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Introduction

How smart will be Europe 2020? How smart will be the Europe by

year 2020? With this headline, I am referring to the smart pillar

of the strategy of European Union - the Europe 2020 presented by

European Commission (2010). Europe 2020 was launched in 2010

as a successor of Lisbon Strategy, with similar goals - to enhance

growth, promote jobs and to make European Union stronger and

better. As the Lisbon Strategy, Europe 2020 is a ten-year plan.

Its subheading is "A strategy for smart, sustainable and inclusive

growth" re�ecting the three perspectives or pillars from which the

growth is perceived, as well as the three right paths to achieve

it. With its headline targets and initiatives Europe 2020 focuses

on �ve areas: Employment, Research & Development, Climate

Change & Energy, Education and Poverty & Social Exclusion.

Among the areas of Europe 2020 strategy, I have decided to

focus on education as the importance of knowledgeable society is

undoubtable. The targets for Education under Europe 2020 strat-

egy are the following: rate of early leavers from education below

10% and percentage of tertiary education attainment within pop-

ulation aged 30-34 at least 40%. The key question of my thesis

is: How Smart will be Europe 2020? in other words: Will these

targets be ful�lled?

To answer, I will set the empirical model based on human

capital theory presented by Becker (1964, 1993), that describes

the incentives of individuals for entering or leaving the educa-

tion process based on their socio-economic background. I will

follow the approach of Dragomirescu-Gaina & Weber (2013) and

Dragomirescu-Gaina et al. (2015) with more current data or/and

other variables used in the model. As an empirical method, I will

use the econometric analysis of panel data. My �nal objective is

to forecast the values for year 2020 and to evaluate the results on
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the member states and on the European Union level.

In the �rst chapter I will go further with the Europe 2020

strategy settlement, I will explain the education targets in more

detail and I will evaluate the actual status; in the next, I will dis-

cuss the theory of human capital - the basis and argumentation

for my empirical model. Then I will shortly review the economet-

rics background and the methodology concerning the panel data

methods - the method used in my models. Furthermore, I will

describe the data source and assumptions used while selecting the

indicators, the main features of our empirical model and the best

method discussion. The last part of my thesis covers discussion

over the results and the conclusion.
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1 Europe 2020

The Europe 2020 Strategy was prepared by the European Com-

mission in March 2010 and the Council adopted it in June 2010

as a ten-years growth plan following the path of former Lisbon

Strategy, that was on run from 2000 to 2010. The new European

strategic framework considered both non-achievements of some

of the goals of Lisbon Strategy and the recent worldwide �nan-

cial and economic crisis still resonating in 2010. Considering the

lessons learned from the crisis, 2010 was seen as a new beginning.

And the complex new strategy was built in a way to make Eu-

rope stronger, stable and sustainable in the future. While setting

the new goals, the previous targets from the Lisbon Strategy, as

well as a competitive comparison with other Western developed

countries (such as USA and Japan) were considered. As stated

by J. M. Barroso in the Communication from the Commission

(European Commission, 2010) these targets are ambitious, but

attainable and their attainment is crucial for sustainable future

of Europe.

As was already mentioned, Europe 2020 is a strategy for smart,

sustainable and inclusive growth. But what are these charac-

teristics supposed to mean? The Smart Growth is perceived

as developing an economy towards knowledge based economy;

in other words, more (and more e�ective) investment in educa-

tion, research and innovation; the Sustainable Growth focuses on

greener, more resource e�cient and more competitive economy,

and it also covers the agenda for environmental policies; the In-

clusive Growth encourages high employment and enhances the

economic, social and territorial cohesion, it emphasis job creation

and poverty reduction. Putting all these three growth perspec-

tives together, it results in the following headline targets:
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Table 1: EUROPE 2020 targets

1. Employment - 75% of the 20-64-year-olds to be employed

2. Research & Development - 3% of the EU's GDP to be invested in R&D

3. Climate Change & Energy
(compared to 1990 levels):

- Limiting greenhouse gas emissions by 20%
or even 30%
- Providing 20% of energy from renewables
- 20% increase in energy e�ciency

4. Education
- At most 10% of early leavers from education
and training
- At least 40% of 30-34 years-old completing
tertiary education

5. Poverty & Social Exclusion
(compared to 1990 levels):

- Ensuring at least 20 million fewer people in
or at risk of poverty and social exclusion

(source: author's elaboration; based on Eurostat)

1.1 Education targets: Overview

Even though the future vision of European Union is (and always

was) to reduce dramatic territorial di�erences between member

states, the situation is not in all areas close to reality. To ensure

the targets of Europe 2020 will be reasonable for every of the 28

member states, and having in mind the di�erent starting levels

in 2010, the global European targets of Europe 2020 were split

and cascaded down into a national level (as a result of discussions

between EU and Member States). The National Targets (set out

in National Reform Programmes in April 2014)1 for the Education

area are as listed in Table 2 below:
1National Reform Programme (NRP) is a part of check & balance mechanism regarding

every Member State in so called European Semester. European Semester (�rst kicked of

in 2015) is a yearly cycle of economic policy coordination that evaluates the achievements

and risks in ful�lment of targets and also provides recommendations for every Member

State
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Table 2: National targets for Education indicators

Member States ELE TEA Member States ELE TEA
Austria AT 9.5% 38.0%1 Ireland IE 8.0% 60.0%
Belgium BE 9.5% 47.0% Italy IT 16.0% 26-27%
Bulgaria BG 11.0% 36.0% Lithuania LT 9.0% 48.7%
Cyprus CY 10.0% 46.0% Luxembourg LU 10.0% 66.0%
Czech Republic CZ 5.5% 32.0% Latvia LV 10.0% 34-36%
Germany DE 10.0% 42.0%2 Malta MT 10.0% 33.0%
Denmark DK 10.0% 40.0% Netherlands NL 8.0% 40.0%
Estonia EE 9.5% 40.0% Poland PL 4.5% 45.0%
Greece EL 9.7% 32.0% Portugal PT 10.0% 40.0%
Spain ES 15.0% 44.0% Romania RO 11.3% 26.7%
Finland FI 8.0% 42.0% Sweden SE 10.0% 40-45%
France FR 9.5% 50.0%3 Slovenia SI 5.0% 40.0%
Croatia HR 4.0% 35.0% Slovakia SK 6.0% 40.0%
Hungary HU 10.0% 30.3% United Kingdom4 UK NA NA

(source: author's elaboration; based on Eurostat)

ELE = Early Leavers from Education; TEA = Tertiary Education Attainment

Comments: 1. including ISCED 4/4a; 2. including ISCED 4;3. 17-33-year-olds;

4. UK has no target in National Reform Programme

At this point, it is necessary to specify how exactly are the

educational indicators calculated and to which level of educa-

tion they refer. Tertiary education attainment is de�ned as the

percentage of the population aged 30-34 who have successfully

completed tertiary studies, early leavers from education are de-

�ned as the percentage of the population aged 18-24 with at most

lower secondary education and who were not in further education

or training during the last four weeks preceding the survey. The

levels of education are de�ned by International Standard Classi-

�cation of Education (ISCED), classi�cation maintained by the

United Nations, that is dividing education attainment and train-

ing into several levels. It is important to note that there was

the change in a classi�cation: former ISCED 1997 was valid un-

til 2013 and from year 2014 the data are classi�ed by the new

ISCED 2011. Basically, the new classi�cation extends the former

scale. For Tertiary Education Attainment, the relevant educa-

10



tion levels are First stage of tertiary education (5) and Second

stage of tertiary education (6) under ISCED 1997, under ISCED

2011 the levels are di�erentiated into Short-cycle tertiary educa-

tion (5), Bachelor's or equivalent level (6), Master's or equivalent

level (7 ) and Doctoral or equivalent level (8 ). For Early Leavers

from Education and Training the relevant levels are Pre-primary

education (0), Primary education or �rst stage of basic education

(1) and Lower secondary or second stage of basic education (2)

under both classi�cations even though under ISCED 1997 also

some sub-category of Level 3 (3C short) was included and in the

ISCED 2011 the levels are renamed. Following table represents

the changes. For more details, see OECD (2015).

Table 3: ISCED 1997 vs ISCED 2011

ISCED 1997 -> ISCED 2011

Level Description Level Description

E
L
E 0 Pre-primary education 0 Less than primary education

1
Primary education or �rst stage
of basic education

1 Primary education

2
Lower secondary or second
stage of basic education

2 Lower secondary education

3 (Upper) secondary education 3 Upper secondary education

4
Post-secondary non-tertiary
education

4
Post-secondary non-tertiary
education

T
E
A

5 First stage of tertiary education 5 Short-cycle tertiary education

6
Second stage of tertiary
education

6 Bachelor's or equivalent level

7 Master's or equivalent level
8 Doctoral or equivalent level

(source: author's elaboration; based on Eurostat)

1.2 Education targets: Ful�lments

The status of the education targets ful�lment is monitored on

yearly basis, together with the recommendations and possible ful-

�lment exposures in Education and training monitor, produced

by the European Commission, for the latest one see European
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2 Human capital theory

In the theoretical human capital framework, pioneered by Becker

(1964, 1993), Ben Porath (1967) and Mincer (1958), the term hu-

man capital refers to the stock of knowledge, skills, experience,

talent of an individual or in general everything that contributes

to his work performance or productivity. In the theory, Becker

(1964, 1993) explores the investment in human capital, where the

education takes a major part. While taking the investment deci-

sion, as for any other type of investment, the individual considers

several factors such as rate of return or opportunity cost. Then

it is reasonable to assume that while taking the decision about

investment in human capital, in education, the individual also

considers these factors - in this case the individual values earning

prospects against opportunity cost of not entering immediately

the labour market. And, following the approach of Dragomirescu-

Gaina & Weber (2013) and the later Dragomirescu-Gaina et al.

(2015), this was the starting point for explaining the dynamics

behind the development of both indicators - Early leavers from

education and Tertiary education attainment.

According to the human capital theory, the incentives for an

education of a young individual hugely depend on his socioeco-

nomic background. That means mix of several factors where his

family plays the most important role. Therefore, the education

level of an individual is highly correlated with the educational

level of his parents. For instance, the study of Chevalier et al.

(2013) presents the relationship between the parental education

and income and the schooling of their children, resulting with

signi�cant e�ects.

The next important factor is the incentive towards entering or

leaving the educational process itself, the motivation for educa-

tion. As was already mentioned, there is the trade-o� between
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the short-term bene�t from immediate entrance to employment

(probably lower-skilled, not as well payed) and the longer-term

perspective of expectation of higher income, where the higher

level of education is needed as it is connected to more specialized

and expertized job position.

These two perspectives are crucial when observing the two di-

mensions of education attainment relevant for the Europe 2020 in-

dicators. Following the terminology used by Dragomirescu-Gaina

& Weber (2013), it can be de�ned as an Income and Employment

prospect.

2.1 Early leavers from education

The common characteristic for the group of early school leavers is

the lack of skills and therefore poorer employment prospects, or

stated di�erently, lower salary expectations. Due to these condi-

tions, this group is more short-term oriented and its discount rate

is higher, therefore these individuals more likely tend to choose

to work instead of continuing to study. Especially when chances

of employment are higher due to situation on the labour market.

On the contrary, according to the study of Petrongolo & Segundo

(2002) based on drop-out rates and unemployment in Spain, high

levels of youth unemployment can drive the need for education

and consequently the stay-on rates among young people can in-

crease. The level of unemployment is a driver in decision-making

process about longer engagement in education and training, in

Dragomirescu-Gaina & Weber (2013) approach it is named as

employment prospect.

Following the logic that less educated individuals are not skilled

enough for better payed jobs, it is likely that they also create less

favourable socioeconomic family background - and plausibly some

�nancial constraints for a young individual for continuing to study
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in comparison to their wealthier peers. Therefore, choosing the

parents' education as a proxy for family background can cover

more factors in�uencing drop-out rates.

Hence putting these arguments together, the simple model can

be speci�ed by following equation where t stands for time and

the parents education stands as a proxy for socio-economic back-

ground of a family. Employment prospect is denoted by t-k as it

is referring to decision made in past:

Early leavers fromeducationt

= β · Parent′s educationt + γ · Employment prospectt−k

where β and γ are model coe�cients and k is the time lag lenght.

2.2 Tertiary education attainment

Compared to Early school leavers, individuals that achieved ter-

tiary education are mostly highly skilled with signi�cant pro-

�ciency. They also have higher earning pro�les together with

higher stability (and probability) of employment as their employ-

ment rate is less volatile and depends less on the business cycle

than in less educated groups.

Individuals attaining tertiary education have longer time hori-

zons. When deciding about entering tertiary education the im-

portant decision factor is the expected wage from the future em-

ployment that can be de�ned as skill premium. This is important

especially considering the current changes in the labour market -

with the technology innovation in a digitalized world where many

former tasks performed by men are now robotized, the skilled

workers are favoured. In other words, these individuals are not

in�uenced by current employment situation as their situation is

more stable than for the low educated workers, therefore the em-

ployment prospect used for early leavers from education is not
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valid for them. On the other hand, the important driver for ter-

tiary education attainment can be de�ned as income prospect as

these individuals consider more the added value of education in

terms of expected wage earned.

Then, similarly to Early school leavers indicator, also Tertiary

education attainment is hugely connected to family background.

Following the assumption that tertiary education guarantees bet-

ter wage (and therefore better economic conditions for a family),

it is likely that with parents achieving tertiary education level,

their children would achieve it also.

Putting these arguments together, the simple model can be

speci�ed by following equation where t stands for time and the

parents education stands as a proxy for socio-economic back-

ground of a family. Income prospect is denoted by t-k as it is

referring to decision made in past:

Tertiary education attainmentt

= β · Parent′s educationt + γ · Income prospectt−k

where β and γ are model coe�cients and k is the time lag lenght.

3 Panel data approach

Panel or longitudinal data combine both cross-sectional and time

series dimension, the two primary types of data used in economet-

rics. Panel data allow to monitor the same cross-sectional units

over certain period of time even though the total number of ob-

servation is not large. The main advantage of this method is the

�exibility for modelling as it is possible to control the unobserved

time constant characteristics of each cross-sectional unit - the cor-

relation between unobserved heterogeneity and explanatory vari-

ables is allowed. Consequently, the omitted variable problem does

18



not need to be an issue here which can be very bene�cial for sim-

ple models.

For explaining the Europe 2020 education indicators it is nat-

ural to use panel data method from the characteristics of the

data itself as I observe development of member states (= cross-

sectional units) over certain period of years. Also, I can use very

simple empirical model with only a few explanatory variables as

the unobserved heterogeneity is controlled.

In the panel data analysis, we can have either panel that are

balanced or unbalanced. When the panel consists from n set of

observations on individual on T time periods, therefore the total

number of observations is nT, the panel is called balanced. On

the other hand, if some of the observations for any individual in

any time are missing, i.e. the total number of observations is less

than nT, the data set is unbalanced. With unbalanced panel data,

some additional estimation issues and computations are arising.

In this section, I follow the theoretical framework presented by

Greene (2012) and Wooldridge (2002). The basic framework for

panel data regression can be represented by the following equa-

tion:

yit = x′itβ + z′iα + εit = x′itβ + ci + εit

where i denotes the cross-sectional unit and t is a time period.

K regressors in xit do not include constant term, ziα is the hetero-

geneity (or individual e�ect) where zi contains a constant term

and observed or unobserved group speci�c variables that a�ect

the dependent variable, all set to be constant over time. The

unobserved time-constant heterogeneity ci and the idiosyncratic

error εit, that contains time varying factor in�uencing the de-

pendent variable, are often together referred to as a composite

error.

There are several approaches and estimation methods to be
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used, depending on the observability (or unobservability) of this

set of variables. If zi is observed for all cross-section units, then

the model can be treated by ordinary least square estimation

method. When it is not observed, which is in most of the ap-

plications, there are other methods to proceed with. The basic

panel data models can be de�ned followingly:

1. Pooled OLS regression: If zi contains only a constant

term, the OLS provides consistent and e�cient estimates.

The model can be represented by the general panel data

equation:

yit = x′itβ + zi + εit

2. First di�erencing estimation simply transforms the la-

tent heterogeneity out of the model. As a basis, it takes the

general panel data equation:

yit = x′itβ + ci + εit

and by �rst di�erencing, the �rst di�erences equation is

∆yit = yit − yit−1 = (∆xit)
′β +∆ci +∆εit

The advantage is that is removes the latent heterogeneity,

that can be caused by both �xed or random e�ects, from

the model. Nonetheless at the same time, by di�erencing, it

leads to the loss of �rst observation and more importantly,

it removes all the time-invariant variables from the model.

3. Fixed e�ects: If zi is unobserved, but correlated with

xit, the least squares estimator of β is biased and incon-

sistent which is the consequence of an omitted variable as

E(ci|Xi) 6= 0. The model, in this instance, can be rewritten

as

yit = x′itβ + ci + εit
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where ci = z′iα contains all the observable e�ects - group-

speci�c constant term de�ned as �xed e�ects. The term

�xed signi�es the �xed correlation of ci and xit , ci is still

stochastic.

4. Random e�ects: When the individual heterogeneity zi is

unobserved, but can be assumed to be uncorrelated with xit,

i.e. E(ci|Xi) = 0, the model can be formulated as

yit = x′itβ + E[z′iα] + z′iα− E[z′iα] + εit

= x′itβ + α + ui + εit

where ui is a group-speci�c random element, identical in

each period. This model may by consistently but ine�ciently

estimated by least squares, therefore other e�cient methods

are needed.

For the best model spelection, I applied the procedure pre-

sented by Park (2011). The general approach in modelling starts

with the pooled OLS model and proceeds to more complicated

methods. In most of the instances, the pooled OLS are inconsis-

tent and/or ine�cient due to the unobserved heterogeneity caused

by �xed or random e�ects. To formally demonstrate the pres-

ence of either of them, method of random e�ects can be tested

over pooled OLS by Lagrange multiplier test by Breusch-Pagan

(1980) and the �xed e�ects over pooled OLS can be tested by

F-test. To determine the best method between �xed e�ects and

random e�ects, the Hausman speci�cation test is conducted. For

the empirical model, I used the tests speci�cations as they are de-

scribed in the package for panel data models in R (plm package

by Croissant & Millo 2008).

Fixed e�ects and the method of �rst di�erences yields the same

results for T = 2, for T > 2, the �xed e�ects are usually more ef-

�cient, unless there is serial correlation of regression disturbances
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present. Compared to �xed e�ects, the disturbances in the �rst

di�erences method follow a random walk and therefore the auto-

correlation can be lowered by this method. One of the common

tests for serial correlation is presented by Wooldridge (2002), that

is also part of the plm package by Croissant & Millo (2008).

4 Data speci�cation

All data used later in the empirical models have been taken from

European Statistical O�ce (Eurostat)2. Data for EUROPE 2020

headline indicators and for the socio-economics proxies are avail-

able on country level on yearly basis. Data for education attain-

ment are available among various age groups and genders; and

are calculated as annual averages of quarterly EU Labour Force

Survey data (EU-LFS).

For the empirical analysis, the data are limited due to missing

values and breaks in time series(mostly due to methodological

change)3, which can cause problems in the modelling process.

The overview for the main indicators can be found in the table 4.

The missing values mostly occur for more historical data, es-

pecially in case of early school leavers for many countries in years

2000 and 2001. The big break in the time series is in 2014 for

all educational indicators in 2014 where the new ISCED classi-

�cation started to be valid (for more details about ISCED, see

chapter 1.1).
2downloaded on 17th April 2017
3Only breaks with label "b" were considered, more details can be found in explanatory

explanation see Eurostat metadata
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Table 4: Overview of missing values and breaks in the time series

headline indicators period missing values & breaks in the data

Early school leavers

(18-24)

2000

-2016

- for years 2000 and 2001, missing values for

29% and 18% of member states respectively

- breaks in the data around 2003 and 2006

- break in 2014 for all member states

Tertiary education

attainment (30-34)

2000

-2016

- missing values for years 2000-2003

for 4-7% member states

- some minor breaks in time series

around 2003 and 2006

- break in 2014 for all member states

supporting indicators period missing values & breaks in the data

Parent's education

(low education levels)

2000

-2016

- missing values for years 2000-2003

for 4-7% member states

- some minor breaks in time series

around 2003 and 2006

- break in 2014 for all member states

Parent's education

(tertiary education level)

2000

-2016

- missing values for years 2000-2003

for 4-10% member states

- some minor breaks in time series

around 2003 and 2006

- break in 2014 for all member states

Unemployment rate 2000

-2016

- missing values for years 2000-2002

for 4-14% member states

- some minor breaks in time series in

the data set for this period

Real labour productivity 1995

-2016

- missing values for years 1995-1999

for 10-17% member states

- very few breaks in time series

(source: author's elaboration; based on Eurostat)

To avoid drawbacks, that the missing values resulting in un-

balanced panel data could cause in the empirical models, I re-

speci�ed my panel set to obtain a balanced panel. In general,

there are several methods to deal with missing values, the main

question to start with is whether the data are missing completely

at random or whether there is some pattern (or cross-dependence)

of the missingness. In the �rst case, eliminating these cases does
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not bias the inference, in the latter it does. As most of the data

in this data set are missing for the more historical years, it is

unlikely, that these data are missing completely at random. To

avoid complicated data imputation, I sacri�ced some years in the

beginning of the panel and a few member states, that were lacking

the data the most. I imput the remaining missing values using

one of the simple approaches presented by Gelman & Hill (2007)

- carrying over the last value (or using the consequent one). As I

limited the number of missing value cases to a very few instances,

I believe it is a sustainable approach.

In the last part of this chapter I will specify the selection of

indicators for the parent's education level. The Eurostat data are

limited by speci�c age-groups brackets that are available and it

is not possible to choose every age-group. While choosing the

proper age group, that would match the best the relationship be-

tween individual and parents, I used the average age of women at

childbirth for the two education attainment levels combined with

an age of a mother when �rst child and consequently I estimated

the relevant age group of parents. Several possibilities were used

when specifying the empirical model. Tabel 5 represents the re-

sult.

Table 5: Education attainment age groups

Europe 2020 indicator Proxy for Parents' education age group:
Early leavers from education
(age group: 18-24)

Females with at most lower
secondary education attainment 35-44

Males with at most lower
secondary education attainment 45-54

Tertiary education attainment
(age group: 30-34)

Adults with tertiary
education attainment 55-64

(source: author's elaboration)
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5 Empirical model & Best model selection

This chapter speci�es the empirical side of my models together

with the path for attaining the best one. Both models are built

on the theoretical framework described in chapter 2 - i.e. the

level of early school leavers (or tertiary education attainment)

is explained by the relationships with the level of parental edu-

cation (which �gures as a proxy for a family social-economical

background) and by the decision about staying or leaving the

education process made in past, motivated by the income or the

employment prospect (for tertiary education attainment and early

school leavers respectively). During the modelling process, I con-

sidered several speci�cations.

From the empirical perspective, I followed the panel data ap-

proach presented by Dragomirescu-Gaina & Weber (2013), which

is the model of �rst di�erences, and I used the logarithmic trans-

formation. All speci�cations were estimated with the R software,

using the plm package described by Croissant & Millo (2008).

The argumentation for the use of �rst di�erences is that this

method (i) transforms the latent heterogeneity out of the model;

(ii) reduces the residual autocorrelation and (iii) eliminates the

country speci�c di�erences.

5.1 Early leavers from education

Using the theoretical framework described in chapter 2 trans-

formed to the logarithmic values, the equation for a regression by

�rst di�erences can be written as:

∆log(early leavers fromeducation)t

= β ·∆log(parent′s education)t + γ ·∆log(employment prospect)t−k + εt

where β and γ are model coe�cients, ∆ represents the �rst di�erences,
k is the time lag lenght and ε is the error term.
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As proxies for parental education I use the age-groups by gender speci�ed
in chapter 4, that are capturing an "average family", i.e. share of females

with low education levels, age 35-44 and share of males with low education

levels, age 45-54. For the employment prospect, the preferred speci�cation is
unemployment rate within the low educated group4. Alternative speci�cations
were used during the modelling process and I will discuss them later in this
section.

According to the human capital theory (Becker 1964, 1993), the hypoth-
esis for the model outcomes are the following:

� increase in share of low educated parents generates higher percentage
of early school leavers

� higher unemployment rate generates less young people leaving the ed-
ucation process, i.e. decreases the share of early school leavers

I arrived at the speci�cation presented in Table 6. Observing the results,
the hypothesis about the characteristics of the explanatory variables were
correct, from the results it can be said that the unemployment has greater
e�ect that the parental education. The time lag for the unemployment rate
was selected empirically, the lag length might be interpreted as the time
when the decision about enrolment in higher education take place.

Table 6: Regression Results - Early leavers from education

∆ log(females with low education levels, age 35-44) 0.258∗∗∗

(0.087)

∆ log(males with low education levels, age 45-54) 0.320∗∗∗

(0.082)

∆ log(unemployment rate within the low educated group), lag 7 −0.858∗∗∗

(0.244)

Observations 182

Time period 2002-2016

Number of countries 26*

Balanced panel yes

R2 0.159

Adjusted R2 0.149

F Statistic 10.832∗∗∗ (df = 3; 179)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
*Austria and Croatia were excluded from the data set due to missing values for more historical years

4low education level corresponds to ISCED levels 0-2
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The following table presents the overview of alternative speci�cations for
the early school leavers, the preferred model is marked as (1).

Model (1) di�ers from (2) by constant, that turn out not to be signi�cant
in the speci�cation. Model (3) uses shorter time lag resulting in insigni�cant
unemployment rate. In model (4) I used the total unemployment rate instead
of the unemployment rate within low educated individuals, as was presented
in the original model used by Dragomirescu-Gaina & Weber (2013). In
the end, I opted for the model (1) as the total unemployment rate was less
signi�cant. It can be interpreted in a way that unemployment rate within low

educated individuals has higher in�uence during the decision-making process
as it more re�ects the employment prospects within this group which is more
a�ected by the seasonality on labour market (in contrast with the more
educated and/or trained groups that are included in the total unemployment

rate).

Table 7: Alternative speci�cations - Early leavers from education

(1) (2) (3) (4)

∆ log(elef) 0.258∗∗∗ 0.238∗∗∗ 0.387∗∗∗ 0.345∗∗∗

(0.087) (0.089) (0.080) (0.086)

∆ log(elem) 0.320∗∗∗ 0.297∗∗∗ 0.373∗∗∗ 0.309∗∗∗

(0.082) (0.085) (0.078) (0.084)

∆ log(unempl), lag 7 −0.858∗∗∗ −0.738∗∗∗

(0.244) (0.270)

∆ log(unempl), lag 6 −0.307

(0.237)

∆ log(unempl2), lag 7 −0.329∗∗

(0.159)

Constant −0.009

(0.008)

Observations 182 182 208 182

R2 0.159 0.159 0.200 0.138

Adjusted R2 0.149 0.145 0.192 0.129

F Statistic 10.832∗∗∗

(df = 3; 179)

11.197∗∗∗

(df = 3; 178)

16.240∗∗∗

(df = 3; 205)

7.863∗∗∗

(df = 3; 179)

Notes: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
elef = females with low education levels, age 35-44; elem = males with low education level, 45-54;

unempl = unemployment rate within the low educated group; unempl2 = total unemployment rate
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5.2 Tertiary education attainment

Based on the theoretical framework described in chapter 2 and using the
logarithmic values, the equation for the �rst di�erences regression is:

∆log(tertiary education attainment)t

= β ·∆log(parent′s education)t + γ ·∆log(income prospect)t−k + εt

where β and γ are model coe�cients, ∆ represents the �rst di�erences,
k is the time lag lenght and ε is the error term.

As proxy for parental education I use share of adults with tertiary edu-

cation attainment, age 55-64 (as speci�ed in chapter 4) and for the Income

prospect I use the real labour productivity, as proposed by Dragomirescu-
Gaina & Weber (2013).

Following the human capital theory (Becker 1964, 1993), the hypothesis
for the model outcomes are:

� increase in share of parents with tertiary education generates higher
percentage of tertiary educated individuals in the age group 30-34

� higher real labour productivity increases the incentive for tertiary ed-
ucation attainment and therefore has also a positive e�ect

I arrived at the speci�cation presented in Table 8. Examining the results,
the estimated e�ects of the explanatory variables are as expected. The esti-
mated real labour productivity, representing the income prospect, has twice
as big e�ect than the parental education. Together with the results from the
regression for early school leavers it can drive a hypothesis that the labour
market conditions have greater e�ect for education decisions than the level
of parental education. The time lag for the real labour productivity was
selected empirically, the lag length equal to 13 might correspond to the deci-
sion about enrolment to university, as Dragomirescu-Gaina & Weber (2013)
comments.
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Table 8: Regression Results - Tertiary education attainment

∆ log(adults with tertiary education, age 55-64) 0.286∗∗∗

(0.061)

∆ log(real labour productivity), lag 13 0.676∗∗∗

(0.096)

Observations 184

Time period 1995-2016

Number of countries 23*

Balanced panel yes

R2 0.062

Adjusted R2 0.056

F Statistic -6.347 (df = 2; 182)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
*Austria, Croatia, Ireland, Malta and Poland were excluded from the data set due to

missing values for more historical years

Table 9 presents the overview of alternative speci�cations for the tertiary
education attainment, the preferred model is marked as (1). Model (1) di�ers
from (2) by constant, but for the less signi�cant variables and higher F
statistic, model (1) was preferred. Model (3) uses detailed speci�cation of
the parental education, splitting the share of adults with tertiary education

into share of females with tertiary education and share of males with tertiary

education, but as the results are not signi�cant for the males but otherwise
similar, I opt for model (1) instead. Model (4) uses shorter time lag for real
labour productivity, resulting in overall less signi�cant explanatory variables
and lower R2.
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Table 9: Alternative speci�cations - Tertiary education attainment

(1) (2) (3) (4)

∆ log(teat) 0.286∗∗∗ 0.158∗∗ 0.108∗

(0.061) (0.063) (0.061)

∆ log(teaf) 0.260∗∗∗

(0.060)

∆ log(team) 0.003

(0.067)

∆ log(rlp), lag 13 0.676∗∗∗ 0.286∗∗ 0.632∗∗∗

(0.096) (0.117) (0.097)

∆ log(rlp), lag 12 0.240∗∗

(0.114)

Constant 0.024∗∗ 0.028∗∗

(0.005) (0.005)

Observations 184 184 184 207

R2 0.062 0.063 0.068 0.035

Adjusted R2 0.056 0.052 0.058 0.030

F Statistic
-6.347

(df = 2; 182)

6.046∗∗∗

(df = 2; 181)

-2.552

(df = 3; 181)

3.699∗∗

(df = 2; 204)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
teat = adults with tertiary education, 55-64; teaf = females with tertiary education, 55-64;

team = males with tertiary education, 55-64; rpl = real labour productivity

6 Forecast method

As the last step of the modelling procedure, to be �nally able to answer
the question "How smart will be Europe (in) 2020?", I forecasted the val-
ues of the two-fold educational indicators, Early leavers from education and
Tertiary education attainment, up to 2020 based on the econometric models
derived in the previous chapter.

There are, indubitably, many approaches how to design a forecast, some
of them very complex and some of them very simple. Due to the limitation
of this thesis, the complex approach, that would mostly require further mod-
elling, is out of the scope. Therefore, I have opted for the simple method, on
the ground of the approach of Dragomirescu-Gaina & Weber (2013). The
steps for this procedure are the following:

1. Construction of country speci�c projections for all explana-

tory variables used in the econometrics models up to 2020. Parental
education levels for both indicators are projected from 2016 values
up to 2020 following the population cohort method - the details can
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be found later in this chapter. The other explanatory variables, un-
employment rate in Early leavers from education model and labour
productivity in the model for Tertiary education attainment, are used
with a time lags long enough (7 and 13 years respectively) that the
data for 2020 forecast are already available and there is no need for
any further assumptions.

2. Final calculation of the country-speci�c forecast for the two-
fold Europe 2020 education target, including the uncertainty inherent
in the forecast expressed by con�dence intervals5.

3. Calculation of the probability of reaching both EU and na-

tional targets for the two educational indicators - comparison of the
forecasted and targeted value.

The assumptions behind this forecast is that there is no policy change

neither from European union, nor from any of the member states in the
following years.

6.1 Projecting the parental education levels

The projections of the parental education levels up to 2020 were forecasted
by a simple dynamic equation describing the aging process of a particular
age-group with speci�c education level attainment. The assumptions for
this approach are the following: (i) all the decisions about education for
these age groups were taken in the past, in other worlds, I presume that the
education level attainment for these individuals is not changing 6 as usually
the educational process is a matter of a younger age, i.e. no life-long learning
or retraining assumed; (ii) it ignores all inward and outward migration e�ects
also as the di�erent mortality risk between groups with di�erent educational
attainment level. The projection is illustrated by following equation:

Pop(g, t+ 10) = Pop(g − 10, t) + λ · gap

5Con�dence intervals were calculated under normality assumptions on 90% probability

level.
6Of course, I am aware that there are some individuals that are increasing their edu-

cation level in later age but I assume: (i) it is not a majority of population and (ii) as the

education attainment level is only a proxy for a social-economic background of a family

in my models (including �nancial budget), the further education levels achieved would

have, nevertheless, only a longer term realization and would not a�ect considerably the

social-economic background of an individual when he was taking his education decision.
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where Pop is a share of individuals with a given education level at time t in
a group with age index g. The age groups g and g − 10 are referring to two
di�erent population cohorts, separated by 10 years. The 10 years di�erence
between cohort groups was chosen due to the available of the data for the
education attainment level, I was working with the following age groups:
25-34, 35-44, 45-54 and 55-64.

However, as the projection model is carrying considerable simpli�cations,
the last part of the equation was added to smooth the prediction and to nar-
row the gap in education levels between two consecutive cohorts, which could
be, in some cases, very signi�cant. The gap was calculated as a di�erence in
the education attainment levels in a one cohort group over time on a country
speci�c level, to illustrate, the di�erence between education level attainment
of an age group 25-34 in 2006 and an age group 35-45 in 2016 (which is, sim-
ply by aging process, considered to be a same group of individuals), λ as a
smoothing adjustment coe�cient was set at 0.5, following the Dragomirescu-
Gaina & Weber (2013) approach. For the instances, where the di�erences
of the two consecutive cohorts were huge, such as for Baltic countries or for
Luxemburg, I used slightly higher smoothing adjustments coe�cient to o�-
set it. The big di�erences are mainly caused by the methodological breaks
in the data.

The result of the data extrapolation for all the parental education age
groups are in the table 10. For a cross check of the reasonability and validity
of the extrapolation, detailed development of all three indicators can be
found in Appendix A-1, A-2 and A-3 for the projections of females with low

education levels, age 35-44, males with low education levels, age 45-54 and
adults with tertiary education, age 55-64 respectively.
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Table 10: Projection of the Parental education levels up to 2020

Low education level Tertiary education

Females,

age 35-44

Males,

age 45-54

Adults,

age 55-64

2016 2020f 2016 2020f 2016 2020f

EU 28 17.9 16.6 24.9 23.8 22.3 23.7

AT 14.9 13.0 11.5 10.4 22.5 22.7

BE 17.2 16.7 25.7 22.4 27.0 31.0

BG 15.5 17.5 16.6 16.9 23.7 23.0

CY 14.4 14.6 22.3 17.1 25.9 30.4

CZ 4.3 4.8 4.1 3.8 15.2 17.1

DE 14.6 12.5 10.9 10.4 26.2 27.4

DK 13.1 14.8 22.1 18.6 29.7 29.5

EE 6.3 6.0 5.6 6.0 36.1 39.2

EL 17.7 17.8 32.7 31.9 20.7 22.7

ES 28.7 28.6 46.2 42.7 23.2 26.0

FI 6.3 6.2 14.0 13.3 36.8 40.3

FR 14.7 14.3 22.6 21.2 22.1 23.0

HR 11.5 9.0 16.7 17.6 15.5 15.0

HU 13.5 13.1 15.5 15.0 17.2 18.4

IE 11.0 11.2 28.9 22.6 27.6 31.8

IT 30.4 26.7 47.3 43.4 12.3 12.7

LT 7.8 5.8 3.9 3.4 30.3 33.0

LU 13.8 12.4 25.2 14.0 27.8 34.1

LV 9.0 7.9 7.2 8.4 26.2 27.9

MT 49.9 43.6 63.6 58.9 9.0 11.2

NL 16.9 15.5 23.4 23.7 27.3 28.7

PL 5.7 4.4 8.5 8.2 13.7 14.5

PT 36.8 34.2 66.0 66.6 12.9 12.4

RO 21.4 24.8 15.0 17.6 9.7 10.2

SE 11.2 10.9 14.2 13.3 30.5 30.7

SI 7.7 5.3 13.9 14.1 19.5 20.1

SK 5.7 5.2 6.7 6.0 13.4 14.2

UK 15.7 13.7 23.9 21.2 34.1 35.3

(source: author's elaboration; based on Eurostat and own calculation)
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7 Results & Discussion

After calculation of the country speci�c forecast for 2020 and the con�dence
intervals7, the probability of reaching both Europe 2020 and individual mem-
ber state targets was set based on the following criteria:

� very high probability: the forecasted value and its con�dence interval is
above target (for tertiary education attainment) or below the targeted
value (for early leavers from education)

� high probability of ful�lment: the forecasted value and its upper bound
of the con�dence interval is above 2020 target (for tertiary education

attainment) or the forecasted value and its lower bound of the con�-
dence interval is below the target (for early leavers from education)

� fair probability corresponds to only the upper bound of the con�dence
interval above the target, not the forecasted value itself (for tertiary ed-

ucation attainment) or only the lower bound of the con�dence interval
below (for early leavers from education)

� low probability was assigned when both forecasted value and its con-
�dence interval is below the target (for tertiary education attainment)
or above the targeted value (for early leavers from education)

According to this classi�cation, the results seem very optimistic - the
overall probability of reaching the Europe 2020 education targets on the
aggregated 28-member states level is assessed to be high for both indicators,
with the forecasted development path drawn in the charts below.

7All the country speci�c forcasts with the con�dence intervals can be found in the

Appendix B-1 for Early leavers from education and Appendix B-2 for Tertiary education

attainment
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the following years up to forecasted 20%.
From the national targets ful�lment perspective, 15 countries are very

highly or highly probable to meet their national targets whereas 8 member
states will most likely not. While evaluating the performance on the na-
tional target level, it is important to note that some countries have set less
ambitious targets than the Europe 2020 one and will very likely ful�l them
(for instance Italy or Spain), but on the other hand, some countries with low
percentage of early school leavers in the population in general have set their
national targets even more challenging that the 10% in Europe 2020 and will
most probably fail to ful�l them - case of Czech Republic or Poland. The
reasonability of the national targets is further discussed by B°ízová (2013).

Table 11: Probability of ful�lling targets for Early school leavers

Early leavers from education

Probability of ful�ling: Probability of ful�ling:

2016

status

MS

target

EU2020

target

MS

target

2016

status

MS

target

EU2020

target

MS

target

AT 7.0 9.5 very high very high IE 6.5 8.0 very high very high

BE 9.2 9.5 very high very high IT 14.1 16.0 low very high

BG 13.4 11.0 low low LT 5.0 9.0 very high very high

CY 6.7 10.0 very high very high LU 6.5 10.0 very high very high

CZ 6.7 5.5 very high low LV 10.7 10.0 fair fair

DE 10.3 10.0 high high MT 19.8 10.0 low low

DK 7.6 10.0 very high very high NL 8.2 8.0 very high high

EE 9.7 9.5 high fair PL 5.2 4.5 very high fair

EL 6.5 10.0 very high very high PT 13.6 10.0 high high

ES 19.4 15.0 low low RO 18.5 11.3 low low

FI 8.7 8.0 very high low SE 7.5 7.0 very high fair

FR 8.9 9.5 very high very high SI 4.7 5.0 very high very high

HR 2.8 4.0 very high very high SK 6.8 6.0 very high low

HU 12.5 10.0 low low UK 11.2 - fair -

(source: author's elaboration; based on Eurostat and own computation)

Notes: all data are in %. MS target stands for Member state or national target

Global EU2020 target for Early leavers from education is maximum 10%;

UK has not set any national target

Evaluating the forecasted values for tertiary education attainment, achiev-
ing the target 40% is very highly (or highly) probable for 18 countries
whereas for 9 member states the probability is very low. Compared to early

school leavers, this indicator has positive trend for all countries in the Eu-
ropean union.

With the national target, the discussion is the same as for early school

leavers - some countries have set their national target below 40%, i.e. less
ambitious, and some countries committed to more challenging goals. From
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the 8 countries that are unlikely to reach their national target, some are over-
achieving the Europe 2020 one, for instance Luxemburg, Ireland or France.

Table 12: Probability of ful�lling targets for Tertiary education attainment

Tertiary education attainment

Probability of ful�ling: Probability of ful�ling:

2016

status

MS

target

EU2020

target

MS

target

2016

status

MS

target

EU2020

target

MS

target

AT 39.7 38.0 high very high IE 52.7 60.0 very high low

BE 44.6 47.0 very high very high IT 26.3 26.0 low high

BG 33.4 36.0 low high LT 58.3 48.7 very high very high

CY 53.8 46.0 very high very high LU 54.1 66.0 very high low

CZ 31.9 32.0 fair very high LV 41.0 34.0 very high very high

DE 33.3 42.0 low low MT 29.8 33.0 low fair

DK 47.9 40.0 very high very high NL 45.7 40.0 very high very high

EE 46.0 40.0 very high very high PL 44.3 45.0 very high high

EL 42.1 32.0 very high very high PT 34.3 40.0 low low

ES 40.2 44.0 high low RO 25.5 26.7 low very high

FI 45.6 42.0 very high very high SE 50.8 45.0 very high very high

FR 44.0 50.0 very high low SI 43.5 40.0 very high very high

HR 30.5 35.0 low low SK 30.5 40.0 low low

HU 32.8 34.0 low high UK 47.9 - very high -

(source: author's elaboration; based on Eurostat and own computation)

Notes: all data are in %. MS target stands for Member state or national target;

Global EU2020 target for Tertiary education attainment is at least 40%;

UK has not set any national target

In general my results correspond to the conclusions derived by Dragomirescu-
Gaina & Weber (2013). For some countries (for instance Austria or Greece),
the forecasted results are even more optimistic as the development in pre-
vious years was better than anticipated in year 2012, where the analysis of
Dragomirescu-Gaina & Weber (2013) was constructed.

Examining the forecasted results in more detail, the two following charts
Figure 6 and 7 present the graphical overview of country speci�c ful�lment
in 2016 and the forecasted levels for 2020 together with the decomposition
to the two main drivers - the parental education and the income employ-
ment prospect, for tertiary education attainment and early school leavers

respectively.
The member states are ordered based on their initial ful�lment level

in 2016. According to the �gures, around two-thirds of the countries are
reaching the targets, which correspond to the conclusion made in previous
paragraphs.
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Conclusion

My thesis started with two questions, I asked How smart will be Europe
2020? and How smart will be the Europe by year 2020? The main objective
of my thesis was to predict the future path for the two educational indicators
under the strategy Europe 2020 - early leavers from education and tertiary

education attainment - and to answer the probability, that these targets will
be ful�lled by year 2020. The overall educational target under Europe 2020
are at most 10% of early leavers from education (aged 18-24) and at least
40% of tertiary educated individuals aged 30-34 within the population. As
the educational situation is not homogenous across European Union, besides
the global European target, the individual national targets were set up as
well. Some of these targets are more challenging than the Europe 2020
strategy, whereas others are not.

To be able to answer my research question, I established econometrics
models of panel data, using the method of �rst di�erences. The theoret-
ical basis for these speci�cations was the theory of human capital, pio-
neered by Becker (1964, 1993), describing the incentives of an individual
to leave or enter the education process based on his socio-economic back-
ground and labour market conditions, de�ned as income and employment

prospect, for tertiary education attainment and early leavers from education

respectively. Following the approach of Dragomirescu-Gaina &Weber (2013)
and Dragomirescu-Gaina et al. (2015), the selected proxies for this theoret-
ical ground were parental education level as a proxy for the socio-economic
family background, unemployment rate within the low educated group as a
proxy for employment prospect and real labour productivity as a proxy for
income prospect. From the results of the empirical modelling, I established
a simple forecast method and I constructed the country speci�c predictions,
together with the uncertainty intervals, for both educational targets. As the
last step, I calculated the probability level of reaching the targeted level.

Overall the forecasted results paint rather a favourable future. Looking
at the early leavers from education, the target is likely to be ful�lled on the
aggregated EU28 level, as two thirds of the member states are predicted
to be below the 10%. Examining the probability of reaching the national
targets, around 50% of the countries are very likely to ful�l their national
goals. Nevertheless some countries were plausibly too optimistic with their
future development and around 4% of countries will most likely fail in their
national targets ful�lment and in Romania, the share of early leavers from

education is predicted to increase by 2020.
For tertiary education attainment the overall aggregated EU28 perspec-
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tive is also very positive, again, about two thirds of the countries are ex-
pected to have higher share of tertiary educated individuals aged 30-34 than
40%. Nonetheless some countries, such as Romania or Italy are still a lot
behind. In general, the majority of the countries is also expected to reach
their national targets, with 8 countries that are likely to fail ful�lling them.

While decomposing the contribution to the changes in the educational in-
dicators (early leavers from education and tertiary education attainment), it
is valid for both indicators that higher e�ects are expected from the changes
in the labour market conditions rather than from parental education levels.

To conclude, based on the results, it is very probable that the Europe
2020 will be ful�lled on the aggregated EU28 level and that the future de-
velopment path for education is positive.
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