309)
) 4 4 4 4 4 4
Observations 4,400 10,012 10,012 4,780 7,643 7,643
v v 4 4 4 | 4
Number of groups 24 25 25 24 25 25

Standard errors in parentheses; coefficients multiplied by 100

*** n<0.01, ** p<0.05, * p<0.1

Controls include age, age2, years of schooling, dummy parttime plus country dummies
Selection on employees (with working week of 12 hour or more), aged 20-55 with ISCED 3 or 4
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Table 4a: Acquisition of numeracy

Males Females
la 2a 2b 3 la 2a 2b 3
VARIABLES all general vocational vocational all general vocational vocational
years of schooling 23.357***  22.698%** 27.400%** 27.393%** 18.286*** 21.893*** 21.272%** 21.284***
" 072) 7 @3313) 7 (1268 7 (1268) 7 (1108) 7 (3.049) 7 (1.307) (1.307)
Vocational track (VET) -39.851%** -36.056%**
7 (1.854) " (1.902)
educ characteristics (z-scores)
vocational orientation (zvoc) 16.060%** 7 2.835 15.286%** 7 .1.048
¥ (4295 7 (7.659) ¥ (028 7 (7.115)
vocational specificity (zspec) -2.852 -2.460
(6.664) (6.206)
Observations 11501 7 4638 7 6953 7 6953 7 10925 " 5060 5,865 5,865
Number of groups 5 7 oa " 25 s " 25 "o r 25 " 25
Standard errors in parentheses; coefficients multiplied by 100
**% 520,01, ** p<0.05, * p<0.1
Controls include age, age2, labour market status plus country dummies
Selection on respondents, aged 20-35 with ISCED 3 or 4
Table 4b: Acquisition of literacy
Males Females
la 2a 2b 3 la 2a 2b 3
VARIABLES all general vocational vocational all general vocational vocational
years of schooling 21.973%** 24 562*** 25.561%** 25.553%** 17.937*** 23.949%** 19.697*** 19.720%**
" (1o8s) 7 (3356) 7 (1292) 7 (1201) 7 (1122) 7 (3093) " (1336) " (1.335)
Vocational track (VET) -40.977*** -33.456***
7 (1.880) 7 (1.927)
educ characteristics (z-scores)
vocational orientation (zvoc) 16.656*** 7 2416 15.605*** 7 -1.824
¥ (a497) 7 (7.119) " o4382) 7 (6.647)
vocational specificity (zspec) -2.788 -2.471
(6.170) (5.791)
Observations f 11,591 4,638 f 6,953 6,953 10,925 5,060 5,865 5,865
(4

Number of groups 25 f 24 25 r 25 f 25 f 24 r 25 r 25

Standard errors in parentheses; coefficients multiplied by 100

*%% n<0.01, ** p<0.05, * p<0.1

Controls include age, age2, labour market status plus country dummies
Selection on respondents, aged 20-35 with ISCED 3 or 4

In Tables 4a-b we present the results of Eq.3. What are the characteristics of the vocational education
system that are associated with a high skill proficiency level for young people aged 20-35? In model 1a we
show that — as expected - the skill proficiency level of young people with an ISCED 3 or 4 qualification is
positively associated with the years of schooling of their ISCED 3 or 4 program and negatively with the
fact whether this program was vocational instead of general. Each year of schooling at this level is
associated with 23 points (males) or 18 points (females) increase in numeracy proficiency and with 22
points (males) or 18 points (females) increase in literacy proficiency. Having followed a vocational instead
of a general program decreases the skill proficiency with between 33 points (literacy for females) to 41
points (literacy for males). Given that one standard deviation in proficiency scores corresponds to some
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50 points, these effects are quite substantial ranging between 0.67 and 0.82 of a standard deviation. These
results do not change substantially if we include the vocational orientation of a country in the model
(Models 1b and 1c). In other words, regardless of the vocational orientation of the educational system,
vocationally educated always have lower proficiency levels than generally educated. Moreover, model 1b
shows that the vocational orientation of a country’s educational system is not associated with higher or
lower proficiency levels.

In H6 we postulated that: ‘Controlling for years of schooling, general skill proficiency levels of vocationally
educated are higher in countries where the vocational orientation is high. The same should hold for the
generally educated.’ This is confirmed when we look at the results for the generally educated (Model 2a)
but not for the vocationally educated (Model 2b).1* The average numeracy proficiency level of generally
educated males (females) is 16% (15%) higher in countries that have an educational system that is one
standard deviation more vocational oriented. For the average literacy proficiency level, these numbers
are 17% (males) and 16% (females) respectively. The higher proficiency levels for the generally educated
are associated with the fact that in such countries, the selection into a general track is very selective. H6
is therefore partly confirmed.

We find no significant negative effect of the specificity of the vocational programs in a country on the
skills of the vocationally educated (Model 3). This means that we refute H7, where such an effect was
predicted. Although the effect is in the expected direction, it is small and insignificant. We can conclude
that apparently there are no major differences in the skill proficiency levels of vocationally educated that
were trained in countries where these programs are primarily school-based versus countries where such
programs are predominantly workplace-based.

4.5 Conclusions
The world is changing rapidly, and key information-processing skills are becoming more and more

important in determining success in the world of work as well as in life in general (OECD, 2013b). Still
there is a debate to what extent these skills should be a prime focus in vocational education. The
vocationally educated have a ‘protected’ position on the labour market because they have acquired
occupation-specific skills that their generally educated peers lack. The whole idea of vocational education
as a safety net (Shavit and Miiller, 2000) assumes that vocationally educated students are equipped with
skills that are different from those with a general education, and not just lower (Lutz and Sengenberger,
1974; Shavit and Miiller, 2000). This difference will give them some protection when competing with their
generally educated peers on the labour market. Without these occupation-specific skills, they would lose
this comparative advantage and be worse off. This is confirmed in earlier research: young people with a
vocational degree have little trouble entering the labour market, even though they have lower general
skills than their competitors (Ryan, 2001; 2003; Van der Velden and Wolbers, 2003; Levels et al., 2014a).
The problem is that this initial advantage peters out over the life course and can even reverse at older age
(Forster et al. 2016; Hanushek et al. 2017a). This is because their occupation-specific skills are rendered
obsolete, and they increasingly need general skills to stay employable. The conclusions from earlier
research seem to indicate that general skills are important for vocationally educated, but mainly to help
adjust to changes in the job requirements and work tasks later in life (Hanushek et al., 2017b).

14 In this equation we looked at vocational orientation as a continuous variable. We ran similar analyses using a dummy distinguishing weak and
strong vocational oriented systems and the results are substantially the same.

173

Technequality



TECHNEQUALITY Deliverable D3.3

The key problem in earlier empirical analyses is that it is not easy to assess the effect of general skills.
Research has often relied on weak instruments to measure such skills (such as worker self-assessments).
And if they used test scores, they fail to specify how these skills would affect the productivity. These
estimates are therefore prone to omitted variable bias, and the effects might be overestimated. This is
even a bigger concern when estimating the effect of general skills for the vocationally educated, as their
productivity is largely determined by occupation-specific rather than general skills.

In this paper we use the recently developed concept of effective skills (Van der Velden and Bijlsma, 2019)
to identify the association between general skills and wages. The basic idea of effective skills is that skills
can only affect wages if they are put to productive use. It is the combination of possessing key skills and
at the same time using them at work, that affects productivity. By combining skill proficiency and skill use
in one concept, the resulting association with wages is less obscured by the omitted variable bias, as the
effect of the skills can only be observed if they are used at work. The fact that these skills are used is a
strong indication that they are related to a worker’s productivity.

We use PIAAC data to explore the relationship between general skills and wages for 20-55-year-old
workers in 25 countries with advanced economies. We concentrated on employees in jobs of at least 12
hours per week. We focus on workers with a completed qualification at the upper-secondary level (ISCED
3 or 4) and looked at the effect of effective numeracy and effective literacy. The analyses were done
separately for male and female workers, as they are often working in different occupations that require
different types of skills. Although the focus of this paper is on vocationally educated workers, we compare
the results to workers who completed a general track.®

The main conclusion, and an answer to the question in this paper’s title, is that general skills are important
for vocationally educated workers. The effect of one standard deviation increase in effective numeracy or
literacy is associated with a wage increase of 17% for the female vocationally educated workers and 11%
for the male vocationally educated workers. This is an important finding, as it solves a long-lasting debate
on the relevance of general skills for the vocationally educated.

This is not to imply that the occupation-specific skills are not important. For vocationally educated male
workers who are often working in sectors that require technical skills (e.g., construction). these general
skills start getting important at prime age and older age (age 36 and above). The increasing relevance of
general skills for vocationally educated male workers could be driven by two different factors. First, older
workers might move to jobs in which they must use these general skills more often, e.g., in supervisory
jobs. Second, older workers might be confronted with technological developments that render their
vocational skills obsolete. in which case they need more general skills. This means that in the beginning
of their occupational career, their occupation-specific skills are still more important to be successful. For
the vocationally educated female workers, who more often work in sectors that require general skills
(such as health care, retail, or personal services), the general skills are relevant right from the beginning
of their career (up until age 45). And at young age (20-35) they seem even more important than for their
generally educated counterparts.

We do not find any systematic relation between the R&D intensity of a sector and the relevance of general
skills. For some workers, these skills are most important in sectors that have low R&D intensity, for others

15 In most countries, this is a rather selective group, as most students in general tracks in secondary education move on to tertiary
education. Although this group is thus negatively selected, it is the most relevant comparison with the vocationally educated,
which takes place at this level.
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general skills are more important in sectors that have medium R&D intensity. We conclude that the
relevance of general skills for vocationally educated workers is not driven by the R&D intensity of the
sector, but rather by occupation-specific factors.

We also looked at whether the wage effects of general skills differ with characteristics of the education
system. First, we expected the effect of general skills to be stronger for vocationally educated in countries
with a strong vocational orientation, i.e., with a larger share of people following a vocational instead of a
general track. The reason was that in such countries, following a vocational track is not a negative
selection. This was true for male workers but not for female workers. For vocationally educated males,
general skills are more important in countries with a strong vocational orientation. For vocationally
educated females, however, general skills are always important regardless of the level of vocational
orientation. Second, we expected the effect of general skills to be weaker for vocationally educated in
countries with a strong vocational specificity, i.e., a larger share of vocational programs that are
workplace-based instead of school-based. The reason is that workplace-based programs more often focus
on firm-specific skills. The results do not confirm this hypothesis. This means that for vocationally
educated workers, general skills are always important, regardless of whether they were trained in a
primarily school-based program or in a workplace-based program.

Now that we have demonstrated that general skills are important for vocationally educated workers with
a qualification at the upper-secondary level, it is interesting to see which characteristics of the education
system are associated with a high proficiency level in numeracy or literacy. For this analysis, we looked at
all young people aged 20-35 (whether working or not) with an ISCED 3 or 4 qualification. The analyses
show that following a vocational track and tracks that require less years of schooling is associated with
lower proficiency levels than general tracks or tracks that require more years of schooling. This holds
regardless of the level of vocational orientation in a country. Moreover, school-leavers with an ISCED 3 or
4 qualification in countries where the system is more strongly vocational oriented, have similar proficiency
levels as their peers in countries that have more general oriented systems. This suggests that vocational
orientation in itself does not affect the overall proficiency level in upper secondary education.
Nevertheless, in each country those who followed a vocational track have acquired fewer general skills.

Next, we expected general skill proficiency levels of vocationally educated to be higher in countries where
the vocational orientation is high and the same would hold for those who followed a general track. This is
confirmed only for the generally educated young people. The underlying mechanism is that in such
countries, the selection into a general track is very selective. This characteristic is thus associated with an
increasing gap between the vocationally educated and those educated in general tracks. Second, contrary
to our expectation we found no negative effect of the specificity of a vocational program on the skills of
the vocationally educated: there are no major differences in the skill proficiency levels of vocationally
educated that were trained in countries where these programs are primarily school-based versus
countries where such programs are predominantly workplace-based.

What does this imply for vocational programs in upper-secondary education? General skills are important,
and the development of such skills should also be addressed in vocational programs. The reassuring
message is that the average skill proficiency level for the vocational educated in a country is not affected
by whether these programs are primarily school-based or workplace-based. The countries with primarily
workplace-based programs seem just as good in achieving certain proficiency levels as countries that have
primarily school-based programs. Moreover, the average proficiency level of all school-leavers with an
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ISCED 3 or 4 qualification is not associated with the vocational orientation of a country’s educational
system.

Nevertheless, there is a gap in the proficiency levels between the vocationally educated and the generally
educated at the upper secondary level and this gap is bigger when the general tracks are more selective
(or conversely the vocational tracks are more popular: high vocational orientation). One of the worries is
that there might be a price to be paid if the acquisition of more general skills in these vocational programs
comes at the expense of acquiring occupation-specific skills. These specific skills are typically the skills that
protect vocationally educated workers in the beginning of their career. Specifically for males these specific
skills are important in the beginning of their career. For females we see that general skills are important
right from the start. Of course, this is related to the different programs that are followed in upper-
secondary vocational education and the stronger gender occupational segregation at this level. This might
imply that in vocational programs that are typically female-dominated like health care, retail, secretarial
work, and personal service, the role of general skills in the curriculum might be less of a problem than in
vocational programs that are typically male-dominated like construction, or engineering. However, even
in these programs a foundation should be laid for the future acquisition of such skills, as they will be crucial
in the later career.

The fear of a trade-off or crowding-out effect of general versus vocational-specific skills in initial education
might look like a choice between Scylla and Charybdis. What is needed however is that the acquisition of
general and occupation-specific skills is developed in a more symbiotic way. This could be achieved by
viewing these two types of skills not as two separate components in the curriculum, but by integrating
them in (authentic) teaching materials that combine the acquisition of general skills with occupation-
specific tasks (Middleton, 2002).

The results also suggest that laying this foundation in initial education is not enough. For male vocationally
educated workers, the general skills become most relevant after age 35. This means that these skills
should have an important place in adult training as well. Just like for initial education, the research in adult
education shows that embedding literacy and numeracy into vocational training improves the likelihood
of retention, but only if the content is connected to real-life vocational contexts (Alkema and Rean, 2014).
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Appendix to Chapter 4

Table Al Descriptive statistics wage analyses

Male

N Min Max Mean Std. Dev
LnWage 13608 0,28 27,63 3,08 3,66
Effective numeracy (std) 13608 -0,08 0,84 -4,46 2,80
Effective literacy (std) 13608 -0,17 0,90 -4,79 2,78
Vocational track 13608 O 1 0,70 0,46
Years of schooling 13608 9 18 12,18 1,17
Age 13608 20 55 37,37 10,23
Young age (20-35) 13608 O 1 0,31 0,46
Prime age (36-45) 13608 O 1 0,39 0,49
Old age (46-55) 13608 O 1 0,27 0,45
Low R&D intensity (1) 13608 O 1 0,54 0,50
Medium-Low R&D intensity (2) 13608 O 1 0,14 0,34
Medium R&D intensity (3) 13608 O 1 0,06 0,23
Medium-High R&D intensity (4) 13608 O 1 0,11 0,31
High R&D intensity (5) 13608 O 1 0,02 0,15
Missing R&D intensity 13608 O 1 0,14 0,35
Female

N Min Max Mean Std. Dev
LnWage 8832 0,09 27,63 2,96 4,00
Effective numeracy (std) 8832 -4,29 2,60 -0,26 0,78
Effective literacy (std) 8832 -4,63 2,68 -0,26 0,91
Vocational track 8832 0 1 0,62 0,49
Years of schooling 8832 9 18 12,22 1,14
Age 8832 20 55 38,28 10,31
Young age (20-35) 8832 0 1 0,28 0,45
Prime age (36-45) 8832 0 1 0,38 0,49
Old age (46-55) 8832 0 1 0,31 0,46
Low R&D intensity (1) 8832 0 1 0,46 0,50
Medium-Low R&D intensity (2) 8832 0 1 0,11 0,32
Medium R&D intensity (3) 8832 0 1 0,02 0,14
Medium-High R&D intensity (4) 8832 0 1 0,05 0,23
High R&D intensity (5) 8832 0 1 0,02 0,14
Missing R&D intensity 8832 0 1 0,33 0,47
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Table A2 Descriptive statistics proficiency analyses

Male
N Min Max Mean Std. Dev
Numeracy (/100) 11220 -4,6 2,8 -0,07 0,90
Literacy (/100) 11220 -5,0 2,7 -0,06 0,91
Vocational track 11220 O 1 0,60 0,49
Years of schooling 11220 9 18 12,24 1,10
Age 11220 20 35 26,42 4,72
Fulltime worker 11220 O 1 0,62 0,49
Partime worker 11220 O 1 0,07 0,25
Non-working 11220 O 1 0,31 0,46
Female
N Min Max Mean Std. Dev

Numeracy (/100) 10689,0 -4,6 2,6 -0,14 0,89
Literacy (/100) 10689,0 -5,5 2,6 -0,13 0,91
Vocational track 10689 O 1 0,54 0,50
Years of schooling 10689 9 18 12,31 1,08
Age 10689 20 35 26,51 4,81
Fulltime worker 10689 O 1 0,36 0,48
Partime worker 10689 O 1 0,17 0,38
Non-working 10689 O 1 0,47 0,50

182



TECHNEQUALITY Deliverable D3.3 ... Jeshnequalty

Table A3: Number of respondents and per country cluster

N total N general N vocational Voc orientation  Voc specificity

Austria 1232 80 1152 1,70 1,32
Belgium 881 381 500 0,95 -0,61
(Flanders)

Canada 759 398 361 -1,72 -0,82
Chili 751 357 394 -0,16 -0,82
Czech Republic 1543 96 1447 1,74 1,50
Denmark 1023 203 820 0,45 2,30
Finland 910 160 750 0,74 -0,13
France 1221 304 917 0,39 -0,08
Germany 1098 20 1078 0,89 2,12
Greece 515 234 281 -0,31 -0,49
Ireland 596 300 296 -0,35 -0,57
Israel 716 462 254 -0,27 -0,55
Italy 796 460 336 0,95 -0,82
Japan 771 464 307 -0,73 -0,82
Korea 875 456 419 -0,55 -0,82
Netherlands 652 113 539 1,26 0,49
Norway 856 201 655 0,89 0,05
Poland 1953 473 1480 0,30 -0,40
Slovak Republic 1574 865 709 1,49 1,25
Slovenia 1242 3 1239 1,06 -0,58
Spain 411 348 63 0,00 -0,64
Sweden 950 367 583 0,69 -0,82
Turkey 388 0 388 -0,14 -0,34
United Kingdom 1231 596 635 0,47 -0,82

United States 635 470 165 -1,84 -0,82

183



