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Introduction

Longer life expectancy is, at the same time, one of the main achievements of our time and one of

the major challenges national governments have to face.

The progressive and unceasing process of population ageing, that developed countries in Europe

have been experiencing for decades, has led to substantial changes in the demographic composition

of our society, that includes a larger and larger share of elderly people. The drop in the fertility rate

since  the  half  of  the  20th century,  together  with  the  ongoing  technological  progress  and  the

improvement in the living standards, are among its main determinants.

Despite higher longevity seems not to have negative aspects for most of people, if not properly

addressed,  population  ageing  will  keep  threatening  countries'  economic  growth  and  financial

stability, as well as the well-being of their citizens (OECD, 2014).

One of the major issues it has brought concerns the change of both the size and the structure of the

labour force, which is progressively reducing its volume and involving a lower share of younger

people. This fact implies an increasingly dangerous unbalance between the number of retired people

who receive pension benefits, and the number of active people in the labour market contributing to

the Social Security System. Consequently, it seems obvious that such systems, further challenged by

the recent financial crisis, could not hold for a long time without any reform.

Therefore,  governments'  political  actions  aimed at  tackling with population  ageing,  particularly

addressed to the labour market and the pension system, have become vitally important.  Despite

significant differences across countries, some of the most common measures adopted to redesign

the Social Security System have been the rise in the statutory retirement age in order to obtain a full

pension and financial disincentive to limit early retirement.

As a matter of fact, living longer and working longer seems to be the only reasonable and feasible

combination in order to reduce pressure on public finances and make sure that the economic growth

restarts. Besides, these conditions are necessary to guarantee citizens' well-being as well. 

Nevertheless, the mere extension of people's working life won't be sufficient to achieve these goals

if older workers are not enabled to perform the tasks required by their job efficiently. 

One  way  to  face  this  issue  could  be  lifelong  learning.  However,  older  workers'  choice  of

undertaking a training course and, on the other hand, employers' decision of providing training, are

not that simple and immediate, how it may be thought. Older workers may be subject to skills'

obsolescence and lack of updated knowledge, mainly due to technological progresses,  and they
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might be less motivated in investing in training than younger workers because they cannot fully

reap the benefits of it, in sight of a closer retirement. It follows that, for those workers, training's

costs are higher, while its benefits lower.

In addition to this, there is the fact that employers are less willing to invest in older workers, being

typically more prone to consider younger workers for training programs, for their better capacity of

learning from modern types of teaching and their longer time horizon to put in place what learnt.

In the OECD report  “Education at Glance” (2010) is shown that training participation declines

with age for both genders. In the OECD area, on average, only respectively 27% and 28% of men

and women aged 55 to 64 years old have undertaken a training course, against respectively 39% and

41% in the age group between 45 to 54 years old, 44% of both males and females aged 35 to 44

years old, and respectively 51% and 48% of men and women aged 25 to 34 years old.

Despite  that,  it  seems  essential  that  policies  concerning  the  extension  of  the  working  life  are

integrated with policies aimed at increasing older workers' employability and productivity. 

The question is: “is training profitable even at older ages?” As a matter of fact, training would allow

workers,  especially the older  ones,  to  acquire  the skills  and the knowledge needed in order  to

remain  in  the  labour  market  actively  and  perform  the  job's  tasks  with  more  motivation  and

satisfaction.  In  the  literature  there  are  also  some  studies  providing  evidence  on  a  positive

relationship between training and wages, intended as a measure of productivity. Therefore, those

workers  who  have  been  trained  obtain,  on  average,  a  wage  premium (Bassanini  et  al.,  2005;

Dearden et al., 2006; Dostie & Lèger, 2011; Belloni & Villosio, 2014).

The principal aim of this study is to investigate and empirically analyse the effect of training on the

productivity of older workers (aged 50 to 65 years old), measured in terms of average number of

missed days from work because of health. 

There are many studies taking into account this not-monetary measure of productivity (Tyssen et

al., 2000; Judge et al., 2001; Tennant, 2001; Faragher et al., 2003; Iacovides et al., 2003; Lofland et

al., 2004;  Goetzel  et  al., 2004;  Jones  et al., 2008;  Loeppke et al., 2009;  Mitchell & Bates, 2011;

Beck et al., 2011; Kronenberg, 2014; Hafner et al., 2015). The reason is that, on the one hand, by

definition, if a person is not at work cannot be productive and, on the other hand, this variable

reflects a set of elements related to the workplace well-being, that might be influenced by training

(stress, freedom, social support, work recognition and so on) (Jones et al., 2008; Vasudevan, 2014).

Workplace absenteeism due to sickness is a growing problem in our society since it involves an

increasingly larger commitment of both public and private resources.  Absenteeism rates are not

uniform across countries due to differences in the economic trend, legislations, culture, schemes of

paid sick leaves, the labour force composition and the market structure, the public health system
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and the social insurance one, the level of industrial development and so on.

In any case, measures able to reduce its volume, as well as the costs it generates, would reveal

themselves useful, also because absenteeism due to illness is expected to increase along with the

growth of the share of older people included in the workforce, induced by the population ageing. 

According to Scheil-Adlung and Sandner (2010), in Europe the average annual expenditure per

capita on sick leave was almost of 200 (EUR) in 2005, ranging from a minimum of 70 (EUR) in

Portugal to a maximum of 940 (EUR) in Norway. Moreover, it has been estimated by the OECD

(2009) that the countries in its area spend about 2% of their national GDP on sickness benefits.

Therefore, finding a negative relationship between training and sickness absenteeism would be a

further reason for both firms and governments to provide training programs for older workers. 

In this study we estimate the effect of training on sickness absenteeism by exploiting wave4 (2010-

2011) and wave5 (2013) of the  Survey of Health,  Ageing and Retirement in Europe  (SHARE-

http://www.share-project.org/), controlling for individual fixed effects. Furthermore, we carry out

our analysis on 13 European countries by considering men and women separately, in order to take

into account cross-gender heterogeneity in the labour market participation. 

We choose SHARE as its target population consists of individuals aged 50 years old and over, and

because it provides appropriate information on the main variables involved in our research.

The negative relationship between training and sickness absenteeism that we find, rises the question

about the channels through which training produces this effect.

First, it might be argued that training reduces sickness absenteeism by its positive impact on job

quality and workplace well-being, which have been shown to be important determinants of sickness

absenteeism.

The  literature  provides  evidence  on  a  positive  correlation  between  training  and  job  quality

(Schmidt, 2007; Jones  et al., 2008;  Vasudevan, 2014).  In fact, training has been found having a

positive impact on individuals' workplace well-being, since it meets the requirements in order to

boost workers' moral and level of dedication, it improves stress management and leads to wage

premiums and preferred job's tasks.

Therefore, we want to verify whether, also in our dataset of individuals aged 50 to 65 years old, this

positive correlation occurs. In particular, we exploit wave4 of SHARE since it includes an extensive

set of variables on workplace well-being that allows to determine some indicators of job quality,

including the effort-reward ratio introduced by Siegrist's (1996). Values of the ratio lower than 1 are

positive as they imply that the effort dimension is compensated by an higher reward.

The longitudinal dataset, consisting of wave4 and wave5 of SHARE together, allows to carry out

further investigations about whether training is correlated with future changes in the employment
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situation. In particular we want to discover whether changes in employment conditions, namely

type of work contract, occupation and occupational sector, as well as the decision to start a new job,

can be considered alternative channels through which training operates.

This analysis is useful to understand whether the reason why older workers participate in training

activities is to change job or to improve well-being at their current workplace.

A negative correlation between training and the probability of experiencing a change of the job

performed may lead to the conclusion that the development of new skills is associated with an

improvement of the quality within the current job-spell. Workers can manage the tasks required by

their job more efficiently because they have more autonomy and less stress, for instance.

Alternatively,  employers  may exploit  training to  redefine the job's  tasks of older  workers,  thus

meeting their necessities with their abilities and improving workers' attachment to their current jobs.

The study is divided into three chapters. Chapter 1 is dedicated to the literature review, therefore we

present the challenges produced by population ageing and we briefly summarize the results found in

the literature about our key variables. In Chapter 2 we first describe the data exploited and second

we show the descriptive statistics related to both the cross-sectional and the longitudinal datasets. In

Chapter 3 we report the main results of the our study and we present a sensitivity analysis to verify

their robustness. Lastly, in the conclusions, we try to provide an explanation of what we have found.
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Chapter 1: Literature review

1.1  Population ageing and working life extension

1.1.1 Population ageing

Most developed countries in Europe has been experiencing a gradual but incessant ageing of their

societies,  leading  to  an  increasingly  higher  ratio  of  elderly  people  with  respect  to  the  overall

country's population (OECD, 2015).

Furthermore, this ratio is expected to be incremented over time. In fact, the OECD report (2015) on

ageing, showed that in 2014 there were almost 900 billion of people aged 65 or over (12% of the

population)  and  it  forecast  that,  by  2030  the  number  will  go  up  to  1.2  billion  (16%  of  the

population) while by 2050, the number will almost double to 2.03 billion (21% of the population).

Figures 1.1.1 and 1.1.2 show the percentage change in population distribution occurred between

1994  and  2014  and  the  predicted  percentage  change  that  is  expected  from  2014  and  2080

respectively, divided by gender and 5-year age groups.

What immediately emerges is that, with the passing of time, population's distribution is going to

become inverted-pyramid shaped due to an increasingly shrinkage of the share of population, both

male and female, with less than 50-55 years old.

Figure 1.1.1: Population's pyramid by gender (1994-2014)

Percentage of the total population

Source: Eurostat (online data dode: demo_pjangroup)
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Figure 1.1.2: Population's pyramid by gender (2014-2080)

Percentage of the total population

Source: Eurostat (online data dode: demo_pjangroup and proj_13npms)

The main drivers of population ageing have been the decline in the fertility rate since the end of the

Second World War and, on the other hand, both the technological progress and the higher living

standards, which have resulted in a longer and healthier life expectancy (OECD, 2014). 

The average fertility rate of OECD countries has dropped from approximately 3.28 children per

woman in 1950 to less than 2 nowadays indeed, and it is expected to be further reduced by 2050.

Likewise, while the average life expectancy in the OECD countries in 1950 was around 64 years,

today it has reached approximately 80 years (OECD, 2006). In the next future, life expectancy will

keep increasing but at a decreasing rate, in fact, it  has been predicted a slowdown in wealthier

countries with respect to the past decades (Vodopivec et al., 2008). 

Figures 1.1.3 and 1.1.4 illustrate respectively the increase in life expectancy from 1970 to 2013, and

the average population's life expectancy at birth in 2013, for males and females separately. 

Therefore, the first displays how life expectancy has sharply grown in all countries considered since

1970, exceeding the average threshold of 80 years old. The second instead, shows that the average

life expectancy differs of approximately 5 years between males and females, in particular women

are more likely to live longer than men.

6

< 5
5–9

10–14
15–19
20–24
25–29
30–34
35–39
40–44
45–49
50–54
55–59
60–64
65–69
70–74
75–79
80–84

85+

6 4 2 0 2 4 6
Solid colour: 2080

Bordered: 2014



Figure 1.1.3: Average life expectancy (1970-2013)

Source: OECD  Statistic 2015, http://dx.doi.org/10.1787/health-data-en

Figure 1.1.4:  Life expectancy by gender (2013)

Source: OECD  Statistic 2015, http://dx.doi.org/10.1787/health-data-en

The combination of these two characteristic trends of our society has incremented countries' median

age. In Figure 1.1.5 it is possible to see the effects of population ageing over just a decade (from
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2004 to 2014). The median age has risen from a minimum of 1 year in Sweden to more than 4 years

in Portugal and in Germany, growing in Europe, from an average of 38.2 years old in 2004 to 42.2

years old in 2014.

Figure 1.1.5: Changes in median age from 2004 to 2014 

Source: Eurostat (online data code: demo_pjanind)

1.1.2  The challenges of population ageing

The  effects  of  population  ageing  on the  economy are  several  as  well  as  are  the  challenges  it

generates concerning countries' economic growth and financial stability, and the well-being of their

citizens (OECD, 2014).

In the first place, in many studies has been shown that, averagely, as a person grows old his or her

productivity is expected to decrease due to several reasons, such as human capital depreciation and

health deterioration.

In addition to that, population ageing has affected the size and the composition of the labour force

(Vodopivec  et al., 2008). Thus, unless increases in the participation rate,  the workforce will keep

shrinking over time due to the unbalance in the intergenerational turnover (OECD, 2006). 

This will imply an higher number of elderly people (people aged 65 and over) as a share of the

working-age  population  (labour  force  aged  15-64),  namely the  so  called  “old-age dependency
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ratio”, and an higher number of retired people per active worker, since when older workers retire

are not replaced by a large enough cohort of younger workers  (Vodopivec et al., 2008). 

More precisely, in the OECD report “Ageing: debate the issues” (2015) it has been estimated that,

in most of OECD countries, the ratio between the number of older inactive people and the overall

workforce will almost double by 2075, unless changes in both the labour and in the retirement

systems.

Table 1.1.1 highlights this upward trend: while in 1950 in Europe there was just 1 elderly person out

of almost 7 working-age persons, in 2000 the ratio dropped to 1 out of 4, today the ratio is further

reduced to one 1 of 3, and by 2075 there will be an elderly person out of only 2 working-age

persons (OECD, 2015).

Table 1.1.1: Old age dependency ratio (1950 - 2075)

Source: OECD (2015) "Old-age dependency ratio"

The reduction of the workforce, together with the increase in the share of retired people, is one

element contributing to the slowdown of the economic growth.

In fact, according to the OECD forecast (2015), the GDP per capita in the OECD area will fall, at

the same conditions, of around 1.7 percentage points per year over the next three decades.
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1950 1975 2000 2015 2025 2050 2075

Australia 14,0 16,0 20,7 25,1 31,5 40,8 47,3

Austria 17,1 27,3 25,3 30,3 36,5 52,8 53,8

Belgium 18,1 25,2 28,4 31,7 39,0 50,5 51,6

Czech Republic 13,6 22,5 22,0 28,1 35,2 50,9 47,9

Denmark 15,6 23,7 24,2 32,2 37,1 42,7 47,6

Finland 11,9 18,0 24,7 35,4 44,6 48,9 53,1

France 19,5 24,6 27,5 32,8 39,7 49,0 53,4

Germany 16,0 26,3 26,2 35,3 43,7 65,1 66,3

Greece 12,5 21,8 27,5 33,5 40,2 65,3 59,7

Iceland 14,1 18,1 20,1 22,5 30,2 44,7 55,6

Ireland 20,9 22,0 19,2 21,2 27,3 47,8 49,7

Israel 7,1 15,2 18,9 20,3 25,4 33,5 42,4

Italy 14,3 21,7 29,4 36,5 42,6 68,3 63,3

Japan 10,0 13,0 27,6 47,2 55,4 78,4 77,2

Korea 6,3 7,5 11,5 19,6 31,1 71,5 80,1

Luxembourg 15,8 22,6 22,9 23,3 27,4 43,0 55,3

Netherlands 14,0 19,5 21,9 30,5 39,5 52,5 55,9

Norway 16,0 24,9 25,8 27,9 33,1 42,1 47,4

Poland 9,4 16,9 20,6 23,8 35,8 55,4 57,7

Portugal 13,0 19,7 26,7 31,7 38,5 69,8 75,6

Spain 12,8 19,2 27,3 29,6 36,3 73,2 65,4

Sweden 16,8 26,2 29,5 34,8 39,0 42,7 46,5

Switzerland 15,8 21,5 24,9 29,5 34,0 44,3 51,7

Turkey 6,5 10,1 11,3 13,1 17,6 37,4 55,2

United Kingdom 17,9 25,4 26,8 30,8 35,5 46,4 51,0

United States 14,3 19,1 20,9 24,7 33,1 39,5 45,0

Argentina 7,5 14,1 18,6 19,7 22,3 34,3 47,5

Brazil 6,5 8,9 10,1 13,3 18,3 39,6 60,2

China 8,7 9,7 11,6 14,2 21,3 42,5 50,6

India 6,4 7,6 8,5 9,6 12,2 20,8 33,3

Russian Federation 8,7 15,4 20,3 20,1 27,7 36,0 34,5

Saudi Arabia 7,5 7,7 7,2 4,9 8,5 30,2 50,3

South Africa 7,5 7,3 6,5 10,2 12,5 17,4 28,2

EU28 (weighted) 15,2 22,5 25,9 31,3 38,4 56,5 57,2



Population ageing also affects the consolidated saving patterns across generations as well as those

related to consumption and investments. 

First, given that the elderly are used to have lower saving rates than the younger individuals', along

with ageing, aggregate savings will decrease and, as result, so will do investments (OECD, 2014).

This implies lower labour productivity and growth rate (Vodopivec et al., 2008).

Furthermore, being older people usually more risk averse, also financial markets are likely to be

subject to population ageing, given its impact on investment decisions (Vodopivec et al., 2008).

Second,  is  proven that  both consumption decisions  and necessities change with age,  hence the

aggregate demand will be affected by an increasingly growing share of elderly people.

Population ageing also places pressure on public finances, already challenged by the financial crisis.

The lengthening of life expectancy has significantly increased the public expenditures on both the

pension and the healthcare systems indeed. The burden on the public pension expenditure is further

worsened  by  the  shrinkage  of  the  workforce.  Figure  1.1.6  displays  the  shares  of  national

governments' expenditure addressed to the pension system in 2011.

Figure 1.1.6 : Public expenditure on old-age and survivors pensions in 2011 

Percentage of  total government expenditure

Source: OECD Social Expenditure Database (SOCX) – (http://dx.doi.org/10.1787/888933156761)

In  the  OECD report  (2006)  on  ageing and employment  policies  has  been estimated  that  those

expenditures are expected to become a even more substantial part of countries' GDP .

Considering all these reasons, it may be claimed that population ageing, not only is an relentless

phenomenon involving most countries across the world, but also that, unless promptly and properly

10

http://dx.doi.org/10.1787/888933156761


addressed by governments through political actions, will continue jeopardizing countries' economic

growth and the well-being of their citizens, especially the older ones (OECD, 2006, 2014, 2015). 

Hence, the long-term challenge many countries have been dealing with is how to face population

ageing in order to offset its negative consequences. 

Particular attention has been paid to boost older workers' participation rate to the labour force and

their  employability,  being  the  fully  use  of  their  labour  resources  one  possibility  to  face  such

challenge (OECD, 2006).

In response in fact, many governments have reformed their Social Security System mainly adopting

policies aiming at increasing the workforce through the rise of the statutory retirement age in order

to obtain a full pension or, in other words, extending people's working life. This aim has been also

pursued either by limiting the possibility to access to early retirement or by making it less appealing

and convenient through financial disincentives (OECD, 2014-2015; Belloni & Villosio, 2014).  The

other guideline of those reforms has been the shift from pension systems in which it was known the

amount of the income when retired, to systems in which the only thing individuals know is the

amount  of contributions  to  pay,  since what  people will  receive depends on the return of  those

contributions that are generally invested in financial markets. This is the reason of the raise of both

complementary and integrative pensions. 

Table 1.1.2:  Average normal retirement age in 2014

Source: OECD (2015), "Country",in Pensions at a Glance 2015
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Table 1.1.2 displays the average normal retirement age in 2014, underlining, for most countries,

differences between women and men. 

The normal retirement age refers to the age at which a worker, who had entered the labour force at

the age of 20, is legally able to retire without any pension reduction. It differs from the effective

retirement age, which instead is defined as the average age at which a person declares retirement

during a 5-year period (OECD, 2015). Differences between the two are shown by Figure 1.1.7.

Figure 1.1.7: Normal and effective retirement ages

Source: OECD (2015), "Country",in Pensions at a Glance 2015

Despite all the challenges it arises, without any doubts, living longer is one of the main achievement

of our society and, if correctly addressed, would be a resource to exploit.

The drawback is that working longer seems to be the only sustainable way to address this change in

the demographic composition of the population.

Working longer would allow governments to reduce retirement expenditures and, on the other hand,

enlarge the contribution base, thus collecting a larger amount of taxes on income and reinforcing the

public finances. It would also permit workers to earn and, in turn, save more for retirement, against

an obviously shorter period of inactivity (Vodopivec et al., 2008).

Furthermore,  a  straightforward implication of  the  growth in  life  expectancy is  that,  should the

number of years in which a person save in sight of retirement remain constant, the same amount of
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savings  will  have  to  cover  a  longer  period  of  inactivity,  meaning  lower  annual  pensions  and

everything that follows (OECD, 2015).

Therefore, all countries should adapt their pension programs to the new demographic reality if they

want  them to  keep  being  financially  sustainable  and  guaranteeing  retired  people  a  reasonable

income (OECD, 2014).

Despite pension programs' variety across countries, a typical common element is that they have

grown extremely expensive (Figure 1.1.8) along with population ageing, and have generated a very

marked disequilibrium between those people retiring and benefiting from them, and those instead

working and contributing to the Social Security System (Gruber & Wise, 2002).

Figure 1.1.8: Public Pension Spending – GDP%

Source: OECD (2016), Pension spending (indicator). doi: 10.1787/a041f4ef-en (Accessed on 28 July 2016)

Moreover, public measures adopted in the Social Security System (penalties and/or disincentives in

the tax, pension and welfare systems), together with several workplace practices consolidated over

time and representing barriers for the elderly to keep on working, have been pushing older workers

into early retirement (Gruber & Wise,  2002; OECD, 2006). Early retirement that has been also

found being a result  of poor job quality (Dal Bianco  et al.,  2014). Indeed, poor human capital

investments and, more in general, poor job environment are likely to lead the worker to retire as

soon as possible. Furthermore, as claimed in Angelini's  et al. (2009), financially attractive early

retirement schemes may induce the so called “early retirement trap”: in a framework of  imperfect

financial and insurance markets, workers who retire early are more likely to experience financial

difficulties in the long run.
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Regardless significant differences in the labour market across countries, due to the continuously

rising number of elderly people, most of those measures and consolidated practices have become no

longer sustainable nowadays.

The OECD (2014) has forecast that the overall retirement-related expenditure in most of OECD

countries will keep increasing along with the growth of the share of the elderly with respect to the

total  population,  and that  the  pension  income will  keep decreasing  along  with  the  rise  of  life

expectancy (OECD, 2014).

1.1.3  Working longer and being productive

The financial  crisis, together with the urgent need of reducing national government's  debts and

release pressure on the public finances, have required ready prominent political actions addressed to

the retirement area.

Over  the  last  few  decades,  in  many  OECD  countries,  pension  system's  reforms  have  been

undertaken to  face  the  challenge  of  ageing through the  raise  of  the  labour  utilization  of  older

workers, although they have been intensified after the economic crisis. 

Part  of  the  reforming  countries,  such  as  Austria,  Belgium,  Greece,  Spain  and  France,  have

progressively  restricted  or  abolished  the  eligibility  conditions  of  accessing  to  early  retirement

(OECD, 2012). 

Other countries, alternatively or in addition, have raised the statutory retirement age in order to

receive a full pension, sometimes relating it to the current life expectancy. At times, these measures

have been integrated with a reduction of pension benefits (OECD, 2012).

Therefore, the main strategy followed has been to preserve the ratio between the number of years in

which people save for retirement and the expected number of years in retirement, rather than just

increase contributions (OECD, 2015). 

However, worsened by the current socio-economic situation, pension system's reforms have been

proven to be difficult challenges themselves, attempting to meet public finances with older workers'

necessities. 

Actually, in many cases, the results have been public pensions subject to austerity measures in order

to balance government's accounts, and a large number of older workers left  with no option but

working longer to receive a full pension, with or without the capacities of doing so (OECD, 2015).

Therefore, despite the efforts done, in most of OECD countries, workers still decide to leave the

labour market before the statutory retirement age, even if this has been proven to have negative
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effects in the long-term on both individuals' mental health and financial wealth (Angelini  et al.,

2009; Bonsang et al., 2012; Dal Bianco et al., 2014).

In addition, on the one hand, workers are hardly well disposed and motivated to work longer due to

delaying retirement reforms. On the other, employers are often reluctant to hire older workers, but

more inclined to discharge them. Possible reasons are several: higher costs of health, life insurance

and pensions, the higher risk of sickness absenteeism, skills and knowledge obsolescence, shorter

career, higher expected salary, and less  energy, flexibility and adaptability to workplaces changes

(OECD, 2006; Vodopivec et al., 2008). 

In fact, older workers are more likely to be subject to ill-health and human capital depreciation.

Employers moreover, are usually more prone to see the negative aspects of older workers rather

than the good ones, as experience and loyalty (OECD, 2006).

These factors result in more difficulties for older workers to keep their job and performing their job

tasks efficiently.

Therefore, how is it possible to overcome these issues and promote older workers' employability?

Measures, incentives and practices that may be put in place in order to encourage older workers to

work longer and boost their employability are several1, lifelong investment in training might be one

of them (OECD, 2006; Belloni & Villosio, 2014).

As mentioned above, an issue with the extension of the working life is that, due to technological

progresses many sectors have been experiencing, older workers' skills and knowledge may become

obsolete,  completely  or  partially  limiting  them  in  performing  the  tasks  required  by  their  job

efficiently and pushing them into early retirement (Belloni & Villosio, 2014). 

In these cases, training would provide older workers with useful tools necessary to carry on their

job actively and with more motivation and satisfaction (OECD, 2006).

If training may be one instrument thanks to which it would be possible to increase older workers'

productivity and employability as well as to keep them longer in the labour market, why do both

employers and older workers hesitate to provide or undertake on-the-job educational programs?

As explained in Section 1.3, on the one hand, outdated skills' perception may discourage employers

to  consider  older  workers  for  training  programs  and,  on  the  other,  the  prospective  of  a  close

retirement may prevent these workers to invest in training, since the shorter period of time in which

they can benefit from it, thus trigging a vicious cycle (OECD, 2006).

But with a continuously increasing cohort of workers moving to the elderly age bracket, it becomes

even more important, or better still essential, for the economic growth, to convey to both parties the

1 In Vodopivec's et al. (2008), for instance, concerning the first issue are suggested retirement incentives and flexible
working conditions. Regarding the second, it proposes the removal of discriminatory labour market obstacles and
the improvement of  older workers' human capital.

15



necessity and the value of investing in lifelong education. 

The suggestion is for our society to face the demographic change looking at older people not as a

burden to put aside, but as untapped resources that can still offer an enormous value. 

Under this light, population ageing cannot just be seen as a very complicated challenge, since, if

addressed in the more appropriate way and with the cooperation of governments, employers and

workers,  it  could  be  a  great  opportunity for  countries  to  grow,  and for  people  to  spend more

qualitative years (OECD, 2006). 

1.2  Sickness absenteeism

1.2.1  Measuring productivity

The  aim  of  this  study  is  to  assess  how  and  how  much  training  participation  may  affect  the

productivity of older workers. Therefore it is important to understand how to measure workplace

productivity, since there are several ways to do so. 

As a matter of fact, estimating workers' productivity is a not negligible element of complexity. 

One of the main problems is to discover appropriate measurable indexes able to capture losses and

gains in the workplace productivity that can be compared across different types of employment.

This  is  due  to  the  fact  that  it  does  not  exist a  single  measure  of  productivity  in  the  work

environment, mainly because of the very wide range of jobs and tasks (Sullivan et al., 2013).

In the literature have been discussed several different approaches and methods in order to measure

productivity, both directly and indirectly.  The choice among them mostly depends on researchers'

purpose and data available (OECD, 2001).

Direct measures are generally obtained by dividing the output of goods and services of workers by

the amount of input necessary to achieve the final output. Indirect measures, on the other hand, are

able to provide a measure of productivity by means of other variables (wages for instance).

However, the overall quantity of goods produced and services provided is often difficult to assess

for the different nature and quality of tasks performed that, in turn, require different labour needs

(Messina, 1983).

Therefore, direct measures are not always able to capture in its totality workers' capacities, abilities

and how intense are their efforts while working2. Because of all these factors, for many jobs, direct

2 Think about knowledge workers.
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measures reveal themselves limited in order to determine productivity.

That is the reason why, indirect measures have grown increasingly popular and useful (Alby, 1994;

Sullivan et al., 2013).

Among  the  indirect  measures,  the  literature  has  distinguished  monetary  indirect  measures  of

productivity,  mainly expressed through wages (Haegeland & Klette, 1997;  Dearden  et al.  2006;

Bassanini et al., 2005; Lang, 2012; Belloni & Villosio, 2014), from not-monetary ones. The latter

are associated,  for instance,  with workers'  physical  (Lofland  et  al.,  2004;  Goetzel  et  al.,  2004;

Loeppke et al., 2009;  Mitchell & Bates, 2011) and mental health (Lofland et al., 2004; Goetzel et

al., 2004; Loeppke et al., 2009; Beck et al., 2011; Mitchell & Bates, 2011; Kronenberg, 2014), with

the work environment, therefore job stress (Tyssen  et al., 2000; Tennant, 2001; Iacovides  et al.,

2003), working conditions (Tyssen et al., 2000; Hafner et al., 2015) and job satisfaction (Judge et

al., 2001; Faragher et al., 2003; Jones et al., 2008), and with the desire to retire as soon as possible

(Cremer & Pestieau, 2003).

Both monetary and non monetary measures are important concerning the overall impact of training

on workers' productivity. 

1.2.2 Sickness absenteeism and productivity

In  this  study  we  exploit  a  indirect  not-monetary  measure  of  productivity,  namely  workplace

sickness absenteeism (Tyssen et al., 2000; Judge et al., 2001; Tennant, 2001; Faragher et al., 2003;

Iacovides et al., 2003; Lofland et al., 2004; Goetzel et al., 2004; Jones et al., 2008; Loeppke et al.,

2009;  Mitchell  & Bates,  2011; Beck  et  al.,  2011; Kronenberg,  2014; Hafner  et al.,  2015).  The

reason is that, on the one hand, by definition, if a person is not at work cannot be productive and, on

the other hand, this variable reflects a set of elements related to the workplace well-being, that

might be influenced by training (stress, freedom, social support, work recognition and so on).

Training has been found having both direct economic effects as well as other effects affecting the

well-being of workers, which are likely, in turn, to have a significant economic impact (Bassanini et

al., 2005; Jones et al., 2008; Belloni & Villosio, 2014). Therefore, one way to capture such effects,

and convert them into workers' productivity gains or losses, is by considering absenteeism in the

workplace, given its association with health and both job and life satisfaction.

Despite the narrowness of studies providing direct evidence of a reducing impact of training on

sickness  absenteeism, intended as a productivity measure,  literature abounds of  studies  relating

absenteeism to job quality and both physical and mental health. 
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Absenteeism due to illness, which has been commonly defined as the number of missed days from

work because of health,  is a complex phenomenon involving physical, psychological and social

aspects and thus, sometimes, being subject to voluntary decisions (Joensuu & Lindström, 2003). 

The volume of sickness absenteeism is important since it provides information about the forgone

output, the expense of public and private resources, the health status of workers and their degree of

satisfaction and integration with their job (OECD, 2007).

Being sickness absenteeism a reflection of ill health, it can be seen as an health issue with profound

economic impact, in fact it  is an important occupational problem that affect productivity and the

health-related expenditure.

This is the reason why in the literature on health and workplace productivity there are many studies

dealing with it in order to find its main determinants.

The main relations discovered are first  that  sickness absenteeism increases along with people's

illness and age, and second that a growing absenteeism  results in productivity losses (Frayne &

Latham, 1987; Berger  et al., 2001;  Goetzel  et  al., 2004;  Lofland  et al., 2004;  Jones  et al., 2008;

Loeppke et al., 2009;  Mitchell & Bates, 2011).

The progressive increasing expenditure in healthcare, together with the limited resources available,

have pushed policy makers to pay a particular attention to strategies aimed at containing health-

related costs, both by decreasing the medical expenditure and boosting workers' productivity. 

In fact, productivity-related costs caused by health and disease conditions have become even more

evident and, for this reason, many researchers have carried out studies to identify the most costly

physical and mental health conditions in terms of medical expenditure, as well as several methods

to quantify and monetize productivity losses due to illness (Goetzel et al., 2004). 

The possibility of accessing to administrative data related to absenteeism and short-term disability

has allowed to integrate the medical experience of employees, thus enhancing the estimation of the

workplace health-related costs (Goetzel et al., 2004).

Therefore, since those costs mainly manifest through sickness absent spells from work, a growing

attention has been paid to discover modifiable determinants of sickness absenteeism. In fact, by

focusing on them it would be possible to increase workers' productivity, by reducing the number of

absent days (Goetzel et al., 2004; Lofland et al., 2004; Head et al., 2007; Loeppke et al. 2009). 

According to Lofland et al. (2004), absenteeism represents a very intuitive measure of productivity

because if people are at work they cannot be productive. 

In addition, being a quantitative measure (expressed either in number of days missed from work or

number of working hours lost), can be converted in monetary units (by multiplying the worker's

daily compensation by the number of absent days) and used to compare productivity's losses across
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countries. Therefore, it allows a better comparability than self-assessments, such as those on health

and job satisfaction.

Although these positive aspects, using absenteeism as an indirect measure of productivity has some

problematic issues as well. 

First  of all,  focusing only on workers'  absences,  it  is  unable to  provide a  global  estimation of

productivity including, for instance, how individuals perform at work (Sullivan et al., 2013). 

That is why absenteeism is often integrated with presenteeism, namely the number of days in which

job performances have been limited due to health issues (Mitchell & Bates, 2011). In the study of

Beaton et al. (2009), it has been claimed that workers' productivity is a combination of absenteeism

because of illness and the time spent at work with lower levels of productivity indeed.

This phenomenon, like absenteeism, ends up reducing workers' productivity, although its effects are

thought to be even stronger (Steel,  2003).  Presenteeism's effects  on productivity are commonly

measured either through subjective ratings of workers of their believed level of productivity, or by

means  of  the  impact  of  their  health  status  on  their  job  performances.  Therefore,  objective

assessments and estimations of presenteeism are not that easy to carry out  (Sullivan et al., 2013). In

addition,  differently  from  absenteeism,  presenteeism  cannot  be  converted  in  monetary  units

(Lofland et al., 2004).

Second, absenteeism is used to vary substantially in different periods of the year due to reasons not

related to the working conditions, compromising its self-reported estimation's reliability. For this

reason it should be measured over at least one-year periods of time (Markussen et al., 2011).  

Eventually, it is not possible to obtain an overall view of absenteeism but, according to the method

used to measure it, it is possible to identify different facets of it. 

The most common are the “time-lost method”, which registers the number of hours of work missed,

and the “frequency method”, that records the total number of absences from work regardless their

length (Steel, 2003). 

The first is generally more adequate to capture involuntary absences reflecting health problems,

however it  may be jeopardized by long term absences due to  chronic diseases  (Sullivan et  al.,

2013). The second does not have this problem and it is more suitable to capture voluntary absences

due to lack of job satisfaction and engagement, even though the distinction between voluntary and

involuntary absenteeism remains difficult to assess (Sullivan et al., 2013; Frayne & Latham, 1987).

Figure 1.2.1 shows an indicator of sickness absences from work, based on labour force surveys3,

which displays the average number of days missed per year by each worker (y-axis) and, for men, it

identifies sickness spells that last for both the entire week and for only part of it. The indicator takes

3 The European Labour Force Survey for the 22 European countries and national surveys for others.
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into account only full-time employees who have declared themselves to be temporarily absent from

their job because of illness in the reference week of the survey. 

Therefore, in 2005 the number of absent days due to ill-health ranged from more than 20 days in

Sweden and Norway,  between 20 and 10 days  in  several  countries  like Spain,  Germany,  U.K,

France, Austria, Netherlands and Finland, and to less than 10 days in the U.S, Canada, Australia,

Portugal, Italy, Luxembourg and Greece with less than a day missed (OECD, 2007).

Figure 1.2.1 also highlights that, in almost the totality of countries considered, women have higher

rate of sickness absenteeism than men. Marked differences can be seen in Sweden, Norway and

Denmark, while in Germany and Austria no differences are reported.

Figure 1.2.1: Missed days from work due to illness

Source: OECD, (2007), “Sick-Related Absences from Work”, in Society at a Glance 2006

1.2.3  Costs of sickness absenteeism

Workplace absenteeism due to illness is an increasing occupational problem in the contemporary

working life, that cannot be underestimated because of the considerable productivity-related costs it

generates in the society.

In fact, despite relevant differences among countries due to culture, legislations on paid sick leave,

the  composition of  labour  force,  the  public  health  system and the  national  economy,  empirical

evidence shows that, over the last two decades, it has been experienced, on average, a growth in the

absenteeism rate, although slowed down by the economic recession.

Few  studies  tackles  with  the  monetization  and  then  the  measurement  of  absenteeism's  costs
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(Goetzel et al., 2004; Berger et al., 2001).

There are two main methods in order to estimate absenteeism's monetary value: the  “lost wages

method” and the  “friction cost method” (Berger  et al.,  2001;  Lofland  et al.,  2004; Mitchell  &

Bates, 2011).

The first, which is the most common, multiplies the total number of absent days by the average

daily compensation of full-time employees and by a multiplier that reflects the average cost of an

absence incurring on an employer. However it does not take into account factors such as variations

in leisure time and in consumption due to sickness (Berger et al., 2001). 

The “friction  cost  method” instead,  measures absenteeism's  costs  through  the  sum  of  the

production's  losses  and the  added costs  incurred  to  maintain  the  production  when workers  are

absent, and those incurred to hire, replace and train new employees (Berger et al., 2001; Lofland et

al., 2004).

The level of absenteeism due to illness in 2009 was averagely around 3.4% of the total number of

working days in a year in the OECD area, and it is rising together with population ageing (OECD,

2009).  The increasing number of days missed from work for sickness has resulted in a growing

larger  commitment  of  public  resources,  this  is  why  adopting  policies  and  measures  aimed  at

reducing these outlays has become a priority for most national governments.

In the OECD report “Sickness, Disability and Work” of 2009 has been estimated that, on average,

OECD countries spent 0.8% of GDP on sickness benefits alone and 2% of GDP on sickness and

disability benefits, with some picks of 4-5%. in the Netherlands, Estonia and in Norway. The latter

represented,  on average,  the 10% of the public social  spending in  the OECD countries,  almost

tripling the expense incurred for unemployment. 

The European Foundation's report  “Absence from work” (2010), on the other hand, found that a

reasonable estimation of absenteeism was 2.5% of GDP. Such differences are likely to be attributed

to the shortage of data and shared methods to compute absenteeism costs across countries. 

In any case, sickness absenteeism's incidence and costs are supposed to increase substantially along

with population ageing, since health is typically subject to deterioration with age. 

Despite the overall cost of sickness absenteeism is difficult to predict exactly, it is sure that with a

continuously ageing of the labour force, its impact on countries' economy will be more and more

sizeable.

Absenteeism's costs are usually shared between national governments, employers and employees,

and can be classified either as direct or indirect (Joensuu & Lindström, 2003).

The firsts consist of expenses for the continued wage payments during the sick leave, occupational

health care and other insurance payments (Joensuu & Lindström, 2003; Head et al., 2007).  
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Indirect costs, instead, include output losses caused by difficulties in replacing absent workers, the

recruitment  of  substitutes,  the  payment  of  their  wages  and  their  potential  training,  and further

production losses due changes in the work environment (Joensuu & Lindström, 2003).

Hence,  sickness  absenteeism not  only represents  a  challenge  for  public  finances  and  business'

budget but also a waste of human resources (OECD, 2007).

However, despite the significant impact of sickness absenteeism in the workplace, there are only

few studies reporting a comparison of the actual costs of the phenomenon across countries.

In fact, as mentioned before, due to the lack of data or reliable data, of some countries and the

several  ways  to  determine,  compute  and  measure  those  costs  across  them4,  international

comparisons of absenteeism's incidence are difficult to carry out. 

The study of Scheil-Adlung and Sandner (2010) provides an attempt of comparison of international

data from the EU on sick leave expenditure in 18 European countries plus EU(27), that needs to be

interpreted carefully due to significant differences in social protection schemes, employment and

working conditions  (number  of  days  and hours  worked per  year),  and differences  in  the  wage

structure (Figure 1.2.2).

Figure 1.2.2: Annual expenditure per capita on sick leave (EUR) in 2005

Source: Scheil-Adlung & Sandner, (2010), "The Case for Paid Sick Leave"

As shown by Figure 1.2.2, the annual expenditure per capita on sick leave differs substantially

among the countries taken into account in the study, ranging from 70 (EUR) in Portugal to 940

(EUR) in Norway. The average in the EU(27) is almost 200 (EUR). With Greece, Italy, UK, Ireland

and  France  below  the  European  average,  while  Belgium,  Spain,  Denmark,  Austria,  Finland,

Switzerland, Germany, Iceland, Sweden, Luxembourg and Netherlands exceeding it. 

4 For instance OEDC data are likely to underestimate absenteeism's costs by omitting indirect costs.
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Therefore, it is possible to state that workplace absenteeism due to illness is costly and burdens on

more than one subject, but quantify its monetary amount and make it comparable, it  is an hard

challenge, since the number of variables involved and the differences among countries.

Anyhow, countries are attempting to contain the advancement of sickness absenteeism.

According to Edwards and Greasly (2010) there are two main strategies followed. Some countries

are controlling costs through policies mostly dealing with penalties for being absent from work and

incentives for attending. Those policies are producing benefits on presenteeism as well. Others are

instead promoting the well-being of workers, in terms of health, job quality and job satisfaction,

both at a national and a firm level.

1.2.4  Absenteeism's determinants

Given the relevance of the costs generated by sickness absenteeism in the workplace, there is a

strong motivation to better understand what causes and influences it.

There is a large number of variables involved in the determination of the number of absent days due

to illness. These variables can be grouped into three main categories which refer respectively to the

individual  characteristics  and  social  background,  the  national  framework,  and  the  workplace

environment (Joensuu & Lindström, 2003).

• Individual characteristics and social background:

Factors affecting the number of sick days, closely related to the characteristics of individuals and

their social status are several.  Among them, the most relevant are age, gender,  health, lifestyle,

education, family and life situation, race, attitudes and personality (Joensuu & Lindström, 2003).

More in detail, women are used to have an higher sickness absenteeism rate than men both for

minor diseases (the differential is generally included between 45% and 68% across countries) and

major diseases (from 26% to 43%) (Osterkamp, 2002; Markussen et al., 2011). 

The increment found may be partly explained by the fact that, in most cases, men are the main

source of income of the family, and women are typically those in charged with the care of children,

grandchildren and parents (in case of older women) as well as of the housework.

However, in some studies in which those factors have been controlled, female absenteeism rate

remained  significantly  higher  than  that  of  males,  especially  in  the  long-term,  leading  to  the

conclusion that health should be the principal determinant (Joensuu & Lindström, 2003). Women in

fact, have been found having a poorer self-reported health, in terms of number of symptoms, and a
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lower capacity of coping with stressful situations, which is supposed to affect negatively the health

status (Vaanamen et al., 2003).

As previously mentioned, age also has a strong impact on sick-related absences from work, being

strongly related to health. 

Physical and mental health conditions as well as an unhealthy lifestyle (smoking, overweight and

lack of physical exercise, for instance) have been found in many studies raising the amount of

working days missed (Joensuu & Lindström, 2003; Loeppke et al., 2009; Mitchell & Bates, 2011).

Furthermore,  stress-related  health  disorders  have  a  central  role  in  the  incrementation  of  the

absenteeism rate. Stressful life's and workplace's situations have been considered to be among the

main causes of ill-health indeed. Firstly, stress leads to minor physical and psychological symptoms

that, with the passing of time, become more serious, and eventually turn into illness, thus increasing

sickness absenteeism for major diseases (Vaanamen et al., 2003).

In  Mitchell  and  Bates's  study (2011),  for  instance,  has  been  found  that  both  absenteeism and

presenteeism are  positively  related  with  both  the  health  status  and  the  health  risk,  leading  to

productivity  losses.  In  particular,  they  exploited  data  from  more  than  1.3  million  employed

OptumHealth HRA participants interviewed between January 2007 and December 2009, and they

expressed health-related productivity costs in terms of absenteeism associated with health risk and

health conditions, some of them denoting chronic diseases. Sickness absenteeism has been found

significantly associated with the presence of health conditions and lifestyle health risks, specifically

higher values of both are associated with lower levels of productivity. Those participants recording

one condition have a mean of annual unproductive days of 7.9, while those recording at least two

conditions have a annual mean of 20.1 days, against the annual mean of only 3.7 days for those

declaring zero health conditions. In addition, cancer ($ 1601 per person over 1 year), bronchitis ($

898), and depression ($ 878) have been found among the top three health conditions in terms of

productivity costs. On the other hand, those participants with a low level of health risk (0-2 risk

factors) have an average of 5.1 unproductive days per year, those with a medium level (3-4 risk

factors) a mean of 12.9 unproductive days, whereas those reporting a high level of risk (more than 5

risk factors), an annual average of 28.9 unproductive days. 

In Beck's et al. study (2011) on depression severity and productivity loss, it has been exploited data

from 771 patients currently employed participating in the DIAMOND  (Depression Improvement

Across Minnesota: Offering a New Direction). Those patients, who had started on antidepressants,

have been surveyed with the Patient Health Questionnaire 9-item screen (PHQ-9), a measure of

depression  symptom  magnitude,  the  Work  Productivity  and  Activity  Impairment  (WPAI)

questionnaire, a measure of productivity loss, and items on health status and demographics. Their
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main finding was the monotonic relationship between the severity of the depression symptoms and

productivity loss, in terms of combination of absenteeism (percent of time missed in the past 7 days

due to health) and presenteeism (percent impairment at work in the past 7 days due to health), even

for lower level  of depression: for every 1-point  increase in PHQ-9 scale patients reduced their

average productivity of 1.65%.

In Loeppke's et al. (2009), depression has been found the top health condition in terms of workplace

productivity costs related to absenteeism, followed by obesity, arthritis, back or neck pain, anxiety,

GERD (Gastroesophageal Reflux Disease), allergy, cancer, other chronic pain, and hypertension.

Moreover,  health  is  usually  assumed  to  deteriorate  with  age,  and  this  trend  justifies  why

absenteeism, especially for major diseases, rises sharply with age around 50 years old and over

(Markussen et al., 2011).

Regardless  the  type  of  education  received,  the  higher  the  educational  level  is,  the  lower  the

absenteeism rate will be, with marked differences especially between white-collar and blue-collar

workers (Joensuu & Lindström, 2003).  Therefore,  people with a PhD are expected to  have,  on

average, sickness spells  reduced of about 60% (Markussen et al., 2011).

Parent's education and income matter as well. In fact, workers born in families with at least one

parent with the highest educational level have respectively 9% lower probability of minor disease

absence and 18% lower of major disease, with respect to those whose parents received only the

compulsory  education.  Absenteeism  rate  is  also  expected  to  decrease  with  parent's  income

(Markussen et al., 2011). 

Studies investigating on the link between sickness absenteeism and the wage rate of individuals

usually find a negative cross-sectional correlation (e.g.  Drago & Wooden, 1992). However,  this

association is not that informative as, generally, a mean to reduce workers' absenteeism rate is by

providing a rise in the wage rate5.  Ercolani and Robson's study (2006), therefore, exploited the

introduction of the National Minimum Wage in the UK as a natural experiment in order to assess

the effects of an exogenously determined increase in real wages on sickness absenteeism rate, by

using the quarterly national Labour Force Survey. What they actually discovered was a statistically

significant negative effect of real wages that reduce the rate of sickness absence on average of 0.2

percentage points. Furthermore the finding is consistent both by using the OLS method and the

Two-Stage Least Squares one.

Concerning life's situations, pregnancy, processes of separation and divorce, the illness or loss of a

family's member, are all circumstances increasing the absenteeism rate (Markussen et al., 2011).

5 For example those recording lower absenteeism rate are more likely to be rewarded by higher wages, because they
are more likely to be promoted or because they exhibit more skills.
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• National framework:

In  this  section  are  reported  the  country-related  factors.  The  most  significant  are  the  general

economic level, the regulation and the social insurance systems, the health service, the labour force

composition and the labour market structure, the industrial development and both the climate and

meteorology (Joensuu & Lindström, 2003).

Among those, the state of the business cycle is one of the most important (Osterkamp, 2002). As a

matter of fact, during periods of economic recession and growth of the unemployment rate, sickness

absenteeism tends to decrease  (Joensuu & Lindström, 2003). This trend may be explained by the

rise of the risk of losing the job, which results in a greater job attachment, and by the growing

difficulties,  for  actual  less-healthy workers,  in  keeping their  job  (Osterkamp,  2002;  Joensuu &

Lindström, 2003).

National  legislations  regarding  sick  leaves  and  the  social  insurance  schemes  are  of  particular

importance  too.  The  presence  of  social  health  protections  indeed,  allows  ill  workers  to  avoid

choosing between losing part of their income, or even their job, and taking care of their health status

(Scheil-Adlung & Sandner, 2010).

However,  since  this  field  is  governed  by a  multitude  of  policies  that  vary significantly across

countries, sick leave benefits schemes are often difficult to compare.

Considerable differences regard on the one hand, how the cost of sickness absenteeism is shared

among the employer, the employee, the public health system, the private insurance companies and

the national insurance organizations. On the other hand, relevant are the rate of wage's replacement,

the length of the paid sick leave, the waiting period after which the sick leave starts being paid, and

the number of eligible claimants for the sick pay (Edwards & Greasly,  2010;  Scheil-Adlung &

Sandner, 2010).

For example,  Scheil-Adlung and Sandner (2010) have estimated that about 20% of the countries

providing sick paid leave, set the minimum replacement rate at 100% of wages, 14% of them set it

between 75% and 100% of wages, more than 50% fixed it between 50% and 75%, whereas the

remaining countries arranged other types of replacement. They have also found that the maximum

length for paid sick leave for 102 countries worldwide is more than a month. 

While, in Osterkamp's study (2002) have been discovered marked differences especially for the first

three days of illness, in which the continued pay ranges from 0% in some countries (U.S, U.K and

Portugal)  to  100% in  others  (Austria,  Belgium, Germany,  Luxembourg  and Norway).  With  the

increase of the number of sick days, mainly from the 50th or 100th day, the differences among the

regulations of the considered countries' shrink, and at least 50% of the income is guaranteed.

Despite  worldwide  countries'  diversities,  at  least  in  Europe  has  been  undertaken  a  legislative
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approach ensuring sickness benefits for ill workers, although in some countries more sizeable than

in others (Rho et al., 2009; Edwards & Greasly, 2010).

Trends  illustrated  by  Scheil-Adlung  and  Sandner  (2010)  show  how countries  with  the  most

complete  design  of  paid  sick  leave  benefits  scheme  (in  terms  of  higher  replacement  rate  and

coverage length), like Austria and Germany, have only average sickness absenteeism rates, those

with a medium benefit scheme, Czech Republic and Sweden for instance, experience the highest

number of sickness absences,  while  those countries with a limited benefit  scheme, as U.K and

Portugal, manifest the lowest rates.

Besides  the  national  regulator  system concerning  sickness  absences,  the  quality  of  the  health

service, measured in terms of rapidity and efficiency, plays a central role in the determination of the

number  of  days  missed  from  work  due  to  illness  (Osterkamp,  2002).  Osterkamp  (2002),  by

exploiting the Database of Institutional Comparison in Europe (DICE) referring to 17 European

countries, built an indicator of the quality of the health service in terms of national expenditure on

health services, as a percentage of GDP, and found a negative correlation between the spending on

health services and the number of sick days (correlation coefficient of -0.57).

• Workplace environment:

In  this  last  category  are  grouped  absenteeism's  components  related  to  the  work  environment.

Among those are included job's type and sector, the size of the workplace, the type of contract,

earnings, tenure, the protective measures adopted, the perceived organizational justice, turnover,

and  other  elements  determining  job  quality  and  job  satisfaction  (Osterkamp,  2002;  Joensuu  &

Lindström, 2003; Markussen et al., 2011). 

In Markussen' study (2011) is showed how the impact of absenteeism varies according to the type

of job and sector. The highest rates have been recorded in the manufacturing, teaching and in the

health systems. On the other hand, the lowest rates generally occur in sectors such as research and

development, retailing and oil industry. 

Moreover, in the public sector absenteeism rates are used to be higher and absence's spells longer

compared to those in the private (Joensuu & Lindström, 2003).

Workers'  absenteeism propensity is  also influenced by the workplace size.  Evidence shows that

small workplaces, with at maximum of 20 employees, are less subject to sickness absenteeism than

larger  ones,  with  about  20%-25%  less  absent  days  from  work  (Barmby  &  Stephan,  2000;

Markussen  et al.,  2011). A possible explanation of this result is that, within a large workplace,

individuals may perceive a grater anonymity as well  as they might experience less supervisors'

support and sense of responsibility. In addition, in smaller firms workplace voluntary absences are
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more difficult to hide (Barmby & Stephan, 2000; Markussen et al., 2011). 

Furthermore, pressure due to competition seems to have an important role as well. In fact, it has

been found that both white-collar and blue-collar workers' absenteeism rates increase when they

perceive a lower job security due to the increasing number of job-competitors (Barmby & Stephan,

2000). As a matter of fact, the poorer job security and job control are, the higher are the rates of

absenteeism (Joensuu & Lindström, 2003).

Thus, short tenure and short-term contracts, being associated with a lower level of job security, are

generally related to a greater rate of long-term absenteeism, while frequent turnover has been found

having  the  opposite  effect  (Joensuu  &  Lindström,  2003;  Markussen  et  al.,  2011).  Whereas,

organizational downsizing increases the risk of sickness absenteeism (Joensuu & Lindström, 2003).

The volume of absences usually increases with the number of working hours, meaning that, workers

with a full-time contract are more likely to stay at home, while it shrinks with the amount of money

earned per hour worked, as well as with wealth (Markussen et al., 2011). 

As seen before, also job quality and job satisfaction have a key role in the determination of the

frequency and the duration of sickness spells and, therefore, are largely used in the literature to

assess workers' gains and losses in health and productivity (Sullivan et al., 2013).

There are many studies indeed providing evidence showing that an increasing absenteeism rate is

associated with a drop in  both job quality and job satisfaction (Scott  & Tylor,  1985,  Drago &

Wooden, 1992; Macdonald & Maclntyre,  1997; Vaananen, 2003; Ose, 2005; Head et  al.,  2007;

Jones et al., 2008; Clark, 2015). 

Drago and Wooden (1992)  carried  out  a  comparative  study,  exploiting  a  survey involving 601

workers  from Australia,  New  Zealand,  Canada,  and  the  United  States,  in  order  to  investigate

absenteeism's determinants. The main finding of their research was that work group cohesion leads

to lower absenteeism rates when an high level of job satisfaction is recorded, while it results in an

increase of the number of absences from work in case of poor job satisfaction.

The more intuitive explanation is that workers are more prone to be absent if the work situation is

poor in terms of pain, stress and dissatisfaction (Scott & Tylor, 1985).

Jones et al. (2008) exploited data related to 2300 workplaces and 22500 employees, from a survey

of British workplaces, the Workplace Employment Relations Survey (WERS) 2004. In the last part

of their study they attempted to investigate about whether job satisfaction has an impact on different

measures  of  workplace  performances,  among  which  the  absenteeism  rate.  They  considered  7

different measures of job satisfaction ranging from 1 (very dissatisfied) to 5 (very satisfied): the

sense of achievement from work, the scope for using own initiative, the influence over the job, the

training they receive, the amount of pay they receive, job security, and the work itself. By using the
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OLS approach, they found that all variables of satisfaction are jointly significantly correlated with

all  the performance measures considered.  In particular those more satisfied record,  on average,

around -3.6 absent days from work.

In Head's et al. study“The Whitehall II” (2007), it has been investigated on the capability of both

the effort-reward imbalance and the relational  injustice in  the workplace of predicting sickness

absenteeism. In order to do so, they exploited data from a screening examination and a self-reported

questionnaire of a cohort of 10308 British civil servants aged 35 to 55 years old, men and women,

between 1985 and 1988. They found that higher levels of effort–reward imbalance and lower levels

of  relational  justice  are  associated  with  an  higher  probability  of  both  long and  short  spells  of

sickness absence when controlling for age and employment grade, as well  as when taking into

account self-reported illness, for men and women.

In Hafner's et al. study (2015), workplace productivity loss due to absenteeism and/or presenteeism

is measured indirectly by means of several health-risk and work-environment factors, by using the

Work Productivity and Activity Impairment  Questionnaire  (General  Health)  (WPAI-GH).  When

focusing on job-related determinants of workplace productivity they found that workers who are

satisfied with their job tend to be more productive than workers who are dissatisfied with their job

in terms of absenteeism and presenteeism. When instead looking at the health-related determinants

of workplace productivity,  they discovered that those firms that do not take care of employees'

health and well-being are subject to greater losses of productivity.

In the psychological literature there are many studies stating that most of sickness absences (up to

60% -70%) are due to stress-related illness, and work is typically recognized as one of the principal

sources of stress. On the other hand, a stressful work environment, should it be long-lasting, is also

likely to increase the risk of severe diseases (Vaananen, 2003). 

There are several factors assumed to cause stress at work, among them, the most relevant are the

lack  of:  job  control,  autonomy,  decision-making  power,  tasks'  variability,  future  opportunities,

social interaction and social support, and job security (Vaananen, 2003). Of course, higher levels of

stress are also associated with poor job quality, satisfaction and commitment.

In addition, on the physical side, a too much physical demanding job may induce injuries that boost

sickness absences as well (Ose, 2005). Therefore, the quality of the work environment, expressed

through  both  physical  and  psychological  aspects  of  the  work  situation,  is  expected  to  have  a

considerable impact on the volume of sickness absences (Ose, 2005).

In several studies have been brought to light that job quality and job satisfaction are affected by job

outcomes, such as future opportunities, skills development, social security, adequate salary, level of

stress and others, as well  as by age, educational level and job  status (Macdonald & Maclntyre,
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1997; Sullivan et al., 2013; Clarck, 2015).

In  Macdonald  and  Maclntyre's  research  (1997)  has  been  discovered  that  objective  job's

characteristics  have  a  smaller  impact  on  job  satisfaction  with  respect  to  how the  job  itself  is

perceived and undertaken. Furthermore, they have claimed that job satisfaction is influenced by

factors external to the workplace as well. In particular they found that, in accordance with others

studies, job satisfaction is close to life satisfaction: on the one hand, home-life is likely to affect job

satisfaction and performances, on the other, the opposite relation is considered to be even stronger.

In  order  to  determine  job  quality  indicators,  in  the  literature  have  be  followed  two  main

complementary paths. 

The first consists of considering the overall job satisfaction of workers. The second, instead, can be

covered by weighting the sum of several job-related components workers are used to care about

(Clark, 2015). In any case, job satisfaction often reflects job quality distribution. 

According to Clark (2015) those components can be gathered into six groups:

• salary adequacy;

• gap between actual and desired hours worked;

• future  prospects,  including  job  promotion  and  career  enhancement,  job  security  and

possibility to develop new skills;

• the amount of hard physical work, stress and sense of control;

• job content (tasks performed,  job interest and variability);

• job environment (social support, reward and recognition and workplace relationships).

A possible way to combine these elements is by constructing the so called effort-reward ratio, a

measure of poor job quality (Siegrist, 1996; Head et al., 2007; Dal Bianco et al., 2014).

In Dal Bianco's et al. (2014), by following Siegrist's study (1996), effort has been determined as a

sum of workplace stress and how much the job is physically demanding, while reward gathers

salary  adequacy,  support  in  difficult  situations,  work  recognition,  future  opportunities  and

promotions, and job security.

According to them, this ratio provides useful information about the nature of the workplace stress,

which is not always a negative factor. Two types are identified: “good stress” and  “bad stress”.

“Good stress” is generated in cases where an high level of stress is compensated by an high reward,

and should lead to positive effects on health and, in turn, on job performances, thanks to a fair

competition. “Bad stress” instead, is generally the result of high level of stress together with a low

reward, and it usually leads to negative effects (Dal Bianco et al., 2014).

In Head's study (2007) has been showed that higher levels of effort, together with low levels of
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reward, are associated with an increase in both short-term and long-term sickness absences for men

and women. This result remained statistically significant even after adjusting for age, employment

grade, health and workplace justice.

Supported by the literature that the frequency and the duration of absenteeism spells due to ill-

health, at the same conditions of age, education, gender, physical health so on, are affected by job

quality, it would be important to understand how and how much job quality could be improved.

In  this  study,  therefore,  we exploit  sickness  absenteeism as  a  proxy of  productivity,  since  the

analysis of the impact of training on it allows to take into account training's effects on a wide set of

determinants of individuals well-being in the workplace.

In addition, proven the burden of the costs of sickness absenteeism on governments, employers and

employees, it becomes important to understand how training affects this productivity indicator, as it

could provide one additional reason in order to invest in older workers' lifelong learning.

In fact,  should training have a reducing effect on sickness absenteeism, firms and governments

would have a further incentive to invest in training also for older workers: not only it increases

workplace individual productivity, but it also raises the actual number of working days. 

1.3  Importance of training

1.3.1  Incidence of training

Education and lifelong training have become essential for the social and economic well-being of

countries  experiencing  trends  as  population  ageing,  globalization  and  technological  progress

(OECD, 2010). As a matter of fact, lifelong learning plays a central role in providing young people,

adults and the elderly with skills, knowledge and competencies either to enter or to remain in the

labour market actively. 

In particular,  the substantial  demographic changes,  together with the financial  crisis, have been

resulting in a extension of people working life in order to release pressure on public finances and

guarantee citizens' well-being (Belloni  et al., 2015). However, as seen before (see Section 1.1.1),

staying longer in the labour force requires long-term investments in human capital to keep up with

the expansion of scientific and cultural knowledge and keep being competitive.

Therefore, training represents a key element in adapting existing skills, developing new ones and

performing the job tasks efficiently, especially for senior workers, whose skills obtained at school
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have already become or are likely to become, obsolete (Bassanini et al., 2005).  

The choice regarding whether participating in training activities however is not obvious, especially

for older workers, as it depends on a trade-off between the cost of its investment and the benefits it

provides, which vary substantially along with individual and institutional characteristics.

Furthermore,  despite  the  positive  impact  on  both  productivity  and  employability,  the  literature

shows strong evidence on the decline of training incidence with age,  mostly for those workers

whose age is in the range of 50 and over (Bassanini et al., 2005; Zwick, 2011).

Training ageing gap may be caused by a number of factors. Some examples are the fewer training

opportunities provided, the lower motivation and value attributed by older workers to training due

to shorter periods to amortize the investment and older people's minor ability to learn from modern

types of training and perceived adaptability (OECD, 2010; Zwick, 2011). 

In addition, at the same conditions, the decline is more remarkable in those countries providing

incentives pushing workers into premature retirement, such as generous pensions, and disincentives

forcing employers to prefer younger employees, as tax penalties (Bassanini et al., 2005).  

Table 1.3.1: Training participation rate by age and gender in the OECD area

Training participation rate of the 25-64 year-old population

Source: OECD, “Education at Glance” (2010)

The OECD report “Education at a Glance” (2010) has brought additional evidence on the variation

in training participation rate between younger adults (from 25 to 34 years old) and the elderly (from
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55  to  64  years  old).  In  most  of  OECD countries  in  fact,  while  the  firsts  have  about  50% of

probabilities of receiving training, older workers' chances slightly exceed the half.  The downward

trend is consistent for both females and males.

Table 1.3.1 shows training participation rate of the 25-64 year-old population, workers and not.

In most countries,  younger individuals from 25-34 year old participate in training activities the

most, while in all countries considered the oldest cohort, ranging from 55 to 64 year old, is always

less involved in lifelong education.  In the same report is also highlighted that, on average, in the

OECD area, more than 40% of the overall population within the age-group ranging from 25 to 64

years old has attended an educational course over the last twelve months. 

Training  participation  rates,  as  well  as  the  volume  of  training  expenditures,  however,  change

significantly across countries.

The  firsts  range  from  more  than  60%  in  Sweden  and  around  50%  in  Finland,  Norway  and

Switzerland, to  less than 25% in Italy and Poland, and less than 15% in Greece and Hungary,

showing that Scandinavian countries have the most intense training programs in Europe (OECD,

2010).  Regarding  the  seconds  instead,  marked  differences  are  reported  between  Northern  and

Southern countries. In particular, high differences in training participation usually correspond to

significant differences in the amount invested in Research & Development (Bassanini et al., 2005).

Training  participation  has  also  been found increasing  with  the  educational  level  and the  skill-

intensity of occupations (Bassanini et al., 2005). 

Figure 1.3.1: Training participation rate in the OECD area

Training participation rate of the 25-64 year-old population

Source: OECD, “Education at Glance” (2010)

As Figure 1.3.2 illustrates, people with tertiary education have been estimated 20% more likely to

receive training than people with upper secondary or post-secondary non-tertiary education that, in

turn, are about 18% more likely than those without upper secondary education (OECD, 2010).
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Differences  in  training  participation  between  men  and  women  are  small,  although,  averagely,

women under 35 years old record lower rates than man, but higher rates above that age (see Table

1.3.1).  This is  likely to be due to the different labour participation,  as well  as to the fact that,

generally, men receive more financial support by employers for training, while women are more

willing to pay their own training than men (Bassanini et al., 2005).

Figure 1.3.2: Training participation rate by educational attainment in the OECD area

Training participation rate of the 25-64 year-old population

Source: OECD, “Education at Glance” (2010)

In  conclusion,  being  training  one  of  the  main  strategies  adopted  to  increase  the  workplace

productivity, especially for older workers who are likely to be subject to skills obsolescence, there

exists a broad literature dealing with the effects of training on different productivity indicators. 

1.3.2 Training and productivity

The theoretical foundations of the effect of training on productivity lay in human capital  theory

(Becker,  1962-1975).  In  fact,  training,  together  with  schooling,  represents  for  individuals  one

possibility to invest in human capital or, in other words, to improve their labour performances and

thus producing economic value. 

Both embody several differentiating elements, among these, we can mention what and how much

people actually invest, the volume of their return, how this return is perceived and linked with the

resources  invested  and  who  are  the  main  stakeholders.  Despite  that,  they  are  all  long-term

investments that are expected to lead to both physical and psychological health enhancements that,
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in turn, are likely to result in gains in productivity, employability and wages (Becker, 1962).

Focusing on training, in most cases it has a double positive effect on workers' productivity. In fact,

it allows to acquire new skills, knowledge, competencies and abilities as well as it strengthens and

enhances the old ones.

However  it  is  not  costless,  just  think about  both material  costs,  such as  those incurred for  the

equipment and the trainer and the lower employees' wages during training, and immaterial costs

expressed in terms of time and effort.

Therefore, one of the main points of human capital theory is that training provides benefits but at a

price. Therefore a person's decision about whether investing or not in it, depends on the trade-off

between the net present value of the costs related to it and the net present value of the benefits it

produces. 

One  of  those  benefits  is  a  potential  gain  in  productivity,  which  however  is  subject  to  many

determinants. Age is for sure one of them.

In fact, the main prediction of Becker's model (1962) is that the rates according to which wages

increase with training, and training participation rate as well, are higher for younger workers rather

than for older ones. Which means that training is less attractive and effective for those increasingly

closer to retirement.

Lang (2012) has also discovered differences in training's goals and returns between younger and

older workers. While the latter expect and receive from training a greater perceived job security and

productivity,  promotions,  job changes adaptation rather than a raise of wages,  younger workers

mainly receive an increase in  their  wages.  This result  is  also affected by the frequency of  the

training received (occasional or repeated). 

Zwick's  study  (2011),  by  exploiting  the  “Continuing  Training  as  Part  of  Lifelong  Learning”

(WeLL), captured information on training behaviour and on socio-demographic characteristics of

employees in Germany between 2007 and 2008. The study estimated (through the OLS method)

differences in training's characteristics, effectiveness and goals among workers belonging to three

different age-groups (born between 1952 and 1961, 1962 and1972, born after 1972). What Zwick

discovered was that older workers participate less frequently in on-the-job training, and that training

form  and  content  are  similar  among  the  age  groups,  therefore  older  workers  might  be

disadvantaged,  finding difficulties  in  following modern  scheme of  learning.  Training goals  and

effects, in terms of higher productivity, higher job security, higher earnings, adaptation to new job,

promotion, and new professional orientation, differ substantially among the age-groups. In fact, the

oldest age-group gives less importance to all objectives, and assesses training's effectiveness less

positively than the younger age-groups.
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Workers' level of education and variety of skills owned have a key role in the choice of attending an

educational course as well, as they tend to reduce the effects of training on productivity.

In order to better understand the impact of training on productivity it is important to look at its

nature as well (Becker, 1975; Jones et al., 2008). 

In the literature have been distinguished two types of training indeed: generic and specific. 

Generic training provides  general knowledge and skills  that can be used in different  firms and

possibly,  also  in  the  performance of  different  tasks.  Normally,  in  presence  of  generic  training,

workers are those who receive most of training's returns and, for this reason, are also those who are

more willing to incur in its costs.

On the other hand, specific training concerns knowledge and skills that can be fully exploited only

in the firm where the trainee works, perhaps only for the task currently carried out. Given that, in

these cases, training's benefits and costs are generally shared between workers and firms. 

In Barrett and O'Connell's research study (1998) has been found that specific training has a stronger

positive effect on wages and productivity than generic training.

1.3.3  Training and wages 

A relevant part of the literature deals with the research of possible channels through which training

boosts productivity. Part of it studies how training may affect workplace productivity directly, by

raising  the  output  per  worker,  the  other  instead,  focuses  on indirect  impacts  that  training  may

generate on productivity (Jones et al., 2008). 

Therefore,  a  branch of the literature evaluates  the economic effects  of training on productivity

indirectly, mainly through its influence on workers' wages.

In  fact,  as  Haegeland  and  Klette  (1997)  pointed  out,  wage  differences  between  high  and  low

educated workers, workers with different level of experience, and between men and women, reflect

differences in their productivity. In particular, they found that higher productivity is associated with

higher levels of education and experience, as well as with higher wages.

In the literature, it has been commonly found a positive relationship between training and workers'

real wages (Becker, 1962-1975; Booth,1993; Bassanini, 2005; Dearden et al., 2006). 

In Bassanini's study (2005), has been claimed that those workers who are not able to maintain their

productivity, instead of keeping working with a lower wage, are more often discharged. Thus, for

lower-productivity  workers,  how  older  workers  might  be  due  to  skills'  obsolescence,  training

becomes fundamental as it allows to acquire and update all the competences required in order to
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both preserve the workplace and obtain a wage premium.

In  Dostie  and  Lèger's  study  (2011), data  from  the  Workplace  and  Employee  Survey  (WES)

conducted  by  Statistics  Canada  (1999-2005) have  been  exploited  in  order  to  assess  training's

effectiveness for older workers. They found that training is a very important tool for firms as well as

for workers, since it  increases their individual productivity,  or at least  it  reduces its  age-related

decline, which, in turn results in output gains. However, in accordance with previous researches

(Beckers, 1962), they have estimated that, especially starting from workers aged 55 years, training's

impact on productivity and wage training premium start shrinking. For example, younger workers

(aged 25-34) undertaking training earns, on average, 1.2% more than workers of the same age who

do not participate in training activities. This training wage return drops to 0.7% for workers aged 55

to 64. This is one reason why older workers are less likely to undertake training.

Furthermore, they found that both the direct return of training on productivity and its indirect return

through wages, decline along with age. However, the first is more significant, being almost equal to

zero for older workers. 

The estimated effect of training on wages differs also across countries and in accordance with the

estimation method used. 

Actually, because of differences across countries in the definition of training, in the type of data

available and in the econometric methods used to estimate training effects on productivity directly

and indirectly, it is difficult to compare the results obtained. 

Nevertheless by exploiting cross-country data it is possible to overcome this issue. 

In Bassanini  et al. (2005) has been carried out a comparative study among European countries

regarding the returns of training on hourly wage of workers aged between 25 and 60 years old, by

exploiting data from the European Community Household Panel (waves 1995-2001). Through the

Ordinary Least Square method it has been estimated an high impact of training on earnings for all

countries  taken  into  account,  ranging  from  3.7%  to  more  than  20%  in  Greece  and  Portugal,

characterized, however, by a relative low incidence of training. Passing to the Fixed Effects method

instead, the returns of training become definitely lower and statistically different from zero only for

few countries (Denmark, UK, Italy, Greece, Finland, Portugal and Belgium). 

Belloni and Villosio (2014) on the other hand, by using SHARE database and still exploiting wages

as a proxy of productivity, have found empirical evidence on training wage return of older workers

(50 years and over) in 11 European countries.  On average, trained workers receive 6.3% higher

wages than untrained ones. However, the training's wage premium estimated varied significantly

among the countries considered: very large premiums in Austria, Germany, Greece and Italy (19%),

smaller in France and Spain (8.9%), and null in Denmark, Sweden, Belgium, the Netherlands, and
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Switzerland. In addition, training has been found reducing older workers' probability of retiring or

being laid-off.

In  any case  should  be  considered  that,  due  to  the  lack  of  control  for  elements  that  could  be

correlated with training and have an impact on wages, those results might be overestimated.

In fact, an issue is the reliance on the assumption that wages are equal to the marginal productivity

of  labour.  Only  in  this  case  in  fact,  wages  are  able  to  fully  capture  increments  in  workers'

productivity thanks to training (Jones et al., 2008; Lang, 2012). 

Unfortunately this is not always the case, there are indeed many factors that may jeopardize the

consistency of that assumption: for example the labour and product markets' structure (that should

guarantee perfect competition), who bears the costs of training, the fact that workers may receive

not-monetary  benefits  from  training  and  that  their  wages  are  likely  be  lower  during  training

(Dearden et al. 2006; Jones et al, 2008). 

It follows that, in absence of perfect competitive markets for instance, workers' real wage gains are

expected to be lower than workers' productivity gains, which means that the actual effect of training

is underestimated (Acemoglu &  Pischke, 1999; Dearden et al. 2006; De Grip & Sauermann, 2011).

So far, we have only discussed how training can influence productivity indirectly through wages,

but as mentioned before, exists a smaller branch of the literature dealing with the direct impact of

training on productivity.

According to it, the effects of training on workers' performances would be stronger, so that using

wages seems to underestimate the overall impact. 

Consistently, Dearden et al. (2006), by exploiting a panel of British industries from 1983 to 1996,

found that an increase of 1% in training was directly associated with an increase of 0.6% in value

added per hour but only with an increase of 0.3% in wages.

The narrowness of this branch is mainly caused by the shortage of data on individual productivity.

This is the reason why it is mostly focused on the industry and the firm levels and it exploits  either

the added value or the volume of sales to assess productivity's gains or losses (Dearden et al., 2006;

Bassanini et al., 2005).

In conclusion, part of the literature deals with the impact of training on workers' retirement choices,

generally finding a negative relationship.

In Belloni et al. (2015), by exploiting SHARE data, it has been carried out a research in order to test

whether training participation (in 2010) enables older workers aged 50 to 65 years old to remain

longer into the labour market (between 2012 and 2012). The main finding of the study was that

individuals who have undertaken training courses have an additional 4.2% probability to remain in

employment than the others, at least for the next two years after training. Differences found in the
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impact of training across countries can be traced to divergences in training policies rather than

differences in individual decisions.

Such result  has brought  further  evidence to the theory that  lifelong training is  a useful  tool  to

counteract human capital depreciation, and increase productivity and employability (OECD, 1998). 

However,  the  ongoing  financial  crisis  is  affecting  firm's  demand  of  labour  and  the  retirement

choices of workers. Due to a reduction in the demand of goods, firms have a lower necessity of

labour. On the other hand the crisis is pushing people to ask for earlier retirement schemes, which

are a burden on public finances, and, at the same time, the resulting drop in people's wealth has led

to an increase of labour demand, and thus a retirement postponement. 

The equilibrium between these two trends varies significantly across countries, since it depends on

both individual characteristics and national policies related to retirement.

1.3.4  Training and well-being

Up to this point we have only faced the economic effects of training, however, as already mentioned

training has a significant impact on individuals' well being.

Starting with health,  important  results  have been found by Grossman's  model  on health  capital

(1972). The main predictions of the model are that the optimal stock of health decreases with age,

the individual demand for health and medical care is positively correlated with the wage rate, and

that, as education increases, the optimal stock of health grows, provided that more educated people

know how to produce health more efficiently. The same can be affirmed for training. The reason is

that knowledge improves people's abilities of processing information and making better decisions,

including those related to health. In turn, healthier people are expected to be more productive.

More  recently, Acemoglu  and  Pischke  (1999)  have  also  shown  the  importance  of  training  in

enhancing productivity through health improvements. 

In Kronenberg's study (2014), by exploiting data from the Workplace Employment Relations Study

(WERS) of 22000 employees working in 2700 firms in the UK, it has been investigated on the

effect of on-the-job training on mental health. The main finding was that, the reduction in training,

occurred after the financial crisis, has had a considerable negative impact on mental health, even

stronger of the one caused by wages cut. Those participants affected by training reduction had, on

average, -1.9 lower mental health score, on a scale ranging from 1 (depression) to 5 (no depression).

Most of the literature in the field of job quality and job satisfaction deals with their relationship with

education rather than with training (Jones et al., 2008). 
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Research has indicated that education is a key element in the construction of individual expectations

in the workplace. Consistently to that, Glenn and Weaver (1982) have found evidence that, should

job  conditions  not  match  with  the  educational  attainment,  the  effect  of  education  on  workers'

satisfaction would be negative.  Likewise,  Hersch (1991) has discovered that,  on average,  over-

educated workers are less satisfied with their job and less likely to receive training than adequately-

educated ones. 

Nevertheless, there are some studies that have discovered a positive impact of training on both job

quality and job satisfaction (Schmidt, 2007; Jones et al., 2008; Vasudevan, 2014).  

Thus, results of many researches have shown that, the effects of lifelong training go far beyond the

acquisition of knowledge, competences and new skill, since they lead to improvements in people's

mood,  dedication and,  more generally,  workplace well-being.  Through training indeed,  workers

would have the possibility of enhancing their careers (Vasudevan, 2014).

Vasudevan (2014) has carried out a study in order to investigate the effect of training on employees'

work  commitment,  job  satisfaction  and workplace  performance,  as  well  as  the  impact  of  each

component of training (training commitment, needs assessment, content and delivery approach and

evaluation) on those outcomes. To do so, the author collected data by means of a questionnaire

distributed to 180 employees working in private and public sectors in Malaysia, and focused on

training programs either provided by the employer, or attended by the employee to improve the job

tasks. The results of both the simple and the multiple regression analysis show that all dimensions

of training considered affect work commitment, job satisfaction and job performance positively.

In the first part of the study of Jones et al. (2008), always exploiting data from the WERS (2004), is

presented an attempt to examine, through the OLS method, whether training participation affects

job  satisfaction  in  7  specifications  considered6.  Training  has  been  measured  both through  its

incidence,  in this  case the authors used a dummy about whether the respondent has attended a

training course or not, and its volume, the number of days in which respondents have received

training (less than 1 day, 1 to >2 days, 2 to >5 days, 5 to >10 days, more than 10 days) in the

previous 12 months. In the first case they found that training participation is positively associated

with all 7 indicators of job satisfaction. In the second instead, they discovered that those participants

who have received less training are, on average, less satisfied with their job in all 7 dimensions7.

Therefore, employees not only should value training, but also consider it as a fundamental part the

6 The sense of achievement from work, the scope for using own initiative, the influence over the job, the training they
receive, the amount of pay they receive, job security and the work itself.
7 The controls are: gender, age, marital status, ethnicity, disability, tenure, fixed term employment, temporary job, hours
of work, use of computers,job skills, education, vocational qualification, occupation, balance of job, union membership,
earnings, workplace  and organisation size, workplace age, industry, proportions of workforce aged less than 21 and
over 50, union members, part-time, fixed term contracts, agency staff and the presence of groups on training.
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job. On the other hand, employers can take advantages from it as well, since more satisfied workers

are more efficient and productive, and in turn, greater productivity results in higher quality of goods

and services and lower costs.  Second, training programs are used to increase job attractiveness

which raises workers' job attachment (Schmidt, 2007; Vasudevan, 2014).

1.3.5  Training and workplace absenteeism

In the literature there are few studies relating sickness absenteeism to training.  

One of them is the already mentioned research carried out by Jones  et al. (2008). In the second

section  of  the  study,  they  investigated  about  whether  training  participation  first  affects  job

performances directly, and then, indirectly by means of its impact on job satisfaction. They used 7

measures of job satisfaction (see note 6) and 5 different indicators of workplace performances, 2

objective (absenteeism rate and quit rate) and 3 subjective (assessment of workplace's financial,

labour productivity and product or service quality according to the industry).  Through the OLS

analysis, they found that training is correlated with most of workplace performances considered,

among  which  the  absenteeism  rate.  In  particular,  they  have  estimated  a  negative  association

(meaning reducing) between the share of workers who have attended a training course and the

number of absences from work. Although this association is strongly depended on the type and the

quantity of training provided. On the other hand, they also discovered that training is positively and

significantly associated with job  satisfaction that, in turn, is found correlated with reductions in

workers' absenteeism rate.

The  main  difference  with  our  study  is  the  population  target,  in  fact  we  focus  on  employed

individuals  aged  50  to  65  in  13  different  European  countries,  while  they  take  into  account

employees in the United Kingdom.

Other  evidence is  brought  by  Frayne  and  Latham's  experiment  (1987)  on  the  effect  of  self-

management training on job attendance through one's perceived self-efficiency. They conducted an

experiment  on 40 volunteers (28 men and 12 women) employed in a  maintenance department,

whose mean age was 44.33 years. Half participants  were randomly assigned to the experimental

group and trained, the remaining half  were assigned instead to the control group and told they

would  have  been  trained  later.  The  measure  of  attendance  exploited  was  workers'  sickness

absenteeism, as almost 50% of absent days declared were due to illness, defined as the number of

sick hours missed from work per  week.  The main finding of  the experiment  was a  significant

difference between the experimental and the control group: those participants who have received
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training, recorded an higher number of presences at work over the 3 months after the training. The

authors  also  claimed  that  training  increased  workers'  perceived  self-efficiency  in  dealing  with

matters such as work conflicts, pressure, illness an others, that, in turn, raised job attendance. 

In conclusion, training enables workers to perform (or continue performing) job tasks, improve their

management  by  reducing  the  workplace  stress,  increase  the  decision-making  capacity  and  the

perceived self-value,  and develop new skills.  The improved job quality that  follows training is

supposed to be one channel through which training affects sickness absenteeism.

In fact, for example, in case outdated skills and disliked tasks were the reasons that determined poor

perceived job quality, thanks to training such conditions may disappear, so individuals may be more

willing to work longer.

The  main  issue  that  may  arises  with  training,  especially  when  using  cross-sectional  data,  is

training's  potential  endogeneity  due  to  unobservable  factors  correlated  with  both  training  and

productivity indicators (Jones et al., 2008; De Grip & Sauermann, 2011). 

In fact, workers are generally not randomly selected by employers for attending training programs.

Let us consider those workers who have greater work interest and passion for their job. On the one

hand, at the same conditions of health and workplace, they are less willing to miss days from work.

On the other hand, they are more likely to decide to improve their job-related skills and knowledge

through training. Given that, assessments of causal effects of training on individual productivity are

complicated and likely to be underestimated (Jones et al., 2008; De Grip & Sauermann, 2011).

1.3.6  Research questions

This  study exploits  wave4 and wave5 of  the The Survey of  Health,  Ageing and Retirement  in

Europe (SHARE) in order to investigate the effect of training on sickness absenteeism of older

workers, by controlling for both observed and unobserved individual characteristics. 

Proven that training has an impact on sickness absenteeism, the following question we want to

address is through which channels training produces this effect.

Sickness absenteeism, unlike wages, has the advantage of being a productivity indicator able to

reflect  individuals'  workplace  well-being.  Furthermore,  in  the  literature  there  are  some  studies

providing evidence on a positive relationship between training and job quality.

SHARE wave4 provides us with useful data that can be exploited in order to construct job quality

indicators following Siegrist's procedure (1996). Hence, we use this wave to test whether, also in

our data, training is positively correlated with those job quality indicators.
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Should  a  positive  association  be  found,  it  might  be  claimed  that  those  workers  who  have

participated in training activities are more likely to improve their workplace well-being, which is a

important determinant of sickness absenteeism, as proven by the literature.

Lastly, we wonder if this positive relation between training and job quality could be due to the fact

that trained workers tend to change their occupation in order to find another job that meets their

expectations, or that they are able to improve the well-being at their current workplace.

Therefore,  by  exploiting  longitudinal  data  to  investigate  about  whether  the  training  choice  is

correlated  with  changes  in  the  employment  condition,  we  found  a  negative  association:  those

workers who have undertaken training programs are less likely to change occupation.
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Chapter 2: Descriptive analysis

2.1 Data

In  this  study,  by  exploiting  SHARE  dataset,  we  empirically  analyse  the  effect  of  training  on

sickness absenteeism of older workers, both controlling for observed and unobserved individual

characteristics. Then, we wonder what are the reasons of this relationship and, since the literature

provides  evidence  of  an  association  between  training  and  job  quality,  we  verify  whether  it  is

manifested also in our data. Lastly, we attempt to understand whether changes in the employment

situation are other channels through which training acts.

The study relies on data from the  Survey of Health, Ageing and Retirement in Europe  (SHARE-

http://www.share-project.org/), a multidisciplinary cross-national panel database of micro data on

health,  employment,  socio-economic  conditions,  and  social  and  family  networks,  from twenty

European countries (plus Israel).

SHARE is extremely appropriate for our study,  in the first  place because the target population

involved  consists  of  individuals,  men  and  women,  aged  50  years  old  and  over,  and  secondly

because it provides information on training and the number of missed days from work because of

health, as well as a set of questions on health and perceived job quality, which are among the main

determinants of workplace absenteeism.

Furthermore, SHARE questionnaire provides a world wide coverage and an ex ante harmonisation,

so that it allows to carry out comparative studies across countries (Belloni & Villosio, 2014).

Currently there are five waves of data available of SHARE, collected from 2004 to 2013. The first,

conducted between 2004 and 2005, covers eleven European countries ranging from the Northern

area (Denmark and Sweden), the Central area (Austria, Belgium, France, Germany, the Netherlands

and Switzerland), to the Southern one (Greece, Italy and Spain). In the following waves, wave2

(2006-2007), wave4 (2010-2011) and wave5 (2013), some countries have been joined to the survey.

These  four  waves  have  in  common  the  fact  that  they  all  focus  on  the  current  situation  of

participants.  Different  is  wave3,  called  SHARELIFE,  being  a  retrospective  survey,  conducted

between 2008 and 2009, which focuses instead on people's life history.

This study exploits information from two out of the five waves of SHARE, wave4 and wave5, and

focuses on thirteen countries present in both waves (Austria, Germany, Sweden, the Netherlands,
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Spain, Italy, France, Denmark, Switzerland, Belgium, Czech Republic, Slovenia and Estonia).

Questions about training and sickness absenteeism, which are the key variables of this study, are

present in wave1, wave2, wave4 and wave5. However, we have decided to exploit only the last two,

since the question about training has a different setting in wave1 and wave2, which makes it not

properly comparable with the question in wave4 and wave5. What has changed is the time frame

along which interviewees are asked whether they have undertaken a  training or an educational

course (one month in the first two waves, twelve months, instead, in the last two). 

Therefore, by using wave4 and wave5, we have estimated the effect of training participation on the

number of absent days from work because of illness. Then, given the abundant literature regarding

the impact of job quality in reducing sickness absenteeism, we have chosen to use wave4 to test

whether training is positively correlated with some job quality indicators.

Wave4  indeed,  provides  suitable  indicators  of  perceived  job  quality  (effort-reward  ratio,  job

satisfaction and poor job quality). Unfortunately, questions on job quality in wave5 are asked only

to those individuals who have experienced at least one of the following changes between wave4 and

wave5: a change in the type of employment, a change in the employer, a promotion, a change in the

job location or a change in the contract length. It turns out that the number of respondents is very

small and therefore, wave5 cannot be exploited for our purposes.

Consequently wave4 is the only wave providing us with all the major variables of interest for our

analysis: sickness absenteeism, training e job quality. Hence, it is the cross-sectional dataset we rely

on in order to study the association between training and both sickness absenteeism and job quality. 

Only in the analysis of the effect of training on sickness absenteeism we can combine wave4 and

wave5, thus exploiting the longitudinal dimension. The longitudinal dataset (wave4 plus wave5)

allows  to  verify  whether  the  results  obtained  by  using  wave4  only  are  confirmed  also  when

estimation methods that take into account all the unobservable fixed effects are introduced. 

Furthermore it provides additional information on how the negative relationship between training

and sickness absenteeism, and the positive one between training and job quality occur.

In fact, we can investigate about whether the choice of training detected in wave4 (2010-2011) is

correlated  with  subsequent  changes  in  the  occupational  conditions  between  wave4  and  wave5

(2011-2013). In particular, we refers to changes occurred in the type of work contract (part-time or

full-time), type of employment, type of sector and the start of a new job. This analysis allows us to

understand  whether  the  positive  association  between  training  and the  employment  situation,  in

terms of lower absenteeism rate and higher job quality (with all the warnings arising by the fact that

with job quality we cannot control for the fixed effects), takes place either thanks to a change of job

or in the employment initially performed.
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2.2  Cross-sectional dataset

2.2.1 The estimation sample

The  estimation  sample  for  the  cross-sectional  analysis  has  been  determined  according  to  the

following criteria:

• Respondents (women and men) in wave4;

• Respondents aged 50 to 65 years old;

• Only countries present in both wave4 and wave5;

• Only employed respondents;

• Only public or private employees (no self-employed)8.

Table 2.2.1 displays  the number of  observations  present  in  the  sample,  divided by gender  and

country.  Therefore,  among all  the individuals surveyed in wave4 (58489 respondents),  we have

taken into account a final estimation sample of 8950 observations (about 15% of the total wave),

consisting of 4798 women (53.6%) and 4152 men (46.4%). 

Table 2.2.1: Composition final estimation sample wave4

Source: Wave 4 release 1.1.1

Only 16.2% of the sample is classified as public employee, so that the remaining part is employed

in the private sector.  The majority of individuals, almost 83%, is employed in the tertiary sector,

slightly more than 13% in the secondary, while a very small number, only 4%, in the primary.

8 The reason is that for public and private employees, training may be required by the employer, while for self-
employed workers, training is likely to be a self-decision.
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Female Male Total
Country No. % No. % No.

Sweden 141 57.8 103 42.2 244
Denmark 349 53.2 307 46.8 656
Germany 76 57.6 56 42.4 132
Netherlands 261 53.7 225 46.3 486
Belgium 515 53.6 446 46.4 961
France 538 54.6 448 45.4 986
Switzerland 503 50.8 488 49.2 991
Austria 367 51.5 346 48.5 713
Spain 163 44.9 200 55.1 363
Italy 200 48 217 52 417
Estonia 920 60.4 602 39.6 1522
Czech Rep 567 52 524 48 1091
Slovenia 198 51 190 49 388
Total 4798 53.6 4152 46.4 8950



More than 78% of  the sample has  declared to  have an high level  of education (at  least  upper

secondary education), referring to the last four levels of the International Standard Classification of

Education (ISCED).

Almost 80% of the sample lives with the partner or the spouse, more than 90% of it has at least one

child, while less than an half has at least one grandchild.

Concerning the health status, more than 95% has not experienced limitations with activities (adl) or

instrumental activities (iadl), of the daily life. About 70% of the sample instead has declared not to

have mobility, arm function or fine motor limitations. However, 60% has stated to have had at least

one chronic physical or mental disease.

More specifically, adl stands for older people's number of limitations with activities of daily living,

such as walking 100 metres, sitting for about two hours, getting up from a chair after sitting for long

periods,  climbing several  flights  of  stairs  without  resting,  climbing one flight  of  stairs  without

resting, stooping, kneeling, or crouching, teaching or extending your arms above shoulder level,

pulling or pushing large objects and lifting or carrying weights over 10 pounds or 5 kilos. 

Iadl instead, reports how many limitations respondents have with everyday instrumental activities,

meaning dressing, walking across a room, bathing or showering, eating, getting in or out of bed,

using the toilet, using a map, preparing a hot meal, shopping for groceries, making telephone calls,

taking medications, doing work around the house or garden and managing money.

2.2.2 Sickness absenteeism

Information concerning how many days employees have missed from work because of illness are

included in SHARE module “Employment and Pension”, where respondents are asked “About how

many days did you miss?”.

The question is asked only to those who have previously stated to have missed at least one day from

work in the last twelve months.

Given the significant frequency of individuals reporting zero absent days,  we have created two

variables. The first includes the “zero values”, meaning that, all respondents who did not miss any

day are not considered as missing values but rather as zero. The second instead, takes into account

only those individuals who have recorded at least one absent day, hence all the others have been set

as missing values. In this way, the estimation sample reduces to 3110 observations (almost 35% of

the total sample), among those, 1785 are women (57.4%) and 1325 (42.6%) are men. 
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Table 2.2.2: Share of respondents reporting zero absent days

Source: Wave 4 release 1.1.1

As displayed by Table 2.2.2, in all countries considered men are less likely to miss any day from

work due to  illness  than  women,  except  for  Switzerland where,  in  any case the  probability of

recording zero absent days is very high for both genders (73.8% for women while 73.4% for men). 

Male  country-specific  average probabilities  range from a minimum of  48.2% in Germany to a

maximum of 77.9% in Estonia, and the overall mean in the sample is about of 68%. Concerning

women,  across  countries,  the  average  probability ranges  from 40.8% in  Germany to  74.2% in

Estonia as well, with a total average of 62.8%.

Tables 2.2.3 and 2.2.4 report the statistics of the variable of sickness absenteeism, including the zero

values, by country, for women and men respectively. 

Table 2.2.3: Statistic missed days from work (including zero values)

Source: Wave 4 release 1.1.1
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Female Male Total
Country No. % No. % No.

Sweden 78 55.3 75 72.8 153
Denmark 151 43.3 174 56.7 325
Germany 31 40.8 27 48.2 58
Netherlands 167 64 147 65.3 314
Belgium 257 49.9 265 59.4 522
France 344 63.9 300 67 644
Switzerland 371 73.8 358 73.4 729
Austria 180 49 176 50.9 356
Spain 116 71.2 149 74.5 265
Italy 123 61.5 152 70 275
Estonia 683 74.2 469 77.9 1152
Czech Rep. 385 67.9 396 75.6 781
Slovenia 127 64.1 139 73.2 266
Total 3013 62.8 2827 68.1 5840

Females
country N mean sd min p25 p50 p75 max

Sweden 141 7.38 18.69 0 0 0 5 120
Denmark 349 8.05 24.32 0 0 2 6 240
Germany 76 20.99 50.87 0 0 4 14.5 365
Netherlands 261 11.65 37.13 0 0 0 5 300
Belgium 515 14.50 38.02 0 0 1 10 365
France 538 13.68 47.03 0 0 0 4 365
Switzerland 503 5.18 22.27 0 0 0 1 365
Austria 367 9.66 25.30 0 0 1 10 250
Spain 163 9.71 39.94 0 0 0 1 365
Italy 200 7.35 19.23 0 0 0 7 180
Estonia 920 5.83 16.54 0 0 0 2 125
Czech Rep. 567 10.71 35.94 0 0 0 3 365
Slovenia 198 14.83 48.68 0 0 0 10 365
Total 4798 9.77 32.50 0 0 0 5 365



Table 2.2.4: Statistic missed days from work (including zero values)

Source: Wave 4 release 1.1.1

In both cases, the country-specific average is included between 5 and 16 days. Although women

tend to manifest an higher sickness absenteeism rate than men, in fact their overall average across

countries is almost of 10 days per year, against men's 8 days.

The total average median value is equal to zero in both cases, but this result is manly due to the high

incidence of zero values in both samples, while the average top quartile is higher for women (5 days

against men's 3 days).

In any case, for both genders the number of days missed ranges from a minimum of 0 days to a

maximum of 365 days and it registers some picks around 20-21, 30, 60, 90 and 120 days. 

Tables 2.2.5 and 2.2.6 on the other hand, show the statistics by country of the number of absent

days  of  those respondents  who have missed at  least  one  day from work,  for  women and men

respectively. 

Considering this  alternative  variable measuring sickness  absenteeism, it  is  possible  to  see how

country-specific averages increase sharply.

In the female sample they range from a minimum of 14 days in Denmark to a maximum of 41 days

in Slovenia, in the male sample instead, Denmark still manifests the lowest average (12 days) while

picks of more than 33 days are registered in France and in the Czech Republic. 

Women still exhibit an higher overall average number of missed days from work because of illness,

around 26 days against men's 25. 

The average median value is 10 days in both cases, while the third quartile is equal to 24 and 25

days respectively for women and men.
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Males
country N mean sd min p25 p50 p75 max

Sweden 103 6.59 21.97 0 0 0 1 120
Denmark 307 5.2 17.12 0 0 0 3 150
Germany 56 10.07 21.28 0 0 1 14 94
Netherlands 225 7.48 18.04 0 0 0 5 100
Belgium 446 10.97 30.49 0 0 0 6 365
France 448 11.14 35.08 0 0 0 3.5 330
Switzerland 488 6.94 29.68 0 0 0 1 365
Austria 346 10.06 22.51 0 0 0 10 180
Spain 200 4.97 20.29 0 0 0 1 190
Italy 217 5.41 23.45 0 0 0 3 300
Estonia 602 6.78 23.08 0 0 0 0 210
Czech Rep. 524 8.17 30.86 0 0 0 0 325
Slovenia 190 8.53 27.5 0 0 0 3 210
Total 4152 8.05 26.81 0 0 0 3 365



Table 2.2.5: Statistic missed days from work (excluding zero values)

Source: Wave 4 release 1.1.1

Table 2.2.6: Statistic missed days from work (excluding zero values)

Source: Wave 4 release 1.1.1

How it is possible to see in Figure 2.2.1, in each country considered, except for Estonia (8-day gap)

and Switzerland (7-day gap), women have an higher absenteeism rate due to illness than men.

The other way round, marked differences are displayed particularly in Germany (almost 11-day

gap), followed by Slovenia (6-day gap) and the Netherlands (4-day gap). 

Relatively lower values are registered for women in Switzerland and Estonia, while for men in

Spain, Italy and Denmark.
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Females
country N mean sd min p25 p50 p75 max

Sweden 63 16.51 25.21 1 3 6 14 120
Denmark 198 14.19 30.94 1 2 5 12 240
Germany 45 35.44 62.35 1 5 10 43 365
Netherlands 94 32.35 56.37 1 5 10 28 300
Belgium 258 28.94 49.71 1 3 10 30 365
France 194 37.94 72.31 1 3 10 30 365
Switzerland 132 19.76 40.13 1 3 7 20 365
Austria 187 18.96 32.9 1 5 9 15 250
Spain 47 33.66 69.25 1 3 7 30 365
Italy 77 19.09 27.23 1 6 10 20 180
Estonia 237 22.65 26.13 1 6 14 30 125
Czech Rep. 182 33.38 57.27 1 5 14 30 365
Slovenia 71 41.35 74.55 3 10 15 30 365
Total 1785 26.27 49.05 1 4 10 24 365

Males
country N mean sd min p25 p50 p75 max

Sweden 28 24.25 37.13 1 3 7 18 120
Denmark 133 12.01 24.43 1 2 4 10 150
Germany 29 19.45 26.47 1 5 14 15 94
Netherlands 78 21.56 25.27 1 5 10 30 100
Belgium 181 27.04 43.14 1 5 10 30 365
France 148 33.73 54.55 1 4 10 37 330
Switzerland 130 26.04 53.14 1 3 5.5 20 365
Austria 170 20.48 28.63 1 5 10 21 180
Spain 51 19.49 36.74 1 2 5 20 190
Italy 65 18.06 40.3 1 4 7 15 300
Estonia 133 30.68 41.07 1 6 14 30 210
Czech Rep. 128 33.44 55.4 1 5 10 30 325
Slovenia 51 31.78 45.88 1 7 15 30 210
Total 1325 25.23 42.66 1 4 10 25 365



Figure 2.2.1: Average number of missed days from work (with zero values)

Source: Wave 4 release 1.1.1

The bar-graph shown in Figure 2.2.2 highlights countries' difference average number of absent days

between men and women who have missed at least one day from work because of health.

In this case, differences between the two genders seem to be slightly reduced, however, in most

countries taken into account women still overcome men. 

Significant gender-gaps are reported in Germany (16-day gap), Spain (14-day gap), the Netherlands

(11-day gap), Slovenia (10-day gap) and in Estonia (8-day gap). 

Some exceptions,  in which men overcome women, are recorded in Switzerland (9-day gap),  in

Sweden and Estonia (8-day gap) and in Austria (2.5-day gap).

Regardless the gender division, the lowest values are registered in Denmark and in Italy. 
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Figure 2.2.2: Average number of missed days from work (without zero values)

Source: Wave 4 release 1.1.1

2.2.3  Training participation

Training participation is captured through the question included in SHARE module “Activities”,

asking respondents whether they “have attended an educational or training course in  the past

twelve months”.

Therefore, due to the type of question,  only requiring a yes or no answer,  no further pieces of

information about training can be gathered, neither whether it was generic or specific, nor its length,

nor who paid for it. 

We  have  created  a  dummy variable  expressing  training's  incidence,  that  takes  value  1  if  the

individual has undertaken an educational or training course, and 0 otherwise. 

Table 2.2.7 illustrates for each country considered, older women's average probability of having

(and not having) attended an educational or training course during the year before the interview.
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Table 2.2.7: Training participation 

Source: Wave 4 release 1.1.1

Average probabilities in favour of training's attendance are very different across countries, although

always relatively lower than those referring to the not attendance. They range from a minimum of

10% in Italy, to 38% and 39% respectively in Denmark and Switzerland, till a maximum of more

than 42% in the Netherlands. Therefore, on average, less than 1 out of 3 women (30.7%) have

declared of having been trained.

Table 2.2.8 provides the same piece of information of Table 2.1.7, but concerning older men.

Table 2.2.8: Training participation 

Source: Wave 4 release 1.1.1

Training participation for men is even less frequent than for women. In fact, its probability drops in

each country, ranging from only 3.2% in Italy, where only 7 out of 217 respondents have affirmed
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Females
No training Yes training Total

Country No. % No. % No.

Sweden 91 64.5 50 35.5 141
Denmark 213 61 136 39 349
Germany 58 76.3 18 23.7 76
Netherlands 151 57.9 110 42.1 261
Belgium 333 64.7 182 35.3 515
France 417 77.5 121 22.5 538
Switzerland 312 62 191 38 503
Austria 257 70 110 30 367
Spain 132 81 31 19 163
Italy 180 90 20 10 200
Estonia 582 63.3 338 36.7 920
Czech Rep. 434 76.5 133 23.5 567
Slovenia 163 82.3 35 17.7 198
Total 3323 69.3 1475 30.7 4798

Males
No training Yes training Total

Country No. % No. % No.

Sweden 78 75.7 25 24.3 103
Denmark 215 70 92 30 307
Germany 44 78.6 12 21.4 56
Netherlands 136 60.4 89 39.6 225
Belgium 296 66.4 150 33.6 446
France 361 80.6 87 19.4 448
Switzerland 329 67.4 159 32.6 488
Austria 265 76.6 81 23.4 346
Spain 159 79.5 41 20.5 200
Italy 210 96.8 7 3.2 217
Estonia 472 78.4 130 21.6 602
Czech Rep. 449 85.7 75 14.3 524
Slovenia 165 86.8 25 13.2 190
Total 3179 76.6 973 23.4 4152



to have participated in such activities, to around 33% in Denmark and Switzerland, and 39.6% in

the Netherlands. 

It  turns out that,  on average,  less than 1 out of 4 men (23.4%) have been involved in training

activities in the year before the interview.

In Figure 2.2.3 are displayed two bar-graphs, the first  focuses on the women sample while the

second on that of men. They show, for each country, the average number of missed days from work

because of health (including zero values), for those respondents who have attended an educational

or training course (blue bars) and for those who have not (red bars). 

Figure 2.2.3: Average missed days from work (with zeros) by training participation and gender

Source: Wave 4 release 1.1.1

While for women training participation is always associated with a lower sickness absenteeism rate,

for men this clear relationship is not recognized. 

As a matter of fact, in each country, the group of women who have been trained experiences a lower

average number of absent days from work. Whereas, focusing on men, there are some countries that

record higher sickness absenteeism rate along with training participation (e.g. Austria, Germany,
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Belgium, Denmark, France, Slovenia and Switzerland), and others, instead, that register none or

limited differences (e.g. Sweden and the Czech Republic for instance), therefore the average impact

of training is almost null.

When looking at the distribution across countries of the average number of absences due to illness,

without taking into account the zero values, for both those who have done training and those who

have  not,  the  negative  association  between  training  and the  average  number  of  absent  days  is

strengthened for women as well as for men (Figure 2.2.4).

However in the male sample there are some exceptions: Denmark, Germany and the Netherlands.

Figure 2.2.4: Average missed days from work (without zeros) by training participation and gender

Source: Wave 4 release 1.1.1

The patterns showed by Figures 2.2.3 and 2.2.4 can be better seized through the four scatter-plots

displayed in Figure 2.2.5.

The first column shows how female absenteeism rate decreases along with training participation

and, consistently with the previous bar-graphs, the interpolation line becomes steeper if zero values

are not considered.
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On the  other  hand,  the  second  column  highlights  that,  when  considering  the  zero  values,  the

relationship between male absenteeism rate and training is almost not existent, while if looking at

those who have missed at least one day from work due to illness, the relation is negative and more

defined. 

Figure 2.2.5: Scatter-plots missed days from work and training probability by gender

Source: Wave 4 release 1.1.1

2.2.4  Job quality

The battery of perceived job quality indicators is included in SHARE module  “Employment and

Pension”. In this study, in particular, we focus on three measures of job quality: job satisfaction,

effort-reward ratio and poor job quality.

While information concerning the first can be directly obtained from a question present in SHARE

56

AT

DE

SE

NL
ES

IT

FR

DK

CH 

BE

CZ

SL

EE5
10

15
20

A
ve

ra
ge

 m
is

se
d 

da
ys

.1 .2 .3 .4
Training probability

f_ep302_emp Fitted values

Source: Share wave 4, release 1.1.1

Female

Scatterplot Average missed days (with zero)
and training probability

ATDE

SE NL

ESIT

FR

DK
CH 

BE

CZSL
EE

5
10

15
20

A
ve

ra
ge

 m
is

se
d 

da
ys

0 .1 .2 .3 .4
Training probability

m_ep302_emp Fitted values

Source:  Share wave 4, release 1.1.1

Male

Scatterplot Average missed days (with zero)
and training probability

AT

DE

SE

NLES

IT

FR

DK

CH 

BE

CZ

SL

EE

10
20

30
40

A
ve

ra
ge

 m
is

se
d 

da
ys

.1 .2 .3 .4
Training probability

fyes_ep302_emp Fitted values

Source: Share wave 4, release 1.1.1

Female

Scatterplot Average missed days (without zero)
and training probability

ATDE

SE
NL

ESIT

FR

DK

CH BE

CZSL EE

10
20

30
40

A
ve

ra
ge

 m
is

se
d 

da
ys

0 .1 .2 .3 .4
Training probability

myes_ep302_emp Fitted values

Source:  Share wave 4, release 1.1.1

Male

Scatterplot Average missed days (without zero)
and training probability



questionnaire, the last two indicators have been constructed as in Dal Bianco's et al. (2014), which

in turn has followed Siegrist's procedure (1996) .

• Job satisfaction:

Job satisfaction's dimension has been captured through the question asking respondents whether, all

things  considered,  they  would  strongly  agree,  agree,  disagree  or  strongly  disagree with  the

statement  “I am satisfied with my job”. The indicator was based on a on a 4-point scale where 1

corresponded to strong job satisfaction and 4 to strong job dissatisfaction.

According to the way the question is asked, higher values taken by the indicator corresponded to

low levels of satisfaction, therefore, we have recoded the variable so that higher values are now

associated with greater perceived job satisfaction (1 now corresponds to strong job dissatisfaction

while 4 to strong job satisfaction).

As shown by Table 2.2.9, respectively 1.4% and 6.4% of the women included in the sample have

declared  to  be  strongly  dissatisfied  and  dissatisfied  with  their  job,  while  the  great  majority,

respectively 48% and 44.2%, has manifested either satisfaction or a strong satisfaction with the

current workplace situation.

Table 2.2.9: Recode of job satisfaction

Source: Wave 4 release 1.1.1

Italy and France have the highest percentages of respondents strongly disagreeing (3.5% and 2.4%

respectively),  while  Germany and Sweden do not  record  any strong dissatisfaction.  Strong job

satisfaction is slightly lower than job satisfaction, ranging from a minimum of about 32% in Italy
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Female
Total strongly disagree disagree agree strongly agree Average

country No. % % % % No.

Sweden 141 0 7.1 39 53.9 3.47
Denmark 349 1.7 3.2 37.8 57.3 3.51
Germany 76 0 5.3 48.7 46.1 3.41
Netherlands 261 1.1 6.9 49.4 42.5 3.33
Belgium 515 0.8 6.4 43.1 49.7 3.42
France 538 2.4 6.7 45.4 45.5 3.34
Switzerland 503 1.2 3.8 37.2 57.9 3.52
Austria 367 0.5 3.5 40.6 55.3 3.51
Spain 163 1.8 8 53.4 36.8 3.25
Italy 200 3.5 10.5 53.5 32.5 3.15
Estonia 920 1.3 8.6 57.8 32.3 3.21
Czech Rep. 567 1.6 7.4 53.1 37.9 3.27
Slovenia 198 1.5 3.5 60.6 34.3 3.28
Total 4798 1.4 6.4 48 44.2 3.35



and in Estonia to a maximum of 57-58% in Denmark and in Switzerland, immediately followed by

Austria (55.3%) and Sweden (53.9%).

The average across countries is rather high, being always included between 3.15 and 3.52, while the

overall average is 3.35. 

The same patterns  characterizing female distribution across  countries  occur  for men (see Table

2.2.10). Relative low percentages associated with strong job dissatisfaction (on average 1.3%) and

job dissatisfaction (on average 5.7%), especially in Italy, while higher pergentages related to job

satisfaction (on average 51.9%) and strong job satisfaction (on average 41.1%). 

Likewise, for men, the average level of job satisfaction always exceeds 3, ranging from a minimum

of 3.09 in Italy to a maximum of 3.56 in Denmark, while the overall average is 3.33.

Table 2.2.10: Recode of job satisfaction

Source: Wave 4 release 1.1.1

Figure 2.2.6 brings further empirical evidence to the broad literature about the negative association

between job satisfaction and workers' absenteeism rate. 

In fact, the two scatter-plots show that, for both women and men, increments in the perceived level

of  job satisfaction,  are  related  to  reductions  in  the average number  of  missed  days  from work

because of health.

The two scatter-plots displayed in Figure 2.2.7 show instead increasing trends, for both genders,

relating job satisfaction to training participation. 
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Male
Total strongly disagree disagree agree strongly agree Average

country No. % % % % No.

Sweden 103 0 5.8 46.6 47.6 3.42
Denmark 307 0.7 2.9 36.5 59.9 3.56
Germany 56 1.8 14.3 48.2 35.7 3.18
Netherlands 225 1.8 5.8 45.3 47.1 3.38
Belgium 446 1.1 2.9 45.5 50.4 3.45
France 448 2.9 6.5 50.4 40.2 3.28
Switzerland 488 0.2 3.5 38.1 58.2 3.54
Austria 346 0.9 3.5 47.4 48.3 3.43
Spain 200 1 5 56 38 3.31
Italy 217 3.7 9.2 61.3 25.8 3.09
Estonia 602 1 9.8 61.3 27.9 3.16
Czech Rep. 524 1.1 5.5 64.7 28.6 3.21
Slovenia 190 1.1 6.3 70.5 22.1 3.14
Total 4152 1.3 5.7 51.9 41.1 3.33



Figure 2.2.6: Scatter-plots missed days from work and job satisfaction by gender

Source: Wave 4 release 1.1.1

Figure 2.2.7: Scatter-plots job satisfaction and training probability by gender

Source: Wave 4 release 1.1.1
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• Effort-reward ratio:

The effort-reward ratio has been constructed by following Dal Bianco's et al. (2014) procedure.

Therefore, as already mentioned (see Section 1.2.3), in order to capture the effort's dimension we

have exploited two questions asking respondents whether they  strongly agree, agree, disagree or

strongly disagree respectively with the statements  “my job is physically demanding” and  “I  am

under constant time pressure due to a heavy workload”. 

As in the previous case, since higher values of the variables were associated with a lower effort (job

is not physically demanding and not stressful), both indicators have been recoded in such a way that

higher levels of the indicators were related to a greater effort. 

On the  other  hand,  the  reward's  dimension has  been  estimated  by using  five  questions  asking

interviewees whether they would  strongly agree, agree, disagree or strongly disagree respectively

with the statements “I have very little freedom to decide how I do my work”, “I have an opportunity

to  develop  new  skills”,  “I  receive  adequate  support  in  difficult  situations”,  “I  receive  the

recognition I deserve for my work” and “my job security is poor”.

Also in this case we have recoded all but the first and the fifth reward indicators so that higher

values of such indicators were associated with higher levels of reward.

Thus, the effort-reward ratio has been built for each respondent by dividing the weighted effort's

average by the weighted reward's average, as follows :

Table 2.2.11 shows the statistics of the effort-reward ratio computed within the female sample.

In  all  countries,  except  for  Italy,  the  average  ratio  is  lower  than  1,  meaning that  the  effort  is

compensated by an higher reward. 

The country-specific averages range from a maximum of 1.02 in Italy indeed, to a minimum of 0.80

in Sweden, while the overall average is 0.89 and the overall average median value is 0.83.

Considering the male sample in Table 2.2.12, the effort-reward ratio is on average slightly higher

than women's, ranging, across countries, from a maximum of 1.05 and 1.01 respectively in Italy and

in Czech Republic, where the effort's dimension prevails on the reward’s one, to a minimum of 0.77

in Sweden where occurs the opposite. The overall average and the overall average median value are

respectively equal to 0.9 and 0.83.
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Table 2.2.11: Statistics effort-reward ratio

Source: Wave 4 release 1.1.1

Table 2.2.12: Statistics effort-reward ratio

Source: Wave 4 release 1.1.1

In Figure 2.2.8 are displayed countries' averages of the effort-reward ratio against the number of

missed days from work due to sickness (including zero values in the first row, while excluding them

in the second). 

Also in this case, there is evidence of a downward relationship between perceived job quality and

absenteeism rate, although not for men when including the zero values. 

In fact, increments in the effort-reward ratio, which are caused by a stronger effort's dimension

together with a weaker reward's one, are associated with higher number of absent days from work.

This relation seems to be stronger for women.
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Females
country N mean sd min p25 p50 p75 max

Sweden 141 0.81 0.38 0.26 0.56 0.71 0.94 2.5
Denmark 349 0.84 0.38 0.25 0.59 0.77 1 4
Germany 76 0.93 0.41 0.25 0.67 0.83 1.13 2.5
Netherlands 261 0.85 0.35 0.25 0.63 0.83 1.03 2.22
Belgium 515 0.86 0.40 0.25 0.63 0.79 1.04 3
France 538 0.90 0.48 0.25 0.59 0.83 1.07 2.86
Switzerland 503 0.81 0.34 0.25 0.63 0.77 0.96 2.92
Austria 367 0.90 0.40 0.25 0.63 0.83 1.07 3.33
Spain 163 0.89 0.38 0.25 0.63 0.88 1.14 2.14
Italy 200 1.02 0.50 0.25 0.69 0.91 1.25 3.33
Estonia 920 0.87 0.36 0.25 0.67 0.83 1.04 2.86
Czech Rep. 567 0.96 0.39 0.28 0.71 0.89 1.14 3.33
Slovenia 198 0.94 0.38 0.28 0.71 0.89 1.07 3.33
Total 4798 0.89 0.40 0.25 0.63 0.83 1.07 4

Males
country N mean sd min p25 p50 p75 max

Sweden 103 0.77 0.28 0.26 0.59 0.71 0.94 2.14
Denmark 307 0.79 0.36 0.26 0.56 0.71 0.94 3.5
Germany 56 0.87 0.41 0.26 0.61 0.81 1.11 2.19
Netherlands 225 0.82 0.32 0.25 0.63 0.77 1 2.14
Belgium 446 0.85 0.39 0.25 0.59 0.77 1.03 2.86
France 448 0.88 0.45 0.25 0.59 0.78 1.07 3.33
Switzerland 488 0.84 0.33 0.25 0.63 0.78 1 2.86
Austria 346 0.94 0.37 0.25 0.67 0.88 1.15 2.5
Spain 200 0.87 0.36 0.26 0.66 0.79 1.06 2.5
Italy 217 1.05 0.42 0.29 0.77 1.04 1.25 2.86
Estonia 602 0.94 0.34 0.25 0.74 0.91 1.07 4
Czech Rep. 524 1.02 0.36 0.25 0.83 0.96 1.17 4
Slovenia 190 0.95 0.45 0.25 0.71 0.88 1.14 4
Total 4152 0.90 0.38 0.25 0.67 0.83 1.07 4



Figure 2.2.8: Scatter-plots missed days from work and effort-reward ratio by gender

Source: Wave 4 release 1.1.1

Figure 2.2.9: Scatter-plots effort-reward ratio and training probability by gender

Source: Wave 4 release 1.1.1
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Focusing on the impact of training participation on this job quality indicator, Figure 2.2.9 shows the

relationship  between  country-specific  average  of  the  effort-reward  ratio  and  the  probability  of

undertaking and educational or training course.

For women as well as for men there is a clear decreasing association between the two. As a matter

of fact, countries where attending a training course is more likely, tend to record lower average

values of the effort-reward ratio, highlighting a relative higher job satisfaction.

• Poor job quality:

The poor job quality indicator we have built refers to Dal Bianco's et al. (2014) as well, and it is a

particular specification of the effort-reward ratio.

We have  therefore  defined  a  dummy variable  equal  to  1  if  respondent's  effort-reward  ratio  is

included in the top tercile of his or her country-specific distribution, and 0 otherwise.

This indicator identifies the values of the effort-reward ratio relatively higher and, therefore, those

individuals who are involved in a relatively less satisfactory occupation.

2.3 Longitudinal dataset

2.3.1 The estimation sample

As already anticipated above, the longitudinal dataset, consisting of the last two waves of SHARE,

is suitable to estimate the Fixed Effects models of sickness absenteeism rate (with and without zero

values) on training participation,  as  well  as to  investigate  about  whether  training attendance in

wave4 is correlated with either changes in the employment's conditions or with a start of a new job,

occurred between wave4 and wave5 (see Section 2.2.2). In order to carry out those analysis we have

therefore only considered those respondents who have been first interviewed in 2010-2011 (wave4)

and then in 2013 (wave5), so that for each respondent there are two observations.

Accordingly, the estimation sample has been built in this way:

• Only respondents (women and men) both in wave4 and in wave5;

• Respondents aged 50 to 65 years old in wave4;

• Only employed both in wave4 and in wave5

• Only public or private employees (no self employed) both in wave4 and in wave5.
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Table 2.3.1 displays the number of observations in the sample divided by gender and country. 

The final estimation sample consists of 3172 women, corresponding to 55.1% of the overall sample,

and 2585 men, constituting the remaining 44.9%, for each of them two observations are recorded,

for a total of 11514 observations.

Table 2.3.1: Composition final estimation sample

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0

Looking deeper within the sample, it emerges that 74% of the respondents are private employees,

while the minority are public.

The great majority, more than 83%, works in the tertiary sector, about 12.5% in the secondary and

even less than 4% in the primary.

More than 4 out of 5 respondents have obtained at least an upper secondary education's diploma,

among  those,  almost  55% are  women.  Approximately 33.5% of  women and 25% of  men has

undertaken an educational or training course, for a total of 30% of the whole sample.

Men are more likely to work full-time than women, in fact, almost 44% of women have a part-time

work contract, against men's 14%.

About 78% of the sample lives with the partner or the spouse, only 10% of it has no children, while

slightly more than an half has any grandchild.

Regarding  the  health  status,  about  96% of  the  sample  has  never  experienced  limitations  with

activities  or  instrumental  activities  of  the  daily  life,  while  respectively  2.5%  and  3.6%  has

experienced only one. 

Approximately 72% has affirmed not to have any mobility, arm function or fine motor limitations,

but about 60% has declared to have had at least one chronic disease.
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Female Male Total
Country No. % No. % No.

Sweden 125 60.1 83 39.9 208
Denmark 279 51.7 261 48.3 540
Germany 85 58.6 60 41.4 145
Netherlands 198 52.7 178 47.3 376
Belgium 364 54.7 301 45.3 665
France 365 55.7 290 44.3 655
Switzerland 350 51 336 49 686
Austria 209 49.5 213 50.5 422
Spain 112 48.3 120 51.7 232
Italy 127 54 108 46 235
Estonia 609 64 343 36 952
Czech Rep. 248 55.4 200 44.6 448
Slovenia 101 52.3 92 47.7 193
Total 3172 55.1 2585 44.9 5757



2.3.2  Changes in employment characteristics

In this study we have considered changes in the employment situation occured between wave4 and

wave5 while training particpation is detected at the time of wave4, the aim is to investigate about

whether training is correlated with subsequent changes in the employment condition.

In particular, we have accounted for four possible changes in objective job's characteristics: type of

work contract (part-time or full-time), type of occupation, type of sector, and job performed.

• Type of work contract:

First of all, to gather information about the type of work contract, we have exploited a question

included in SHARE module “Employment and Pension”, asking respondents “Regardless of your

basic contracted hours9,  how many hours a week do you usually work in the main job, excluding

meal breaks, but including any paid or unpaid overtime?”

Therefore, we have created a dummy part-time taking value 1 if the number of hours worked per

week is lower than 36, and 0 otherwise.

Afterwards, we have generated another dummy variable, equal to 1 if a shift from part-time to full-

time, or vice versa, has occurred between wave4 and wave5, and 0 otherwise.

Tables 2.3.2 and 2.3.3 show respectively the percentage of female and male respondents who have

experienced a change in their type of work contract and who have not, by country.

Table 2.2.2: Changes in the type of work contract

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0

9 We did not  use the  question asking respondents  the  total  number  of  contracted  hours  per  week because  only
included in wave4.
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Females
No change Yes change Total

Country No. % No. % No.

Sweden 108 86.4 17 13.6 125
Denmark 246 88.2 33 11.8 279
Germany 79 92.9 6 7.1 85
Netherlands 185 93.4 13 6.6 198
Belgium 319 87.6 45 12.4 364
France 286 78.4 79 21.6 365
Switzerland 293 83.7 57 16.3 350
Austria 184 88 25 12 209
Spain 78 69.6 34 30.4 112
Italy 99 78 28 22 127
Estonia 517 84.9 92 15.1 609
Czech Rep. 229 92.3 19 7.7 248
Slovenia 94 93.1 7 6.9 101
Total 2717 85.7 455 14.3 3172



As Table 2.3.2 shows, there are substantial differences across countries concerning the distribution

of the dummy in the female sample. 

In fact, the probability of changing the type of work contract is relatively high in Spain (30.4%),

Italy (22%) and France (21.6%), while rather low in the Netherlands (6.6%), Slovenia (6.9%), and

in Germany (7.1%). 

Despite  that,  the  great  majority  of  respondents  across  countries  (85.7%  on  average)  has  not

experienced that type of change between wave4 and wave5.

As it is possible to see in Table 2.3.3, men are even less likely than women to experience a shift

from a part-time to a full-time contract (or vice versa).

The country-specific probabilities, in fact, averaging on 11.2%, range from a minimum of 3.3% in

Austria and 4.2% in Sweden, till a maximum of 20.7% and 21.3% respectively in France and Italy. 

Table 2.3.3: Changes in the type of work contract 

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0

Consistently, Figure 2.3.1 displays that, in most of countries considered, women are on average

more likely to experience a change in their type of work contract.

Mark differences can be seen especially in Spain, Austria and Switzerland, while very little gender-

gaps are reported in Belgium, France, Italy and Slovenia.

Some exceptions are Germany, the Netherlands and the Czech Republic where instead the inverse

trend is dominant and, therefore, men are more likely to change their type of work contract.
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Males
No change Yes change Total

Country No. % No. % No.

Sweden 76 91.6 7 8.4 83
Denmark 239 91.6 22 8.4 261
Germany 53 88.3 7 11.7 60
Netherlands 156 87.6 22 12.4 178
Belgium 266 88.4 35 11.6 301
France 230 79.3 60 20.7 290
Switzerland 308 91.7 28 8.3 336
Austria 206 96.7 7 3.3 213
Spain 100 83.3 20 16.7 120
Italy 85 78.7 23 21.3 108
Estonia 309 90.1 34 9.9 343
Czech Rep. 182 91 18 9 200
Slovenia 86 93.5 6 6.5 92
Total 2296 88.8 289 11.2 2585



Figure 2.3.1: Bar-graphs probability of changing  job's work contract 

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0

• Type of occupation:

Changes in the type of occupation are directly captured through a question included in  SHARE

module “Employment and Pension”, providing information on respondents' main job.

In SHARE wave4 and wave5, occupations are summarized into the following 10 groups:

1- Legislator, senior official or manager;

2- Professional;

3- Technicians or associate professional,

4- Clerk;

5- Service worker and shop and market sale;

6- Skilled agricultural and fishery worker;

7- Craft and related trades workers;

8- Plants and machine operator and assembler;

9- Elementary occupation;

10- Army forces.
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Thus, we have created a dummy variable, taking value 1 if the interviewee has changed his or her

type of occupation between wave4 and wave5, and 0 elsewhere.

Tables 2.3.4 and 2.3.5 show for each country, respectively for women and for men, the average

probabilities of experiencing a shift  from one of these category to another  between wave4 and

wave5.

According to Table 2.3.4, for women, country-specific average probabilities of changing occupation

are relatively low, never exceeding 10%, and their mean is 6.6%.

Table 2.3.4: Changes in type of occupation

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0

Table 2.3.5: Changes in type of employment

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0
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Females
No change Yes change Total

Country No. % No. % No.

Sweden 118 94.4 7 5.6 125
Denmark 251 90 28 10 279
Germany 82 96.5 3 3.5 85
Netherlands 185 93.4 13 6.6 198
Belgium 334 91.8 30 8.2 364
France 342 93.7 23 6.3 365
Switzerland 333 95.1 17 4.9 350
Austria 202 96.7 7 3.3 209
Spain 105 93.8 7 6.3 112
Italy 118 92.9 9 7.1 127
Estonia 567 93.1 42 6.9 609
Czech Rep. 234 94.4 14 5.6 248
Slovenia 92 91.1 9 8.9 101
Total 2963 93.4 209 6.6 3172

Males
No change Yes change Total

Country No. % No. % No.

Sweden 74 89.2 9 10.8 83
Denmark 225 86.2 36 13.8 261
Germany 55 91.7 5 8.3 60
Netherlands 160 89.9 18 10.1 178
Belgium 276 91.7 25 8.3 301
France 266 91.7 24 8.3 290
Switzerland 307 91.4 29 8.6 336
Austria 196 92 17 8 213
Spain 117 97.5 3 2.5 120
Italy 96 88.9 12 11.1 108
Estonia 313 91.3 30 8.7 343
Czech Rep. 191 95.5 9 4.5 200
Slovenia 89 96.7 3 3.3 92
Total 2365 91.5 220 8.5 2585



As displayed in Table 2.3.5, men are more likely than women to experience a change in the type of

occupation. 

In fact,  country-specific  average probabilities  range from a minimum of 2.5% in Spain (where

however  there  are  only 3  useful  observations,  therefore  probability  is  could  be  distorted)  to  a

maximum of 13.8% in Denmark, reaching, on average, the threshold of 8.5%.

The different  propensity of  men and women to change their  type  of  occupation,  can be better

understand through Figure 2.3.2.

On average,  in most  countries,  men are those who have shifted from an occupation to another

between wave4 and wave5. The only exceptions are represented by Spain, Czech Republic and

Slovenia.

Figure 2.3.2: Bar-graphs probability of changing  the type of occupation

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0
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• Type of sector:

Potential shifts in the type of occupational sector, likewise changes in the type of occupation, have

been captured by means of a question included in SHARE module  “Employment and Pension”,

asking respondents “What kind of business, industry or services do you work in?". 

In both SHARE waves considered, industries are classified in this way:

1- Agriculture, hunting, forestry and fishing (primary sector);

2- Mining and quarrying (secondary sector);

3- Manufacturing (secondary sector);

4- Electricity, gas and water supply (tertiary sector);

5- Construction (tertiary sector);

6- Wholesale and retail trade,  repair of motor vehicles, motorcycles and personal and household

goods (tertiary sector);        

7- Hotels and restaurants (tertiary sector);

8- Transport, storage and communication (tertiary sector);

9- Financial intermediation (tertiary sector);

10- Real estate, renting and business activities (tertiary sector);

11- Public administration and defence; compulsory social security (tertiary sector);

12- Education (tertiary sector);

13- Health and social work (tertiary sector);

14- Other community, social and personal service activities (tertiary sector).

We have generated a dummy variable taking value 1 if respondents have experienced a change in

the working industry between wave4 and wave5, and 0 otherwise.

As reported by Table 2.3.6, the probability of experiencing a change in the occupational sector is

relatively low for women, ranging across countries from a minimum of 3% in the Netherlands to a

maximum of 11.4% in Denmark. 

The  overall  average  is  only  5.8%,  meaning  that  almost  95%  of  the  female  sample  has  not

experience such a change.

As  reported  by  Table  2.3.7,  men  are  averagely  more  likely  than  women  to  shift  from  an

occupational sector to another,  especially in the Northern countries. In fact,  the overall average

probability across countries is 6.7%.

However this result is mainly due to the marked different probability between genders registered in

Germany: 8.2% for women, while 16.7% for men (more than double).
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Table 2.3.6: Changes in job's sector 

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0

Table 2.3.7: Changes in job's sector

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0

The four bar-graphs illustrated in Figure 2.3.3 help to see what just said.

As a  matter  of  fact,  across  countries,  the average probabilities  of  experiencing changes  in  the

occupational sector between genders do not differ a lot, except for few countries: Germany indeed

and the Netherlands.

71

Females
No change Yes change Total

Country No. % No. % No.

Sweden 112 89.6 13 10.4 125
Denmark 248 88.9 31 11.1 279
Germany 78 91.8 7 8.2 85
Netherlands 192 97 6 3 198
Belgium 346 95.1 18 4.9 364
France 350 95.9 15 4.1 365
Switzerland 323 92.3 27 7.7 350
Austria 204 97.6 5 2.4 209
Spain 107 95.5 5 4.5 112
Italy 118 92.9 9 7.1 127
Estonia 577 94.7 32 5.3 609
Czech Rep. 239 96.4 9 3.6 248
Slovenia 95 94.1 6 5.9 101
Total 2989 94.2 183 5.8 3172

Males
No change Yes change Total

Country No. % No. % No.

Sweden 74 89.2 9 10.8 83
Denmark 236 90.4 25 9.6 261
Germany 50 83.3 10 16.7 60
Netherlands 164 92.1 14 7.9 178
Belgium 284 94.4 17 5.6 301
France 278 95.9 12 4.1 290
Switzerland 312 92.9 24 7.1 336
Austria 201 94.4 12 5.6 213
Spain 114 95 6 5 120
Italy 100 92.6 8 7.4 108
Estonia 314 91.5 29 8.5 343
Czech Rep. 194 97 6 3 200
Slovenia 91 98.9 1 1.1 92
Total 2412 93.3 173 6.7 2585



Figure 2.3.3: Bar-graphs probability of changing job's sector 

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0

• Start of a new job:

Eventually, with these last dummy variables we want to investigate about whether training affects,

or not, job attachment. In order to carry out this analysis we have exploited other two questions in

SHARE module “Employment and Pension”, the first asking employed respondents “in which year

they started their current main job”, the second asking the same respondents the year in which they

have been interviewed at the time of wave4.

Therefore, should the job declared in wave5 be started before the interview's year in wave4, then

any change in the type of job performed has occurred.

Hence, we have built a dummy variable taking value 1 if the employment claimed in wave5 has

begun after 2011, and 0 otherwise. 

Then, we have generated a second version of this dummy variable, excluding the 2011 year in the

useful period of time in which a change of job may occur (from 2012 on).

Table 2.3.8 displays female average probabilities of changing job (first version) across countries,
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between wave4 and wave5.

Country-specific probabilities vary significantly, ranging from a minimum of 1.2% in Italy to a

maximum of almost 20% in Denmark. The overall average is of 7.4%. 

Table 2.3.8: Change of job by training participation (first version)

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0

Table 2.3.9: Change of job by training participation (first version)

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0

As shown by Table 2.3.9, on average, men seem more likely to change job than women, reporting

an overall average across countries of 8.5%.

However, likewise women, the country-specific probabilities' range is rather broad, passing from
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Females
No change Yes change Total

Country No. % No. % No.

Sweden 46 83.6 9 16.4 55
Denmark 155 80.3 38 19.7 193
Germany 18 72 7 28 25
Netherlands 123 93.9 8 6.1 131
Belgium 297 96.1 12 3.9 309
France 284 95.9 12 4.1 296
Switzerland 255 88.9 32 11.1 287
Austria 191 94.6 11 5.4 202
Spain 85 95.5 4 4.5 89
Italy 82 98.8 1 1.2 83
Estonia 566 92.9 43 7.1 609
Czech Rep. 212 95.1 11 4.9 223
Slovenia 96 95 5 5 101
Total 2410 92.6 193 7.4 2603

Males
No change Yes change Total

Country No. % No. % No.

Sweden 32 82.1 7 17.9 39
Denmark 140 79.1 37 20.9 177
Germany 13 65 7 35 20
Netherlands 106 89.1 13 10.9 119
Belgium 242 94.5 14 5.5 256
France 238 96.7 8 3.3 246
Switzerland 260 90.9 26 9.1 286
Austria 202 96.7 7 3.3 209
Spain 87 94.6 5 5.4 92
Italy 84 100 0 0 84
Estonia 301 87.8 42 12.2 343
Czech Rep. 162 92.6 13 7.4 175
Slovenia 90 97.8 2 2.2 92
Total 1957 91.5 181 8.5 2138



even 0% in Italy to 17.9% in Sweden and 20.9% in Denmark.

Results are even clearer if looking at the bar-graphs outlined in Figure 2.3.4, representing female

and male average probabilities of changing their job (first version).

In  this  case,  marked  differences  arise  between  Northern  countries  (Sweden,  Denmark  and

Germany), where the probabilities of changing job are relatively high for both genders, and all the

other countries. In any case, significant differences between men and women are not registered.

Figure 2.3.4: Bar-graphs probability of changing job (first version)

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0

Tables 2.3.10 and 2.3.11 show the probability of changing job (second version) across countries,

respectively for women and men.

By excluding year 2011 from the useful period of time in order to experience a change in the job

performed, the average total probability is reduced, both concerning the female sample (4.9%) and

the that of men (5.1%). However, men are still slightly more likely to change job.
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Table 2.3.10: Change of job by training participation (second version)

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0

Table 2.3.11: Change of job by training participation (second version)

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0

Figure 2.3.5 shows the bar-graphs representing female and male average probabilities of changing

their job, in the second version.

What said before about the first version holds also in this case: relatively higher probabilities in the

Northern countries for both genders, always exceeding the 10%, while lower values in the other

countries for men as well as for women.
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Females
No change Yes change Total

Country No. % No. % No.

Sweden 48 87.3 7 12.7 55
Denmark 162 83.9 31 16.1 193
Germany 22 88 3 12 25
Netherlands 126 96.2 5 3.8 131
Belgium 304 98.4 5 1.6 309
France 286 96.6 10 3.4 296
Switzerland 266 92.7 21 7.3 287
Austria 194 96 8 4 202
Spain 88 98.9 1 1.1 89
Italy 83 100 0 0 83
Estonia 580 95.2 29 4.8 609
Czech Rep. 216 96.9 7 3.1 223
Slovenia 100 99 1 1 101
Total 2475 95.1 128 4.9 2603

Males
No change Yes change Total

Country No. % No. % No.

Sweden 35 89.7 4 10.3 39
Denmark 153 86.4 24 13.6 177
Germany 13 65 7 35 20
Netherlands 110 92.4 9 7.6 119
Belgium 252 98.4 4 1.6 256
France 240 97.6 6 2.4 246
Switzerland 271 94.8 15 5.2 286
Austria 205 98.1 4 1.9 209
Spain 90 97.8 2 2.2 92
Italy 84 100 0 0 84
Estonia 318 92.7 25 7.3 343
Czech Rep. 168 96 7 4 175
Slovenia 91 98.9 1 1.1 92
Total 2030 94.9 108 5.1 2138



Figure 2.3.5: Bar-graphs probability of changing job (second version)

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0
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Chapter 3: The results

3.1 Sickness absenteeism

3.1.1 Cross-sectional analysis

The analysis carried out in this section are based on the sample of 8950 older workers (aged 50-65

years  old),  4798 women (53.6%) and 4152 men  (46.4%),  resident  in  one  of  the  13  European

countries present in both wave4 and wave5 of SHARE. All respondents, interviewed in wave4, are

either  public  or  private  employees.  Moreover,  the  analysis  are  conducted  for  men and women

separately in order to take into account cross-gender heterogeneity in labour market participation.

In this  part,  the dependent variables we consider are the two versions of sickness absenteeism,

reporting the number of  missed  days  from work because of  health  in  the past  twelve months,

respectively including and excluding the zero values. 

The first step of the strategy that we have used in order to investigate and empirically analyse the

effect of training participation on workplace absenteeism due to sickness, is to estimate equation

(1), through the Ordinary Least Square (OLS) method.

Firstly, we have run a set of regressions on the full estimation sample, the one also including those

individuals who have not missed any day from work because of health, and then we have run a

second set of regressions on the restricted sample of individuals who have missed at least one day.

Yi = Xiß +ƮiƔ + Ɛi                                                     (1)

Where Yi  stands for the number of sick-days missed from work of individual i. Xi denotes a vector

of  exogenous  observed  individual  characteristics  related  to  demography,  socio-economic

conditions, health status and job characteristics.  Ʈi  is the key regressor of our model, being the

training dummy, equal to 1 if individual i has attended an educational or training course in the last

twelve months before the interview, and 0 otherwise. Lastly, Ɛi is the random error term, which is

assumed to be robust, hence we have admitted the possibility that it could be heteroskedastic.

Therefore,  our parameter of major interest  results  to  be  Ɣ,  since,  should the error  term not be

correlated with training, it would measure the causal effect of training on the expected value of the
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number of missed days from work due to sickness.

Table 3.1.1 reports the summary statistics (mean and standard deviation) of the variables included in

the analysis, for men and women separately.

Table 3.1.1: Descriptive analysis of controls 

Source: Wave 4, release 1.1.1
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Female Male
VARIABLE Mean Std. Dev Mean Std. Dev
Sweden 0.029 0.169 0.025 0.156
Denmark 0.073 0.260 0.074 0.262
The Netherlands 0.054 0.227 0.054 0.226
Belgium 0.107 0.310 0.107 0.310
Germany 0.016 0.125 0.013 0.115
France 0.016 0.125 0.013 0.115
Switzerland 0.112 0.316 0.108 0.310
Austria 0.105 0.306 0.118 0.322
Spain 0.076 0.266 0.083 0.276
Italy 0.034 0.181 0.048 0.214
Estonia 0.042 0.200 0.052 0.223
Czech Republic 0.192 0.394 0.145 0.352
Slovenia 0.118 0.323 0.126 0.332
Age 0.041 0.199 0.046 0.209
Age 2̂ 310.455 41.848 316.875 42.642
Education 0.794 0.404 0.778 0.416
Household size 2.354 1.018 2.591 1.108
Partner in the household 1.503 0.868 1.300 0.714
Number of children 2.019 1.177 2.085 1.256
Number of grandchildren 1.251 1.863 1.108 1.846

0.247 0.432 0.246 0.431
0.251 0.433 0.264 0.441
0.254 0.435 0.257 0.437
0.248 0.432 0.233 0.423

Adl 0.052 0.336 0.047 0.301
Iadl 0.074 0.360 0.046 0.295
Chronic 1.023 1.139 1.043 1.127
Mobility 0.744 1.377 0.459 1.094
Body Mass Index 0.461 0.499 0.292 0.455

Occupation 1 0.188 0.390 0.237 0.425
Occupation 2 0.364 0.481 0.284 0.451
Occupation 3 0.339 0.473 0.398 0.490
Occupation 4 0.109 0.312 0.081 0.273
Primary sector 0.026 0.161 0.055 0.229
Secondary sector 0.087 0.282 0.188 0.391
Tertiary sector 0.886 0.318 0.757 0.429
Private employee 0.825 0.380 0.854 0.353
Part-time 0.418 0.493 0.152 0.359

1st household wealth quartile
2nd household wealth quartile
3rd household wealth quartile
4th household wealth quartile



We have carried out three empirical specifications of equation (1) in which we have progressively

added new controls  to  the vector  Xi.  Therefore,  the vector  Xi  allows to control  for  individual

characteristics (country dummies, age, education, household composition, number of children and

grandchildren,  and  household  wealth),  health  status  (adl,  iadl,  chronic,  body  mass  index  and

mobility)  and  occupational  characteristics  (type  of  occupation  and  industry,  public  or  private

employment and type of work contract, part-time or full-time).

In the first specification (a),  Xi  includes dummy variables for the country of residence (Sweden

(SE),  Denmark  (DK),  Germany  (DE),  the  Netherlands  (NL),  Belgium  (BE),  France  (FR),

Switzerland (CH),  Austria (AT),  Spain (ES),  Italy (IT),  Estonia (EE),  Czech Republic (CZ)  and

Slovenia  (SL)),  both  a  first  and a  second-order  polynomial  for  age  (age  and age2),  a  dummy

variable  for education based on the International  Standard Classification of Education (ISCED)

(education),  a  dummy  about  whether  the  respondent  lives  with  the  partner  or  the  spouse

(partnerinhh), the composition of the household (hhsize), the number of children and grandchildren

(nchild and n_gchild respectively), and the dummies for quartiles of household's net wealth (1st  2nd

3rd 4th household wealth quartile respectively).

Individual heterogeneity is not the only thing we wanted to control, therefore, country dummies

have been included to account for differences in institutional characteristics, in fact the parameters

on these variables are able to capture the effect of the different legislations on sickness absenteeism.

As  shown in  Chapter  1,  national  legislations  about  protection  of  ill-workers  vary substantially

across countries in terms of paid sick leave indeed.

The dummy variable for education is equal to 1 (high education) if respondents have declared to

own either an upper secondary education (3° level), or a post-secondary non-tertiary education (4°

level) or a first or second stage of tertiary education (5° and 6° level). The other way round, the

variable takes value 0 (low education) if respondents have either a pre-primary education (level 0),

or both a primary or a first stage of basic education (1° level), or both a lower secondary or a second

stage of basic education (2° level). It is important to control for the level of education since, as

shown by the literature, regardless the type of education, higher educated individuals records, on

average, a lower number of absent days from work due to illness (Joensuu & Lindström, 2003).

Household's net wealth consists of the summation of household's real assets, net of any debts on

them, and net financial assets. The four dummies of quartiles generated take value 1 if the wealth's

value falls within the first, the second, the third or the fourth quartile respectively of the country-

specific distribution, and 0 otherwise.

With the second specification (b) we have added controls for the health status, specifically:  adl,

iadl,  chronic,  mobility and  bmi.  Including in the model a set of indicators of physical health is
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fundamental, in the first place because people's health status is one of the main determinants rising

sickness absenteeism (Joensuu & Lindström, 2003; Loeppke et al., 2009; Mitchell & Bates, 2011).

And secondly because  physical  health  is  likely to  affect  individuals'  choice  of  training,  as  ill-

workers might be unable to attend for instance, but the reverse relation is difficult to occur.

As already mentioned, adl stands for older people's number of limitations with activities of daily

living10, while  iadl reports  how many limitations  respondents  have  with  everyday instrumental

activities11.

The variable chronic controls for the number of chronic diseases interviewees have claimed to have

had in their  life,  for  instance an heart  attack,  high blood pressure or  hypertension,  high blood

cholesterol, a stroke or cerebral vascular disease, diabetes or high blood sugar, chronic lung disease,

arthritis,  cancer  or  malignant  tumour,  stomach  or  duodenal  ulcer  or  peptic  ulcer,  Parkinson's

disease, cataracts, fractures and Alzheimer's disease, dementia, senility or any other serious memory

impairment.

With the control  mobility we account for respondents'  number of limitations with mobility,  arm

function and fine motor function.

Lastly, we have defined a dummy variable for the body mass index (bmi), taking value 1 if the value

of bmi is normal (from 18.5 to 24.9), taking instead value 0 if it reports either underweight (below

18.5) or both overweight (from 25 to 29.9) and obesity (above 30).

Eventually, with the last specification of the model (c), we have joined job-related controls, such as

dummies for the occupation (dummy_occ1, dummy_occ2, dummy_occ3 and dummy_occ4), for the

work industry (dummy_primary, dummy_secondary and dummy_tertiary), a dummy about whether

respondents are public or private employees (private employees), and a dummy for the type of work

contract (part_time). In fact, sickness absenteeism has been found having different rates according

to the type of job performed and the active occupational sector (Markussen, 2011). In the public

sector, for instance, absenteeism rates are used to be higher (Joensuu & Lindström, 2003).

The four dummy variables we have defined concerning the type of employment are based on the

International Standard Classification of Occupations (ISCO) code.

The first is equal to 1 if respondent's job is included in the category “Legislator, senior official or

manager”, 0 otherwise. The second takes value 1 if respondent's job is part of either the category of

10 Walking 100 metres, sitting for about two hours, getting up from a chair after sitting for long periods, climbing
several flights of stairs without resting, climbing one flight of stairs without resting, stooping, kneeling, or crouching,
teaching or extending your arms above shoulder level, pulling or pushing large objects and lifting or carrying weights
over 10 pounds or 5 kilos.
11 Such as dressing, walking across a room, bathing or showering, eating, getting in or out of bed, using the toilet, using
a map, preparing a hot meal, shopping for groceries, making telephone calls, taking medications, doing work around the
house or garden and managing money.
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“Technician  or  associate  professional” or  “Clerk” or  “Armed forces”,  0  otherwise.  The third

dummy is equal to 1 if respondent's job refers to one of these categories: “Service worker and shop

and market sale”, “Skilled agricultural or fishery worker”, “Craft and related trades worker” and

“Plant and machine operator or assembler”. The last one takes value 1 only if the respondent has

an “Elementary Occupation”, and 0 in all other cases. Therefore they range from more qualified to

less qualified occupations.

Then, we have created other three dummy variables referring to respondents' occupational sector.

The first, called primary sector, is equal to 1 if the active industry is either part of  “Agriculture,

hunting, forestry and  fishing” or “Mining and quarrying”, the secondary sector's dummy instead is

set equal to 1 if the respondent works in the “Manufacturing”. While the tertiary sector's dummy

involves a broader range of industries, in fact, it takes value 1 if one of these sectors is selected:

“Electricity, gas and water supply”, “Construction”, “Wholesale and retail trade”, “Hotels and

restaurants”, “Transport, storage and communication”, “Financial intermediation”, “Real estate,

renting and business activities”, “Public administration and defence”, “Education”, “Health and

social work” and “Other community, social and personal service activities”.

In  conclusion,  we  have  created  a  dummy variable  capturing  whether  respondents  are  private

employees, in this case the variable will be equal to 1, or public, so the variable will take value 0.

And another dummy which takes value 1 in case the respondent has a part-time work contract (36

worked hours or less per week), and 0 in case of full-time work contract (more than 36 worked

hours per week).

Afterwards, we have run the regression of the number of missed days from work due to illness, first

including and then excluding the zero values,  on training,  in  the three specifications described

above, thus accounting for a progressively richer set of controls.

In  order  to  avoid  the  so  called  “dummy  variable  trap”,  which  usually  leads  to  perfect

multicollinearity, a scenario in which two or more independent variables are highly correlated, we

have omitted one dummy of country (e.g. Germany), one dummy of wealth (the one for the 4 th

quartile),  one  dummy  of  occupation  (e.g.  dummy_occ1)  and  one  dummy  of  sector  (e.g.

dummy_primary).  The omitted variables identify the baseline groups with respect to which the

dummies included in the model are compared.

Table 3.1.2 reports the results of the OLS regressions of sickness absenteeism on training (including

zero values), estimated in the three different specifications, for men and women separately (see

Appendix A.1 for the complete table of results).
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Table 3.1.2: OLS regressions of sickness absenteeism on training 

(Including zero values)

Note: Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Source: Wave 4, release 1.1.1

Findings  differ  substantially  between  genders.  In  fact,  for  women,  the  impact  of  training

participation on the number of absent days because of illness is negative and statistically significant

at the 1% level in all specifications. With the first set of controls, training has been found decreasing

female absenteeism of about 3.2 days, then, when controlling for the health status, its impact is

slightly reduced of 0.3 days, and lastly when controlling for job-related characteristics, training's

influence stabilizes around -2.8 absent days. The overall impact is not small, in fact, considering an

average of 9.77 days, those reductions corresponds to 32.3% in (a), 29.5% in (b) and 28.1% in (c).

The other way round, despite the association between training and male absenteeism rate caused by

illness is still negative, it is not statistically significant in any specification.

A possible way to interpret this result is by considering that women tend to have a more elastic

labour supply than men. It follows that, for females, the substitution effect prevails, while for men,

the income effect.

Another factor that may have influenced this result is the higher frequency of zero values in the

male distribution rather than in the female, more than 68% of men against about 62% of women.

As shown in Table 3.1.3, by excluding the zero values, the correlation between training and female

sickness absenteeism rate continues being statistically significant at 1% level and becomes more

sizeable (the full table of results is show in Appendix A.2). In fact, training is associated with a

reduction of almost 10 days of  total number of absent days from work in the specification with less

controls, among those women who have missed at least one day from work due to illness.

This impact slightly drops to -9.3 absent days when controlling for the health status, and it is further

reduced to -8.3 days, when job-related controls are added to the model. 

With an  average of  27.26 absent  days,  these  reductions correspond to rather  high percentages:

36.2% in (a), 34% in (b) and 30.3% in (c).
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Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training -3.158*** -2.885*** -2.750*** -1.016 -1.255 -1.274
(0.828) (0.814) (0.829) (0.886) (0.868) (0.878)

individual characteristics Yes Yes Yes Yes Yes Yes
health indicators Yes Yes Yes Yes
occupational characteristics Yes Yes
Observations 4798 4798 4798 4152 4152 4152
R-squared 0.021 0.077 0.078 0.01 0.077 0.082



Table 3.1.3: OLS regressions of sickness absenteeism on training  

(Excluding zero values)

Note: Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Source: Wave 4, release 1.1.1

For males, in the first two specifications, training has been found having a statistically significant

negative correlation with sickness absenteeism (at a 5% level), since the latter is reduced of about

4.7 days. In specification (c) training keeps having a statistically significant negative association

with absenteeism (at a 10% level), barely reduced to almost 4 less absent days.

Training's influence is less strong for men than for women, in fact, also considering their lower

average of 25.83 days (almost 1.5-day gap), these decrements correspond to 18.4% in (a), 18.1% in

(b) and 15.4% in (c).

Therefore, in both cases we have found that the parameter on training reflects a negative correlation

between training and sickness absenteeism, net of all the other controls, especially for women.

A problem concerns a relevant lack of the OLS method. In fact, the estimation of equation (1) is not

consistent in case training, conditional on the set of the other explanatory variables, is correlated

with the error term. In this  case,  therefore,  we cannot talk about a causal effect of training on

sickness absenteeism, but only of correlation.

This issue may occur when unobserved individual characteristics are correlated with training and,

due to their potential omission, can lead to biases of the effect of training on workers' absenteeism

rate. The sign of this distortion depends on the correlation between training and the unobserved

variable, and the impact of the latter on sickness absenteeism.

The different levels of individuals' attachment to the labour market, of their disutility resulting from

the time spent working, and of their interest for work, are some examples. 

In fact, they can both affect the choice of undertaking a training course and workplace absenteeism:

those who have a greater passion, utility and interest for work are typically more likely to invest in

training, but also less willing to miss days from work.

In this study it is not possible to control for such variables, as data are not able to detect them and,

83

Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training -9.857*** -9.280*** -8.273*** -4.749** -4.672** -3.985*
(2.072) (2.048) (2.058) (2.377) (2.326) (2.333)

individual characteristics Yes Yes Yes Yes Yes Yes
health indicators Yes Yes Yes Yes
occupational characteristics Yes Yes
Observations 1785 1785 1785 1325 1325 1325
R-squared 0.052 0.102 0.105 0.04 0.095 0.105



therefore, OLS estimations of absenteeism on training could be inconsistent, as the error term might

be correlated with training.

Literature  provides  evidence  of  how this  type  of  problem can  be  overcome by estimating  the

equation of interest through the Fixed Effects method, for instance. This method, in fact, allows to

control for individual unobserved characteristics affecting both sickness absenteeism and training,

provided that they do not change over time, by adding a time-invariant component (Ƞi) within the

error term Ɛi,t  (Wooldridge, 2002).

3.1.2  Longitudinal analysis

Fixed Effects regressions are run on the sample consisting of 3172 women (55.1%) and 2585 men

(44.9%), for each of them there are two observations,  one referring to wave4 and the other  to

wave5, for a total, therefore, of 11514 observations. As already mentioned, have been taken into

account only respondents employed as public or private employees in both wave4 and in wave5,

aged from 50 to 65 years at the time of wave4.

Equation (2) identifies the estimation model we have used for the Fixed Effect regressions.

Yi,t = Xi,tß +Ʈi,tƔ + Wt + Ƞi  + Ɛi,t                                              (2)

Where Wt stands for the dummy of wave, taking value 1 if the observation refers to wave4, equal to

0 if instead it refers to wave5. This control takes into account any possible time-variant shock of

macroeconomic conditions, among which changes in the sickness absenteeism rates. 

Ƞi is  the  time  invariant  component  including  all  individual  fixed  effects,  net  of  which  the

estimations are carried out.

Tables 3.1.4 and 3.1.5 report the results of the Fixed Effect regressions of the number of missed

days  from work for  sickness,  first  including zero values  and then excluding them, on training,

estimated for females and males separately (Tables A.3 and A.4 in the Appendix report respectively

the complete table of results of the two sets of regressions). 

In both cases,  standard errors are  robust,  while,  to  avoid multicollinearity,  we have omitted all

countries' dummy variables as well as the education's one, being time-invariant.  
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Table 3.1.4:Fixed Effects regressions of sickness absenteeism on training  

(including zero values)

Note: Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0

Results show that, also by controlling for unobservable individual characteristics, training has a

significant role in determining the amount of women's absent days from work because of illness. In

fact,  in  all  three  specifications,  training's  parameter  has  been  found  negative  and  statistically

significant at a 5% level, ranging from about -2.3 days in the first and in the second specification, to

-2.4  days  in  the  third.  These  decrements,  considering the  female  average of  8.75  absent  days,

coincides with 26.2% in (a), 25.9% in (b) and 27.7% in (c). 

In addition, in all specifications training's impact is lower than the one in the OLS regressions. 

The  other  way round,  training's  coefficient  for  men  has  been  found  positive,  neither  sizeable

(always included between 0.5 and 0.8), nor statistically significant.

These trends are confirmed also when excluding the zero values (see Table 3.1.5).

Table 3.1.5: Fixed Effects regressions of sickness absenteeism on training 

(excluding zero values)

Note: Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0
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Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training -2.294** -2.266** -2.428** 0.781 0.504 0.665
(1.164) (1.149) (1.125) (1.179) (1.175) (1.189)

individual characteristics Yes Yes Yes Yes Yes Yes
health indicators Yes Yes Yes Yes
occupational characteristics Yes Yes
Observations 6344 6344 6344 5170 5170 5170
R-squared 0.005 0.015 0.02 0.007 0.026 0.03
Number of id 3172 3172 3172 2585 2585 2585

Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training -7.543* -7.856** -8.488** 2.855 3.314 3.249
(3.948) (3.886) (3.815) (4.667) (4.619) (4.736)

individual characteristics Yes Yes Yes Yes Yes Yes
health indicators Yes Yes Yes Yes
occupational characteristics Yes Yes
Observations 2436 2436 2436 1816 1816 1816
R-squared 0.021 0.038 0.046 0.036 0.067 0.07
Number of id 1767 1767 1767 1343 1343 1343



Training has been discovered reducing women's workplace absenteeism because of illness of 7.5

days in the first specification, of about 7.8 days when controlling for the health status, and of almost

8.5 days when accounting for job-related characteristics. Given an average of 22.78 absent days,

these decrements correspond to 33.1% in (a), 34.5% in (b) and 37.3% in (c). 

While in the first two specifications training's impact is lower than that in the OLS regressions, in

the last one occurs the opposite. Coefficients are statistically significant at a 5% level, except for (a)

in which the coefficient is significant at the 10% level.

Conversely, men's coefficients of training are still greater than 0 and statistically not significant.

Recapping, we have discovered that training participation does reduce the number of missed days

from work because of  illness,  but  only for  women.  This  result  has  been confirmed also when

controlling for unobservable individual characteristics through the Fixed Effects estimation.

We can interpret  the  results  obtained through the  Fixed Effects  estimation  in  causal  terms,  by

assuming that the unobserved individual characteristics do not change over time.

An issue with the Fixed Effect method is that it is not able to account for unobservable transitory

shocks in the individual fixed effects which have an impact on both workplace absenteeism and

workers' decision to train or not12.

3.2 Perceived job quality 

Proven that attending an educational or training course reduces the number of missed from work

due  to  illness  of  older  workers,  we  wonder  what  are  the  channels  through  which  this  effect

manifests  itself.  The  literature  provides  evidence  showing  that  workplace  sickness  absenteeism

reflects the quality of the job, more specifically, perceived poor job quality and job dissatisfaction

are likely to result in an higher number of absent days from work because of health  (Drago &

Wooden, 1992; Vaananen, 2003; Jones et al., 2008; Clark, 2015). 

Therefore, by exploiting data from SHARE wave4, we investigate about whether  job quality could

be one reason for the effect of training on sickness absenteeism. In particular, we use the sample

wave4 in order to carry out a cross-sectional analysis, by regressing the three job quality indicators

already seen in Chapter 2 (job satisfaction, effort-reward ratio and poor job quality) on the dummy

of training as well as the same controls utilised before. The error terms are still robust. 

12 This type of endogeneity can be dealt with an Instrumental Variables approach.

86



Table 3.2.1 presents the results of the OLS regressions of respondents' perceived job satisfaction on

training, estimated for males and females separately, in the three specifications (see Appendix A.5

for the full table of results).

Training participation has been found having a statistically significant positive correlation with job

satisfaction13. In fact, for both women and men, having attended a training course is associated with

improvements in their job satisfaction, which, however they are more sizeable for females.

In particular, concerning women, in (a) and (b) are registered rises of 0.094, 0.092 respectively, at

the significance level of 1%, while in (c) there is a smaller increase of 0.052, at the significance

level  of  5%.  Considering  that  job  satisfaction  is  measured  on  a  4-point  scale  from 1  (strong

dissatisfaction) to 4 (strong satisfaction), and that its average is 3.35, those increments correspond

to 2.8%, 2.7% and 1.6% respectively in the three specifications.

Focusing on men instead, in (a) and (b) are recorded rises of 0.070 and 0.071 respectively at the

statistical  significance  of  1%,  whereas  in  (c)  the  growth  is  only  of  0.043  and  the  statistical

significance  reduces  to  10%.  Provided  a  job  satisfaction's  average  of  3.33,  these  increases

correspond to 2.1% in (a) and (b) and 1.3% in (c).

Table 3.2.1: OLS regressions of  job satisfaction on training 

Note: Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Source: Wave 4, release 1.1.1 

Table 3.2.2 shows the results of the OLS regressions of the effort-reward ratio on training, estimated

for females and males separately, in the three specifications used for the previous regressions (the

complete table of results is in the Appendix A.6).

13 By estimating the ordered probit model, a model dealing with discrete, qualitative and ordinable dependent variables,
we have found that the sign and the significance of training's coefficients in all specifications, for men and for women,
do not change.
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Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training 0.094*** 0.092*** 0.052** 0.070*** 0.071*** 0.043*
(0.021) (0.021) (0.022) (0.023) (0.023) (0.023)

individual characteristics Yes Yes Yes Yes Yes Yes
health indicators Yes Yes Yes Yes
occupational characteristics Yes Yes
Observations 4798 4798 4798 4152 4152 4152
R-squared 0.05 0.059 0.075 0.067 0.073 0.088



Table 3.2.2: OLS regressions of effort-reward ratio on training

Note: Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Source: Wave 4, release 1.1.1

On the  basis  of  these  results,  for  both  men  and  women,  participation  in  training  activities  is

correlated with lower effort and/or higher reward related to the job tasks performed.

In particular,  training is associated with reductions in women's  ratio of 0.068, 0.067 and 0.026

respectively in the three specifications. Therefore, job-related variables seems to weaken training's

association with sickness absenteeism and, in fact, in the last specification the level of statistical

significance passes from 1% to 5%. Provided an effort-reward ratio's average of 0.887 for women,

doing training reduces the effort-reward ratio, on average, of 7.7% in (a), 7.8% in (b) and 3% in (c).

The same trend occurs for men's ratio, which is reduced of 0.068 in (a) and in (b), and 0.028 in (c)

where the level of statistical significance switches from 1% to 5%. Given a men's average of 0.902,

such decreases correspond to 7.4%, 7.6% and 3.1% respectively in the three specifications.

Eventually, Table 3.2.3 reports the estimation coefficients and the standard deviations resulting from

the  OLS regressions  of  the  indicator  of  perceived  poor  job  quality  on  training,  for  males  and

females distinctly,  in the three specifications considered (the complete table of results  is  in the

Appendix A.7).

Also  in  this  case,  for  both  men  and  women,  participation  in  training  activities  has  a  negative

correlation with poor job quality, although its incidence is stronger for men than for women.

More precisely, female probability of experiencing poor job quality is associated with a reduction

of 8.1 percentages points in (a), 8 in (b) and 3.6 in (c), while male probability is associated with a

reduction of 9.1 percentages points in (a) and (b), while 4.5 in (c). Like the effort-reward ratio, in

the third specification job-related covariates decrease the association between training and this job

quality indicator in the female sample, and the level of statistical significance passes from 1% to

5%.
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Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training -0.068*** -0.067*** -0.026** -0.068*** -0.068*** -0.028**
(0.011) (0.011) (0.011) (0.013) (0.013) (0.013)

individual characteristics Yes Yes Yes Yes Yes Yes
health indicators Yes Yes Yes Yes
occupational characteristics Yes Yes
Observations 4798 4798 4798 4152 4152 4152
R-squared 0.077 0.092 0.151 0.08 0.086 0.157



Table 3.2.3: OLS regressions of poor job quality on  training

Note: Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Source: Wave 4, release 1.1.1

Briefly, we have found that, consistently with the literature, training is strongly positively correlated

with  perceived  job  quality,  both  for  men  and  women.  In  particular,  an  higher  probability  of

participating in training activities is associated with a rise of job satisfaction, an improvement in the

effort-reward ratio and a reduction of poor job quality.

These results  can support the hypothesis  that the effect of training on sickness absenteeism for

women is also due to this channel. However, we have found this strong association also for men, for

whom we did not discover the effect on absenteeism. However there is a literature showing that

women are more sensitive to changes in the workplace conditions (Vaananen et al., 2003).

However, we can only report a correlation between training and job quality, not a causal effect. 

In fact, as seen in the previous sections, there might be unobserved variables (e.g. the interest for

work) that are likely to affect both training and job quality. Those workers who have a greatest

interest for work, for instance, might find the same occupation more pleasant and grateful, at the

same conditions.

If  this  is  the  case,  the  OLS estimations  of  the  regressions  of  job  quality  on  training  are  not

consistent, as the OLS estimator is not able to estimate reliably the causal effect of training on job

quality, but they remain informative in terms of correlation. Therefore, the parameter on training

reflects the correlation between training and job quality net of all the other controls.

Furthermore, we cannot exclude that the effect of training on sickness absenteeism might manifest

itself through channels different from perceived job quality. However, we focus on this particular

channel  since,  on the one hand, the literature shows that  it  is  a  very important  determinant  of

sickness absenteeism, on the other hand, because in our data we have some useful indicators of it.
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Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training -0.081*** -0.080*** -0.036** -0.091*** -0.091*** -0.045***
(0.014) (0.014) (0.015) (0.017) (0.017) (0.016)

individual characteristics Yes Yes Yes Yes Yes Yes
health indicators Yes Yes Yes Yes
occupational characteristics Yes Yes
Observations 4798 4798 4798 4152 4152 4152
R-squared 0.052 0.062 0.103 0.041 0.045 0.109



3.3 Training and changes in employment conditions and occupation

Lastly we present the results of the OLS regressions of the binary outcomes identifying changes in

the employment characteristics, defined in Section 2.2.2, on the main regressor training, as well as

on the battery of the other explanatory variables, measured at the time of wave4.

The aim is to capture whether training acts through others channels, in addition to those subjective

related to job quality, in particular we focus on those referring to job's objective characteristics.

Therefore, we investigate about whether having attended a training course at the time of wave4, is

correlated  with  consequent  variations  in  the  employment  situation,  in  particular  type  of  work

contract (part-time or full-time), type of occupation, type of sector, the start of a new job, that could

occur  between wave4 and wave5.  The intention is  to  understand how the effect  of  training on

sickness  absenteeism  occurs.  In  particular,  whether  it  occurs  by  means  of  a  change  of  the

employment situation (training improves workers' employability), or by remaining in the current

one (training could improve the efficiency in the management of job tasks currently performed). 

In the same way we want to understand whether the positive correlation between training and job

quality can be associated with a change in the employment situation or not.

In  Table  3.3.1  are  reported  the  results  of  the  OLS  regressions  of  the  first  dummy  variable,

expressing transitions from part-time to full-time work contracts or vice versa, on training, in the

three specifications, for females and males separately (see Appendix A.8 for the full table).

What arises is that, while for women training is associated with a small increase in the probability

of changing the type of work contract, for men it is exactly the other way round. However, none

training's coefficient has been found statistically significant, neither at a 10% level.

Table 3.3.1: OLS regressions of changes in type of work contract on training 

Note: Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0
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Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training 0.006 0.006 0.006 -0.015 -0.014 -0.010
(0.013) (0.013) (0.014) (0.014) (0.014) (0.013)

individual characteristics Yes Yes Yes Yes Yes Yes
health indicators Yes Yes Yes Yes
occupational characteristics Yes Yes
Observations 3172 3172 3172 2585 2585 2585
R-squared 0.028 0.029 0.031 0.034 0.036 0.153



Table 3.3.2 presents the results of the OLS regressions of changes in the type of occupation on

training participation, divided by gender and specification (the full table is in Appendix A.9).

For both females and males, training is associated negatively with this type of workplace variation,

meaning that it is expected to increase occupational stability. However, likewise the previous case,

none training's coefficient estimated is statistically significant.

Table 3.3.2: OLS regressions of changes in type of occupation on training 

Note: Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0

Table 3.3.3 displays  the results  of the OLS regressions of the dummy denoting changes in the

occupational sector on training participation. The regressions have been estimated for females and

males separately, in the three specifications (in Appendix A.10 the full table of results).

Table 3.3.3: OLS regressions of changes in occupational sector on training 

Note: Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0

Unlike  the  previous  cases,  now results  show a  clear  negative  correlation  between training  and

women's probability of changing their occupational industry, statistically significant at a 1% level. 

Specifically, training is associated with a reduction of the incidence of a change of 2.5 percentage

points in (a) when controlling for individual characteristics,  2.6 in (b) when controlling for the
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Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training -0.014 -0.014 -0.016 -0.011 -0.012 -0.012
(0.010) (0.010) (0.010) (0.013) (0.013) (0.013)

individual characteristics Yes Yes Yes Yes Yes Yes
health indicators Yes Yes Yes Yes
occupational characteristics Yes Yes
Observations 3172 3172 3172 2585 2585 2585
R-squared 0.009 0.009 0.013 0.013 0.015 0.018

Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training -0.025*** -0.026*** -0.024*** 0.001 0.001 -0.001
(0.008) (0.008) (0.009) (0.012) (0.012) (0.012)

individual characteristics Yes Yes Yes Yes Yes Yes
health indicators Yes Yes Yes Yes
occupational characteristics Yes Yes
Observations 3172 3172 3172 2585 2585 2585
R-squared 0.015 0.016 0.017 0.016 0.018 0.019



health status, and 2.4 in (c) when controlling for job-related characteristics.

On the other hand, concerning men, training's coefficients are close to zero in all specifications and

not statistically significant.

In  conclusion,  Tables  3.3.4  and  3.3.5  show the  results  of  the  OLS regressions  of  the  dummy

variables concerning whether the respondent has started a new job, in the two versions considered,

on training, in the three specifications estimated for men and women separately (the full tables of

results are reported respectively in Appendix A.11 and A.12).

Table 3.3.4: OLS regressions change of job on training (first version)

Note: Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Source: Wave 4, release 1.1.1

The first version focuses on job's shifts occurred from 2011 (first year of wave4), while the second

only considers those occurred from 2012.

Thus, as illustrated by Table 3.3.4, training has a statistically significant negative association only

with women's probability of changing job (at a 5% level). Consequently, having attended a training

course is positively correlated with women's job attachment, which has been found increasing of 2.7

percentage points in (a) and (b), while of 2.8 in (c). 

On  the  other  side,  negative  but  not  statistically  significant  training's  coefficients  have  been

estimated for men.

By reducing of just one year (2011) the period in which job's changes may occur, we can see from

Table 3.3.5, that training has a negative correlation with both women's and men's probability of

experiencing changes in their job.

In particular, women's probabilities reduce to 1.7 percentage points in (a), 1.8 in (b) and 2.2 in (c)

and are statistically significant at a 10% level in all specifications but the third (5% level).

While men's probability is higher than those of women in the first two specifications, respectively

2.2 and 2.3 percentage points, is lower in the last one, 1.9 percentage points, which is statistically

significant at a 10% level, against the 5% of the others.
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Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training -0.027** -0.027** -0.028** -0.020 -0.020 -0.011
(0.011) (0.011) (0.011) (0.014) (0.014) (0.015)

individual characteristics Yes Yes Yes Yes Yes Yes
health indicators Yes Yes Yes Yes
occupational characteristics Yes Yes
Observations 2603 2603 2603 2138 2138 2138
R-squared 0.046 0.046 0.05 0.054 0.055 0.064



Table 3.3.5: OLS regressions of job's change on training (second version) 

Note: Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Source: Wave 4, release 1.1.1

To summarize, in the first place, findings show that training has a significant association with the

probability of  reducing female incidence of  changing their  occupational  sector.  The probability

drops  of  about  2.4  percentage  points  after  having  controlled  for  the  health  status  and  job's

characteristics. Moreover, training has been found having a significant positive correlation with job

attachment.

In fact,  results  of the first  version display that,  older  women who have participated in  training

activities  at  the time of wave4 are 2.8% less  likely to shift  to  another  job,  at  the same health

conditions and job-related characteristics. This result has a double interpretation since, on the one

hand, it means that those women are less willing to look for other jobs, maybe because they are

more satisfied with their job, and on the other hand, their probability of being fired is reduced,

maybe because they have become more productive and efficient in performing their job tasks.

If we look at the second version instead, excluding 2011 in the useful period of time to experience

job's changes, we have found that the negative correlation between training and the probability of

experiencing changes of job now holds for older men as well.

However,  as already mentioned at  the end of the previous  section (Section 3.2),  we have only

obtained a measure of the correlation between training in wave4 and the propensity to change both

occupational sector and job from wave4 to wave5 net of all the other controls, no causal effects14.

14 Our models, for instance, do not take into account the fact that those who want to change their job may exploit
training to improve their employability, and that those who do not want to change may decide to train in order to
improve their workplace situation. 
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Females Males

VARIABLES (a) (b) (c) (a) (b) (c)
training -0.017* -0.018* -0.020** -0.022** -0.023** -0.019*

(0.009) (0.009) (0.009) (0.010) (0.011) (0.011)
individual characteristics Yes Yes Yes Yes Yes Yes
health indicators Yes Yes Yes Yes
occupational characteristics Yes Yes
Observations 2603 2603 2603 2138 2138 2138
R-squared 0.043 0.044 0.045 0.05 0.052 0.057



3.4  Sensitivity analysis

In this section we present some evidence to verify the robustness of the results obtained.

The first  issue  we address  is  why we have  decided not  to  include  the  variable  earnings  from

employment in the previous regressions.

The reason is that, due to elements of inverse causality, it is a typically endogenous variable.

Consequently, a possible critic that could arise regards the fact that training could have an effect on

earnings for employment, that cannot be considered predetermined, since they are, in turn, a result

of training. In addition, it may be affirmed that the number of missed days from work due to illness

has a direct impact on earnings from employment as well. 

In fact, the literature studying the effect of training on wages, shows that measures of income from

employment might be “bad controls” as they could represent an outcome of training, according to

Angrist and Pischke's definition. 

However, since  earnings from employment are an indicator of the cost of sickness absenteeism

(how much ill-workers lose in terms of income) and also a determinant of training (individuals can

choose to undertake training to improve their income), besides that an outcome, we have decided to

present this variable in this section dedicated to the robustness of controls.

By including it in the model (specification (d)) we would be able to assess whether training's effect

on absenteeism is linked to the fact that those individuals earning more, might have unobserved

characteristics (e.g. interest for work) that make them more likely to train and less likely to miss

days from work, at the same conditions.

Therefore, we have created dummy variables for quartiles of net annual earnings from employment.

The four resulting dummies take value 1 if individual's amount of earnings is included in the first,

second, third or fourth quartile respectively, of the country-specific distribution, and 0 otherwise.

However,  how Tables  3.4.1,  3.4.2,  3.4.3,  3.4.4 and 3.4.5 show, results  do not  show substantial

changes when these regressors are included in the model15.

An other potential critic on the effect of training on the number of days missed from work because

of illness, could be that we have not controlled for mental health.

Supported by the literature, mental health is a key determinant of workplace sickness absenteeism

and it is also likely to influence workers' perceived job quality and training's propensity. 

15  In particular because we have measured earnings from employment in quartiles. Therefore, it is unlikely that older
workers' investments in training could result in large variations in what a person earns,  thus shifting from a lower
quartile  to an higher.  Furthermore,  earnings from employment  depends on gender,  age,  education,  occupation and
industry, all variables we control.
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However mental health, differently from physical health, could be affected by training as well: the

development of new skills might increase a person's job satisfaction and consequently might reduce

his or her degree of depression. 

This is the reason why mental health, being a potential outcome of training, could represent an other

“bad control”. Therefore, it may be claimed that mental health instead of training, is the element

playing a key role in our model. 

More specifically, in our dataset the only variable on mental health comparable between wave4 and

wave5, is respondent's degree of depression at the time of the interview (eurod)16. Being detected at

the  current  time,  eurod  could  be  modified  by  the  choice  of  doing  training  and,  therefore  the

edogeneity issue could occur. 

Nevertheless, we can answer back stating that, firstly Fixed Effects estimations take into account

individual's inclination towards depression, provided that it is time-invariant.

Secondly,  by including among the controls  used in  all  previous  regressions  the variable  eurod

(specification (e)), the sign of the coefficients on training and their statistical significance do not

change (Tables 3.4.1, 3.4.2, 3.4.3, 3.4.4 and 3.4.5). Furthermore, as shown in Table 3.4.6, if we

estimate a Fixed Effect regression of eurod on training, its coefficient is not statistically significant

in any specifications, both for females and males.

Third, by including among the battery of covariates of wave4, a dummy variable early depression,

taking value 1 whether a person has been depressed before turning 45 years old, and 0 otherwise,

the results do not change in terms of coefficients' sign and statistical significance (Table 3.4.7). This

variable, differently from eurod, is predetermined and therefore cannot be modified by the choice of

doing  training.  It  follows  that  it  should  capture  the  natural  inclination  of  individuals  towards

depression, that might be determined by childhood's conditions. As a matter of fact, those persons

more predisposed to depression might be both less willing to participate in training activities and

less  likely to  be selected by the employer  for  them.  However,  being a  time-invariant  indicator

cannot be included in the Fixed Effects regressions.

In conclusion, because of the large number of respondents recording zero absent days, we report the

results of regressions of the probability of missing at least one day from work due to illness on

training, estimated in the longitudinal dataset. 

As manifest  in  Table 3.4.8,  in  the  OLS estimations,  the  coefficient  on training  is  positive and

statistically significant only in (b) for women and in both (a) and (b) for men. However, when

controlling for unobserved individual characteristics, training's parameter becomes not statistically

16 Mental health in our dataset is expressed by the Eurod scale, an harmonized European scale of depression ranging
from 0 (not depressed) to 12 (depressed).
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significant in all specifications, for females as well as for males (see Table 3.4.9). This means that

training does not affect individuals' probability of staying at home because of sickness.

Table 3.4.1: OLS regressions sickness absenteeism on training adding earnings and eurod

(Including and excluding zero values)

Note: Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Source: Wave 4, release 1.1.1

Table 3.4.2: Fixed effects regressions sickness absenteeism on training adding earnings and eurod

(Including and excluding zero values)

Note: Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0
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Females Males

 (with zero values) (without zero values)  (with zero values) (without zero values)

VARIABLES (d) (e) (d) (e) (d) (e) (d) (e)

training -2.634*** -2.685*** -7.709*** -7.824*** -1.189 -1.362 -3.870* -4.154*
(0.812) (0.810) (1.993) (1.990) (0.876) (0.874) (2.319) (2.312)

individual characteristics Yes Yes Yes Yes Yes Yes Yes Yes
health indicators Yes Yes Yes Yes Yes Yes Yes Yes
occupational characteristics Yes Yes Yes Yes Yes Yes Yes Yes
earnings from employment Yes Yes Yes Yes Yes Yes Yes Yes
eurod Yes Yes Yes Yes
Observations 4798 4798 1785 1785 4152 4152 1325 1325
R-squared 0.078 0.086 0.107 0.116 0.083 0.09 0.108 0.114

Sickness 
absenteeism 

Sickness 
absenteeism 

Sickness 
absenteeism 

Sickness 
absenteeism 

Females Males

 (with zero values) (without zero values)  (with zero values) (without zero values)
VARIABLES (d) (e) (d) (e) (d) (e) (d) (e)
training -2.429** -2.428** -8.484** -8.500** 0.797 0.939 3,334 3,55

(1.128) (1.125) (3.821) (3.818) (1.188) (1.187) (4.597) (4.590)
individual characteristics Yes Yes Yes Yes Yes Yes Yes Yes
health indicators Yes Yes Yes Yes Yes Yes Yes Yes
occupational characteristics Yes Yes Yes Yes Yes Yes Yes Yes
earnings from employment Yes Yes Yes Yes Yes Yes Yes Yes
eurod Yes Yes Yes Yes
Observations 6344 6344 2436 2436 5170 5170 1816 1816
R-squared 0.02 0.023 0.047 0.051 0.031 0.038 0.085 0.086
Number of id 3172 3172 1767 1767 2585 2585 1343 1343

Sickness 
absenteeism 

Sickness 
absenteeism 

Sickness 
absenteeism 

Sickness 
absenteeism 



Table 3.4.3: OLS regressions job quality indicators on training adding earnings and eurod

Note: Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Source: Wave 4, release 1.1.1

Table 3.4.4: OLS regressions change type of work contract, occupation and occupational sector on

training adding earnings and eurod

Note: Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0
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Females Males

Poor job quality Job satisfaction Poor job quality

VARIABLES (d) (e) (d) (e) (d) (e) (d) (e) (d) (e) (d) (e)

training 0.045** 0.047** -0.022* -0.023** -0.030** -0.031** 0.040* 0.045** -0.023* -0.027** -0.041** -0.044***

(0.022) (0.021) (0.012) (0.011) (0.015) (0.014) (0.023) (0.023) (0.013) (0.013) (0.016) (0.016)

Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

health indicators Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

eurod Yes Yes Yes Yes Yes Yes

Observations 4798 4798 4798 4798 4798 4798 4152 4152 4152 4152 4152 4152

R-squared 0.078 0.097 0.154 0.172 0.107 0.121 0.09 0.104 0.164 0.175 0.113 0.124

Job 
satisfaction

Effort-reward 
ratio

Effort-reward 
ratio

individual 
characteristics

occupational 
characteristics
earnings from 
employment

Females Males

VARIABLES (d) (e) (d) (e) (d) (e) (d) (e) (d) (e) (d) (e)

training 0.006 0.006 -0.016 -0.016 -0.023** -0.023** -0.01 -0.01 -0.011 -0.011 0.0005 0.0004

(0.014) (0.014) (0.010) (0.010) (0.009) (0.009) (0.013) (0.013) (0.013) (0.013) (0.012) (0.012)

Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

health indicators Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

eurod Yes Yes Yes Yes Yes Yes

Observations 3172 3172 3172 3172 3172 3172 2585 2585 2585 2585 2585 2585

R-squared 0.034 0.035 0.013 0.013 0.018 0.018 0.154 0.155 0.018 0.02 0.02 0.022

Change type of 
work contract

Change type of 
occupation

Change 
occupational 

sector

Change type of 
work contract

Change type of 
occupation

Change 
occupational 

sector

individual 
characteristics

occupational 
characteristics

earnings from 
employment



Table 3.4.5: OLS regressions change of job on training adding earnings and eurod

(First and Second version)

Note: Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0

Table 3.4.6: Fixed Effects regressions eurod on training 

Note: Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0

Table 3.4.7: OLS regressions adding early depression

Note: Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0
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Females Males
Change job Change job Change job Change job 

 (first version)  (second version)  (first version)  (second version)
VARIABLES (d) (e) (d) (e) (d) (e) (d) (e)
training -0.028** -0.028** -0.020** -0.020** -0.009 -0.009 -0.018* -0.019*

(0.011) (0.011) (0.009) (0.009) (0.015) (0.015) (0.011) (0.011)
individual characteristics Yes Yes Yes Yes Yes Yes Yes Yes
health indicators Yes Yes Yes Yes Yes Yes Yes Yes
occupational characteristics Yes Yes Yes Yes Yes Yes Yes Yes
earnings from employment Yes Yes Yes Yes Yes Yes Yes Yes
eurod Yes Yes Yes Yes
Observations 2603 2603 2603 2603 2138 2138 2138 2138
R-squared 0.055 0.056 0.047 0.048 0.07 0.07 0.059 0.059

Females Males
VARIABLES (a) (b) (c) (a) (b) (c)
training 0.001 0.002 -0.001 -0.056 -0.074 -0.077

(0.072) (0.071) (0.071) (0.069) (0.068) (0.068)
individual characteristics Yes Yes Yes Yes Yes Yes
health indicators Yes Yes Yes Yes
occupational characteristics Yes Yes
Observations 6344 6344 6344 5170 5170 5170
R-squared 0.012 0.038 0.039 0.016 0.056 0.061
Number of id 3172 3172 3172 2585 2585 2585

Females Males

VARIABLES  with zero  without zero  with zero  without zero

training -2.854*** -8.437*** 0.053** -0.026** -0.036** -1.272 -3.824* 0.045* -0.029** -0.046***

(0.827) (2.050) (0.022) (0.011) (0.015) (0.867) (2.320) (0.023) (0.013) (0.016)

Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

early_dep Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Observations 4794 1782 4794 4794 4794 4148 1323 4148 4148 4148

R-squared 0.077 0.105 0.076 0.151 0.104 0.082 0.106 0.088 0.158 0.109

Sickness 
absenteeism 

Sickness 
absenteeism 

Job 
satisfaction

Effort-
reward 
ratio

Poor job 
quality

Sickness 
absenteeism 

Sickness 
absenteeism 

Job 
satisfaction

Effort-
reward 
ratio

Poor 
job 

quality

individual 
characteristics

health 
indicators

occupational 
characteristics



Table 3.4.8: OLS regressions probability of missing at least one day from work due to illness on

training 

Note: Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0

Table 3.4.9: Fixed Effects regressions probability of missing at least one day from work due to

illness on training 

Note: Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0
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Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training 0.021 0.026* 0.015 0.034* 0.029* 0.024
(0.015) (0.015) (0.016) (0.018) (0.017) (0.018)

individual characteristics Yes Yes Yes Yes Yes Yes
health indicators Yes Yes Yes Yes
occupational characteristics Yes Yes
Observations 4798 4798 4798 4152 4152 4152
R-squared 0.055 0.103 0.105 0.038 0.097 0.101

Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training -0.018 -0.017 -0.017 0.014 0.013 0.015
(0.020) (0.020) (0.020) (0.023) (0.023) (0.023)

individual characteristics Yes Yes Yes Yes Yes Yes
health indicators Yes Yes Yes Yes
occupational characteristics Yes Yes
Observations 6344 6344 6344 5170 5170 5170
R-squared 0.013 0.014 0.019 0.023 0.024 0.03
Number of id 3172 3172 3172 2585 2585 2585



Conclusions

This study exploits wave4 (2010-2011) and wave5 (2013) of SHARE database in order to carry out

a cross-national investigation on the effect of training on sickness absenteeism of older workers,

controlling for both observed individual characteristics and unobserved individual fixed effects. 

Our analysis, that takes into account only public and private employees (no self-employed) aged 50

to 65 years old resident in Europe, has been conducted for men and women separately to take into

account cross-gender heterogeneity in labour market participation.

Sickness absenteeism is our key dependent variable, which reports the number of missed days from

work because of health in the past twelve months, and provides an indirect measure of workplace

productivity. Specifically, we have defined two versions of it, the first includes as  “zero values”

those respondents who have registered no absences from work, while the second excludes them.

Our main regressor is instead a dummy variable expressing older workers' participation in training

activities in the same period of time. 

The main result of our study is the negative effect of training on the level of sickness absenteeism,

which turns out to be statistically significant only for women.

In fact, results of the Fixed Effects estimations show that, given a  female average of 8.75 absent

days  when  considering  the  zero  values,  training  participation  reduces  sickness  absenteeism of

26.2% when controlling for individual characteristics, 25.9% when taking into account the health

status and of 27.7% when adding the job-related controls. Training's impact is even stronger when

excluding from the sample the zero values. As a matter of fact, considering an average of 22.78

absent  days,  women's  workplace absenteeism is  reduced of  33.1% in the  first  specification,  of

34.5% in the second, and of 37.3% in the third.

Fixed  Effects  estimation,  differently  from  the  standard  OLS  techniques,  allows  to  control  for

unobserved  individual  characteristics  that  might  be  correlated  with  training  and  lead  to  bias

estimates of the effect of training on sickness absenteeism. Examples might be the passion and the

interest for work as well as the labour market attachment. Therefore, Fixed Effects estimation is

necessary  in  order  to  interpret  the  results  obtained  in  causal  terms  (and not  just  correlations),

providing that those characteristics do not change over time.

This statistically significant effect of training only for women makes us wonder through which

channels it takes place.

An economic reason could be that, due to legislations and cultural traditions, men are used to be the

“breadwinner”,  meaning  that  they  are  typically  the  main  source  of  income  of  the  family
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(Markussen  et al., 2011).  Therefore, their labour supply is more rigid than that of women when

changes in its determinants occur, and human capital is one of them (Evers et al., 2008). It follows

that, regardless training participation, they can afford to miss a lower number of days from work.

The gender-gap may be also explained by the fact that women often have to combine paid work

with family obligations (childcare and housework for instance) (Mastekaasa, 2000). 

The OECD report  “Society at a Glance” (2007) provides empirical evidence consistent with this

pattern: in its area men always exhibit lower rates of workplace sickness absenteeism than women.

Since in the literature there are studies proving job quality as one of the major determinants of

sickness absenteeism, we wonder whether there could be other channels through which training

affects the number of absent days from work, and why this effect is stronger for women.

Furthermore, as shown by the literature, training is a device that can be used to improve job quality

(Jones et al., 2008; Vasudevan, 2014). Therefore, we have exploited the availability of job quality

indicators in the wave4 of SHARE to determine a set of indicators measuring workplace well-being:

job satisfaction, the effort-reward ratio and poor job quality.

The first is based on a 4-point scale, where 1 corresponds to strong job dissatisfaction and 4 to

strong job satisfaction. The second has been constructed following  Siegriest's (1996) procedure,

therefore the effort's dimension (nominator) measures the presence of both workplace stress and

physically  hard  work,  while  the  reward's  dimension  (denominator)  depends  on  the  degree  of

freedom at work, development of new skills, social support, recognition and job security. Values

larger than 1 indicates the dominance of the effort's dimension on the reward's one. Lastly, the poor

job quality indicator has been defined through a dummy variable equal to 1 if respondent's effort-

reward ratio falls in the top tercile of his or her country-specific distribution, and 0 otherwise.  In

this way it captures when the effort-reward ratio is relatively higher and, therefore, the workplace

situation is relatively less satisfactory.

Afterwards, we have verified that, also in our sample of workers aged 50 to 65 years old, a positive

correlation between training and all job quality indicators occurs for both genders.

This association is not inconsistent with the differences found in the effect of training on sickness

absenteeism between genders.

In fact, there is a literature providing evidence on the different behaviour men and women exhibit in

reacting to changes in the workplace well-being, that may be linked to training. In other words, the

association  between job  quality  and sickness  absenteeism varies  with gender  (Vaananen  et  al.,

2003). 

In Vaananen's et al. study (2003) is claimed that psychological factors can explain health differences

between genders. On the one hand, women have a poorer self-rated health than men, in terms of
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number of physical and psychological symptoms. This can be explained by the fact that women are

more willing to report health conditions than men, and the way according to which genders express

health symptoms may result in different health-related outcomes, such as sickness absenteeism. On

the other hand, women generally manifest a lower capability to cope with stressful situations. This

issue might be due to different employment conditions. In fact, women are often employed in less

qualified occupations involving monotonous tasks,  or in any case,  have lower level managerial

tasks, and they are used to have less rewarding social contacts.

It follows that, being women more vulnerable to problematic working conditions, improvement of

the latter are supposed to affect their workplace well-being and health behaviour more strongly.

Lastly, we have exploited the longitudinal dimension of the sample in order to understand whether

training participation in wave4 is correlated with subsequent changes in the employment conditions

and  in  the  job  performed,  between  wave4  and  wave5.  In  particular,  we  have  focused  on  the

probability of experiencing a change in the type of work contract (full-time part-time), sector and

occupation, as well as on both the probabilities of starting a new job since 2011 and since 2012.

Through this  analysis  we can verify whether  the lower absenteeism rate  and the improved job

quality that  follow training,  are  obtained thanks to  changes  in  the  employment  situation  or  by

preserving the current one. We have found that for women training is significantly associated with a

lower incidence of changing occupational sector and starting a new job (both from 2011 and 2012).

While for men we only report a statistically significant negative correlation between training and

the probability of starting a new job after 2012, even if results are stronger for women.

These findings suggest that training is undertaken to improve the well-being within the current job-

spell and that employers might exploit training to redesign, in accordance with workers, their job

tasks in order to meet their necessities within the current job-spell as well.

In conclusion, since training produces a beneficial effect on the volume of absent days from work, it

contributes to the reduction of the economic costs of sickness absenteeism. This fact increasingly

motivates the importance of designing policies aimed at spreading training at all ages. This goal

becomes even more compelling if we think that older workers have half the probability of younger

workers to participate in training activities (OECD, 2010)

The literature has  already provided evidence that  training  could  improve older  workers'  wages

(Bassanini  et al. 2005;  Belloni & Villosio, 2014), and this study shows that it could also reduce

sickness absenteeism. 

Therefore, training results being an important policy in order to strength the social inclusion of

older workers: thanks to it older people are not just "forced" to work longer, but instead they are

able to maintain their professional skills and knowledge updated.
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Appendix

Table A.1: OLS regressions of sickness absenteeism on training (with zero values)

Source: Wave 4, release 1.1.1
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Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training -3.158*** -2.885*** -2.750*** -1.016 -1.255 -1.274

(0.828) (0.814) (0.829) (0.886) (0.868) (0.878)

SE -13.75** -9.258 -9.285 -3.992 -0.227 1.936

(6.089) (5.827) (5.925) (3.563) (3.466) (3.498)

DK -11.90** -8.129 -8.154 -5.040* -2.665 -1.626

(5.907) (5.654) (5.781) (3.005) (2.914) (2.925)

NL -8.782 -5.175 -5.139 -2.91 -1.065 -0.311

(6.202) (5.990) (5.944) (3.101) (2.994) (3.014)

BE -6.107 -4.891 -5.049 0.454 0.816 1.015

(5.999) (5.742) (5.831) (3.213) (3.081) (3.075)

FR -7.507 -5.269 -5.364 0.558 1.851 1.382

(6.053) (5.876) (5.942) (3.274) (3.152) (3.124)

CH -14.68** -9.812* -9.719* -2.793 -0.232 0.599

(5.875) (5.640) (5.653) (3.157) (3.083) (3.077)

AT -10.53* -7.304 -7.752 -0.148 1.094 1.394

(5.915) (5.646) (5.649) (3.088) (2.958) (2.953)

ES -12.02* -9.949 -10.74* -5.475* -3.801 -3.958

(6.547) (6.213) (6.258) (3.256) (3.200) (3.211)

IT -14.19** -10.63* -10.93* -4.85 -3.306 -2.095

(5.944) (5.738) (5.857) (3.255) (3.147) (3.115)

EE -14.48** -13.37** -13.96** -3.592 -3.292 -2.5

(5.812) (5.543) (5.662) (2.992) (2.867) (2.865)

CZ -10.64* -6.592 -7.063 -2.798 -0.567 -0.3

(5.917) (5.652) (5.785) (3.168) (3.070) (3.055)

SL -5.817 -3.771 -4.558 -1.451 -0.956 -1.119

(6.656) (6.439) (6.478) (3.479) (3.352) (3.336)

age 5.585 4.34 4.382 2.339 1.616 1.525

(3.719) (3.663) (3.668) (3.127) (3.056) (3.029)

age2 -0.492 -0.395 -0.399 -0.217 -0.166 -0.158

(0.330) (0.325) (0.325) (0.272) (0.267) (0.264)

education -3.309** -1.897 -1.387 -1.863* -0.904 -0.439

(1.494) (1.394) (1.468) (1.114) (1.093) (1.263)

hhsize 0.138 0.292 0.296 -0.847* -0.612 -0.55

(0.553) (0.539) (0.535) (0.511) (0.493) (0.497)

partnerinhh 0.293 0.551 0.526 -0.126 -0.295 -0.254

(0.587) (0.570) (0.572) (0.721) (0.679) (0.676)

nchild -0.121 0.151 0.148 0.554 0.683 0.774

(0.500) (0.476) (0.479) (0.489) (0.469) (0.474)

n_gchild 0.778** 0.479 0.47 0.16 -0.239 -0.301

(0.378) (0.363) (0.361) (0.264) (0.262) (0.267)

2.285 0.565 0.303 2.031* 1.169 0.645

(1.471) (1.450) (1.474) (1.203) (1.162) (1.178)

1.563 0.229 0.0869 2.002* 1.264 0.774

(1.266) (1.258) (1.280) (1.120) (1.079) (1.109)

0.669 0.109 -0.00774 0.491 0.268 0.0206

(1.251) (1.217) (1.228) (1.125) (1.086) (1.081)

adl 1.13 1.166 -3.772 -4.019

(3.326) (3.316) (2.645) (2.616)

iadl 5.239* 5.215* 3.198 3.234

(3.030) (3.027) (2.992) (2.990)

chronic 2.238*** 2.231*** 2.740*** 2.708***

(0.525) (0.523) (0.496) (0.496)

bmi_n -1.425 -1.391 -0.763 -0.896

(0.974) (0.975) (0.770) (0.778)

mobility 3.698*** 3.673*** 4.931*** 4.905***

(0.721) (0.726) (0.814) (0.808)

dummy_occ2 -0.117 1.597

(1.083) (0.986)

dummy_occ3 0.396 3.135***

(1.303) (1.095)

dummy_occ4 3.079 2.411

(2.152) (1.772)

dummy_secondary 0.648 -1.079

(3.502) (1.969)

dummy_tertiary 0.769 -1.574

(3.123) (1.838)

private employee -0.865 -5.081***

(1.326) (1.410)

part_time -0.748 1.416

(1.106) (1.348)

Constant -136.2 -105.8 -107.1 -50.65 -33.03 -27.37

(105.5) (103.8) (103.8) (89.92) (87.68) (87.24)

Observations 4798 4798 4798 4152 4152 4152

R-squared 0.021 0.077 0.078 0.01 0.077 0.082

1st household wealth quartile

2nd household wealth quartile

3rd  household wealth quartile



Table A.2: OLS regressions of sickness absenteeism on training (without zero values)

Source: Wave 4, release 1.1.1
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Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training -9.857*** -9.280*** -8.273*** -4.749** -4.672** -3.985*

(2.072) (2.048) (2.058) (2.377) (2.326) (2.333)

SE -22.01** -16.72* -15.7 2.688 10.61 14.63*

(10.17) (9.839) (10.10) (8.698) (8.620) (8.736)

DK -19.04** -13.73 -12.88 -7.303 -0.697 1.872

(9.286) (8.931) (9.361) (5.542) (5.738) (5.891)

NL -0.778 4.855 5.709 1.02 5.075 7.385

(10.66) (10.36) (10.34) (5.961) (6.147) (6.301)

BE -4.652 -4.026 -3.074 6.445 8.304 9.643

(9.561) (9.205) (9.595) (6.097) (6.155) (6.264)

FR 2.434 3.411 4.524 12.85* 15.51** 14.71**

(10.22) (10.01) (10.32) (6.755) (6.782) (6.775)

CH -12.04 -7.588 -7.508 7.711 13.54* 16.22**

(9.801) (9.468) (9.641) (6.971) (7.177) (7.303)

AT -13.9 -10.08 -10.48 1.422 4.087 5.484

(9.337) (8.971) (9.051) (5.589) (5.690) (5.752)

ES -3.443 -3.064 -3.024 -0.477 1.271 0.957

(13.25) (12.44) (12.58) (7.517) (7.908) (8.000)

IT -17.76* -14.72 -14.41 -2.73 0.436 3.578

(9.582) (9.282) (9.671) (7.052) (7.133) (7.175)

EE -11.75 -13 -13.71 10.47* 9.643 11.10*

(9.214) (8.902) (9.112) (6.198) (6.165) (6.265)

CZ -2.942 0.644 0.79 12.15* 14.97** 16.07**

(9.766) (9.431) (9.698) (7.169) (7.225) (7.285)

SL 6.794 7.154 7.556 12.94 13.27 12.33

(12.35) (12.00) (12.05) (8.264) (8.312) (8.261)

age 6.829 5.25 5.557 6.339 6.788 6.683

(10.31) (10.15) (10.19) (9.564) (9.369) (9.219)

age2 -0.564 -0.439 -0.466 -0.587 -0.643 -0.633

(0.919) (0.904) (0.907) (0.838) (0.823) (0.809)

education -7.660** -5.39 -3.014 -6.060* -4.809 -3.681

(3.530) (3.336) (3.604) (3.153) (3.129) (3.520)

hhsize -0.682 -0.148 -0.0217 -1.993 -1.735 -1.415

(1.351) (1.330) (1.332) (1.481) (1.434) (1.448)

partnerinhh -0.422 0.419 0.441 -0.145 -0.89 -0.714

(1.439) (1.415) (1.422) (1.969) (1.883) (1.877)

nchild -0.588 -0.164 -0.235 1.21 1.77 2.043

(1.141) (1.087) (1.103) (1.349) (1.301) (1.306)

n_gchild 1.658* 1.346 1.29 0.378 -0.241 -0.472

(0.931) (0.893) (0.884) (0.803) (0.792) (0.816)

4.332 1.118 0.211 4.205 1.363 -0.643

(3.890) (3.866) (3.934) (3.377) (3.303) (3.389)

1.573 -0.177 -0.791 4.87 3.767 1.893

(3.199) (3.144) (3.199) (3.293) (3.195) (3.285)

1.354 0.442 0.217 -1.24 -2.164 -3.307

(3.343) (3.238) (3.248) (3.108) (3.013) (3.029)

adl -0.471 -0.354 -4.195 -5.084

(4.489) (4.500) (4.398) (4.337)

iadl 9.047** 8.989** 5.879 5.795

(4.424) (4.440) (5.656) (5.744)

chronic 3.448*** 3.410*** 3.315*** 3.196***

(1.036) (1.042) (1.073) (1.079)

bmi_n -2.094 -1.848 -3.49 -3.595

(2.345) (2.349) (2.316) (2.321)

mobility 3.917*** 3.778*** 5.381*** 5.411***

(1.158) (1.167) (1.311) (1.291)

dummy_occ2 2.328 2.906

(2.704) (2.734)

dummy_occ3 4.835 8.268***

(3.238) (3.192)

dummy_occ4 9.266* 6.766

(5.135) (4.887)

dummy_secondary -1.742 -4.319

(9.256) (6.222)

dummy_tertiary -1.36 -4.104

(8.351) (5.955)

private employee 0.345 -9.127***

(3.193) (3.326)

part_time -0.959 3.289

(2.520) (3.888)

Constant -161.7 -127.1 -139.8 -143.6 -161.8 -155.3

(290.2) (285.5) (286.7) (273.6) (267.5) (264.3)

Observations 1785 1785 1785 1325 1325 1325

R-squared 0.052 0.102 0.105 0.04 0.095 0.105

1st household wealth quartile

2nd household wealth quartile

3rd  household wealth quartile



Table A.3: Fixed Effects regressions of sickness absenteeism on training  (with zero values)

Source: Wave 4, release 1.1.1 and Wave 5. release 1.0.0
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Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training -2.294** -2.266** -2.428** 0.781 0.504 0.665

(1.164) (1.149) (1.125) (1.179) (1.175) (1.189)

dummy_wave 6.118 6.544 6.768 -10.4 -11.48 -10.61

(4.192) (4.182) (4.182) (7.025) (7.182) (7.104)

age 11.34** 11.31** 11.25** -12.41* -11.23 -10.76

(5.120) (5.141) (5.090) (6.943) (6.944) (6.884)

age2 -0.713* -0.692* -0.694* 0.713 0.561 0.553

(0.407) (0.410) (0.403) (0.520) (0.520) (0.528)

hhsize 1.930* 1.983* 1.938* 1.171 1.131 0.958

(1.046) (1.040) (1.050) (1.433) (1.422) (1.434)

partnerinhh -0.205 -0.0246 -0.0811 -2.402 -2.798 -2.91

(3.120) (3.027) (3.010) (2.648) (2.624) (2.634)

nchild 1.544* 1.583** 1.576** -0.955 -0.949 -0.852

(0.797) (0.767) (0.770) (1.192) (1.253) (1.262)

n_gchild 0.168 0.0698 0.0598 0.883* 0.744 0.847*

(0.452) (0.444) (0.447) (0.487) (0.486) (0.485)

-1.469 -1.422 -1.485 -4.497** -4.200* -4.087*

(1.993) (1.985) (1.983) (2.232) (2.197) (2.221)

1.434 1.448 1.461 -5.353*** -4.895** -4.919**

(1.840) (1.827) (1.836) (1.979) (1.951) (1.952)

-0.252 -0.305 -0.312 -2.477 -2.351 -2.432

(1.354) (1.346) (1.356) (1.760) (1.735) (1.750)

adl 4.104 4.118 -0.195 -0.00792

(2.977) (2.969) (4.828) (4.803)

iadl -1.242 -1.293 1.888 1.757

(3.900) (3.906) (5.188) (5.202)

chronic 2.353*** 2.359*** 2.599*** 2.631***

(0.717) (0.716) (0.988) (0.983)

bmi_n -0.244 -0.238 -0.105 -0.195

(1.515) (1.495) (2.173) (2.187)

mobility 1.421* 1.404* 3.427** 3.438***

(0.796) (0.793) (1.346) (1.324)

dummy_occ2 -13.09** 0.127

(5.248) (4.753)

dummy_occ3 -1.031 1.087

(6.409) (6.853)

dummy_occ4 1.743 21.87

(7.090) (13.79)

dummy_secondary 4.105 -5.002

(5.915) (9.890)

dummy_tertiary 5.03 -4.999

(4.301) (8.627)

dummy_pp_empl -1.025 -0.982

(1.220) (1.635)

part_time -0.63 -0.452

(2.010) (3.031)

Constant -412.6** -421.8** -416.4** 491.9* 471.0* 450.3*

(177.3) (177.6) (177.5) (263.6) (265.6) (260.4)

Observations 6344 6344 6344 5170 5170 5170

R-squared 0.005 0.015 0.02 0.007 0.026 0.03

Number of id 3172 3172 3172 2585 2585 2585

1st household wealth quartile

2nd household wealth quartile

3rd  household wealth quartile



Table A.4: Fixed Effects regressions of sickness absenteeism on training  (without zero values)

Source: Wave 4, release 1.1.1 and Wave 5. release 1.0.0
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Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training -7.543* -7.856** -8.488** 2.855 3.314 3.249

(3.948) (3.886) (3.815) (4.667) (4.619) (4.736)

dummy_wave 16.14 16.43 16.57 13.91 1.175 -3.537

(16.73) (17.52) (17.56) (21.93) (28.28) (28.60)

age 38.38* 38.89* 37.63* 5.678 5.261 3.464

(20.32) (20.75) (20.40) (22.63) (22.73) (22.82)

age2 -2.586* -2.600* -2.513 0.345 -0.196 -0.273

(1.543) (1.564) (1.539) (1.872) (1.835) (1.871)

hhsize 7.475** 7.654** 7.829** 4.746 4.18 4.093

(3.198) (3.131) (3.206) (5.280) (5.374) (5.467)

partnerinhh -3.322 -2.207 -2.635 -4.6 -4.792 -5.029

(13.31) (12.65) (12.47) (7.975) (7.974) (8.167)

nchild 1.669 1.855 1.862 1.723 0.824 1.134

(1.488) (1.357) (1.331) (3.063) (3.239) (3.444)

n_gchild 0.668 0.247 0.0853 2.6 2.515 2.106

(1.649) (1.633) (1.656) (2.706) (2.603) (2.713)

-1.03 -1.112 -0.836 -10.16 -9.033 -9.153

(5.764) (5.805) (5.834) (6.885) (6.618) (6.769)

-1.814 -2.58 -2.451 -7.356 -4.863 -5.292

(5.309) (5.268) (5.390) (6.619) (6.293) (6.389)

-0.0859 -0.456 -0.239 7.851 8.147 7.719

(3.599) (3.659) (3.707) (5.878) (5.831) (5.741)

adl 7.652 7.17 7.202 7.284

(8.171) (8.409) (10.56) (10.63)

iadl -9.337 -9.643 -10.15 -10.18

(8.902) (9.085) (11.91) (12.11)

chronic 3.651** 3.668** 7.195*** 7.204***

(1.723) (1.716) (2.690) (2.741)

bmi_n 1.985 1.982 3.606 4.411

(3.530) (3.400) (7.256) (7.337)

mobility 2.181 2.343 2.569 2.526

(1.919) (1.872) (3.564) (3.632)

dummy_occ2 -16.46 -5.916

(11.39) (12.30)

dummy_occ3 12.75 -10.81

(14.88) (25.62)

dummy_occ4 -4.935 9.382

(23.21) (34.35)

dummy_secondary -16.66 16.67*

(25.10) (9.213)

dummy_tertiary -21.05 19.94*

(24.50) (11.50)

dummy_pp_empl -1.238 -5.092

(3.970) (6.548)

part_time -1.267 -0.958

(7.633) (6.389)

Constant -1,335* -1,368* -1,300* -425.4 -230.8 -111.4

(727.0) (749.9) (734.5) (813.2) (900.8) (902.1)

Observations 2436 2436 2436 1816 1816 1816

R-squared 0.021 0.038 0.046 0.036 0.067 0.07

Number of id 1767 1767 1767 1343 1343 1343

1st household wealth quartile

2nd household wealth quartile

3rd  household wealth quartile



Table A.5: OLS regressions of  job satisfaction on training 

Source: Wave 4, release 1.1.1 
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Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training 0.094*** 0.092*** 0.052** 0.070*** 0.071*** 0.043*

(0.021) (0.021) (0.022) (0.023) (0.023) (0.023)

SE 0.019 -0.02 -0.052 0.234** 0.211* 0.135

(0.086) (0.086) (0.087) (0.116) (0.116) (0.115)

DK 0.078 0.047 0.025 0.387*** 0.375*** 0.358***

(0.075) (0.075) (0.076) (0.104) (0.104) (0.102)

NL -0.087 -0.119 -0.149* 0.205* 0.196* 0.139

(0.078) (0.079) (0.079) (0.108) (0.108) (0.106)

BE 0.014 0.003 -0.026 0.292*** 0.292*** 0.258**

(0.073) (0.073) (0.074) (0.103) (0.103) (0.101)

FR -0.052 -0.071 -0.099 0.131 0.125 0.108

(0.074) (0.074) (0.074) (0.104) (0.104) (0.102)

CH 0.093 0.054 0.05 0.360*** 0.346*** 0.328***

(0.072) (0.072) (0.073) (0.102) (0.102) (0.100)

AT 0.102 0.075 0.091 0.271*** 0.265** 0.263***

(0.074) (0.074) (0.074) (0.104) (0.104) (0.101)

ES -0.146* -0.169** -0.145* 0.151 0.141 0.132

(0.085) (0.086) (0.087) (0.108) (0.108) (0.106)

IT -0.239*** -0.265*** -0.257*** -0.064 -0.072 -0.085

(0.085) (0.086) (0.085) (0.110) (0.110) (0.109)

EE -0.224*** -0.240*** -0.206*** -0.015 -0.015 -0.013

(0.070) (0.070) (0.071) (0.102) (0.102) (0.100)

CZ -0.115 -0.153** -0.148** 0.064 0.05 0.043

(0.072) (0.073) (0.074) (0.102) (0.102) (0.100)

SL -0.12 -0.140* -0.153* -0.03 -0.033 -0.044

(0.080) (0.080) (0.082) (0.106) (0.106) (0.104)

age -0.200*** -0.186*** -0.203*** -0.037 -0.032 -0.04

(0.069) (0.069) (0.068) (0.073) (0.073) (0.073)

age2 0.018*** 0.017*** 0.019*** 0.004 0.004 0.004

(0.006) (0.006) (0.006) (0.006) (0.006) (0.006)

education 0.049* 0.041 -0.037 0.051** 0.044* -0.018

(0.026) (0.026) (0.027) (0.025) (0.025) (0.027)

hhsize 0.021* 0.020* 0.017 0.034*** 0.032*** 0.028**

(0.012) (0.012) (0.012) (0.012) (0.012) (0.012)

partnerinhh 0.002 0 -0.002 0.003 0.004 0.007

(0.013) (0.013) (0.013) (0.016) (0.016) (0.016)

nchild 0.016 0.014 0.015 -0.001 -0.002 -0.007

(0.010) (0.010) (0.010) (0.010) (0.010) (0.010)

n_gchild -0.006 -0.004 -0.002 0.003 0.005 0.009

(0.006) (0.006) (0.006) (0.007) (0.007) (0.007)

-0.136*** -0.124*** -0.090*** -0.095*** -0.090*** -0.043

(0.028) (0.028) (0.028) (0.029) (0.029) (0.030)

-0.086*** -0.078*** -0.055** -0.058** -0.053* -0.017

(0.027) (0.027) (0.027) (0.028) (0.028) (0.028)

-0.061** -0.058** -0.043* -0.069** -0.068** -0.043

(0.026) (0.026) (0.026) (0.028) (0.028) (0.027)

adl -0.018 -0.021 0.056 0.069

(0.038) (0.038) (0.047) (0.047)

iadl -0.002 0.001 -0.046 -0.043

(0.032) (0.033) (0.046) (0.046)

chronic -0.019** -0.019** -0.018* -0.017*

(0.010) (0.010) (0.010) (0.010)

bmi_n -0.03 -0.036* -0.009 -0.004

(0.020) (0.019) (0.022) (0.022)

mobility -0.037*** -0.032*** -0.034*** -0.032**

(0.009) (0.009) (0.013) (0.013)

dummy_occ2 -0.063** -0.128***

(0.027) (0.027)

dummy_occ3 -0.125*** -0.170***

(0.030) (0.029)

dummy_occ4 -0.314*** -0.306***

(0.043) (0.047)

dummy_secondary 0.055 -0.100*

(0.075) (0.052)

dummy_tertiary 0.130* -0.024

(0.071) (0.049)

private employee -0.023 0.025

(0.027) (0.030)

part_time 0.03 -0.002

(0.022) (0.029)

Constant 8.757*** 8.428*** 8.987*** 3.896* 3.769* 4.249**

(1.963) (1.953) (1.950) (2.088) (2.096) (2.091)

Observations 4798 4798 4798 4152 4152 4152

R-squared 0.05 0.059 0.075 0.067 0.073 0.088

1st household wealth quartile

2nd household wealth quartile

3rd  household wealth quartile



Table A.6: OLS regressions of  the effort-reward ratio on training 

Source: Wave 4, release 1.1.1 
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Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training -0.068*** -0.067*** -0.026** -0.068*** -0.068*** -0.028**

(0.011) (0.011) (0.011) (0.013) (0.013) (0.013)

SE -0.115** -0.087 -0.059 -0.099* -0.086 -0.022

(0.055) (0.054) (0.053) (0.058) (0.058) (0.058)

DK -0.076 -0.053 -0.001 -0.088 -0.079 -0.046

(0.050) (0.049) (0.048) (0.056) (0.055) (0.054)

NL -0.095* -0.073 -0.051 -0.058 -0.051 0.013

(0.051) (0.050) (0.049) (0.056) (0.055) (0.055)

BE -0.092* -0.085* -0.024 -0.048 -0.047 0.02

(0.049) (0.048) (0.047) (0.055) (0.054) (0.054)

FR -0.06 -0.046 -0.001 -0.024 -0.02 0.02

(0.050) (0.049) (0.048) (0.056) (0.055) (0.055)

CH -0.110** -0.080* -0.064 -0.02 -0.011 -0.004

(0.048) (0.047) (0.046) (0.054) (0.053) (0.052)

AT -0.05 -0.031 -0.046 0.052 0.056 0.055

(0.050) (0.049) (0.048) (0.056) (0.055) (0.054)

ES -0.095* -0.079 -0.08 -0.035 -0.032 -0.006

(0.054) (0.053) (0.052) (0.057) (0.057) (0.056)

IT 0.047 0.07 0.095* 0.141** 0.148** 0.191***

(0.057) (0.056) (0.054) (0.059) (0.058) (0.058)

EE -0.046 -0.035 -0.062 0.067 0.069 0.051

(0.047) (0.046) (0.045) (0.053) (0.053) (0.052)

CZ -0.009 0.019 0.016 0.102* 0.110** 0.120**

(0.048) (0.047) (0.047) (0.054) (0.054) (0.053)

SL -0.015 0.002 0.013 0.062 0.064 0.087

(0.053) (0.051) (0.051) (0.061) (0.061) (0.059)

age 0.098** 0.090** 0.103*** 0.056 0.054 0.059

(0.040) (0.039) (0.038) (0.041) (0.042) (0.040)

age2 -0.009*** -0.009** -0.010*** -0.006 -0.006 -0.006*

(0.003) (0.003) (0.003) (0.004) (0.004) (0.003)

education -0.128*** -0.120*** -0.033** -0.086*** -0.082*** 0.006

(0.016) (0.016) (0.017) (0.015) (0.015) (0.016)

hhsize -0.002 -0.002 0.002 -0.022*** -0.021*** -0.015**

(0.007) (0.007) (0.007) (0.007) (0.007) (0.006)

partnerinhh 0.013* 0.014* 0.017** -0.009 -0.011 -0.012

(0.008) (0.008) (0.007) (0.009) (0.009) (0.009)

nchild -0.008 -0.006 -0.009 0 0.001 0.004

(0.006) (0.006) (0.006) (0.006) (0.006) (0.005)

n_gchild 0.013*** 0.011*** 0.008** 0.004 0.003 -0.001

(0.004) (0.004) (0.004) (0.003) (0.003) (0.003)

0.135*** 0.127*** 0.085*** 0.120*** 0.117*** 0.057***

(0.016) (0.016) (0.016) (0.017) (0.017) (0.017)

0.090*** 0.084*** 0.062*** 0.073*** 0.071*** 0.026

(0.016) (0.015) (0.015) (0.017) (0.016) (0.016)

0.053*** 0.051*** 0.036** 0.042*** 0.042** 0.01

(0.015) (0.015) (0.014) (0.016) (0.016) (0.016)

adl -0.008 -0.006 -0.009 -0.008

(0.025) (0.025) (0.028) (0.028)

iadl 0.042* 0.04 0.044* 0.037

(0.025) (0.025) (0.026) (0.025)

chronic 0.018*** 0.018*** 0.006 0.005

(0.006) (0.006) (0.006) (0.006)

bmi_n 0.012 0.019* 0 0.001

(0.011) (0.011) (0.013) (0.012)

mobility 0.023*** 0.018*** 0.018** 0.015**

(0.005) (0.005) (0.007) (0.007)

dummy_occ2 -0.016 0.054***

(0.014) (0.013)

dummy_occ3 0.152*** 0.241***

(0.016) (0.016)

dummy_occ4 0.282*** 0.277***

(0.026) (0.030)

dummy_secondary -0.056 0.001

(0.051) (0.027)

dummy_tertiary -0.110** -0.018

(0.048) (0.025)

private employee 0.013 0.026

(0.015) (0.016)

part_time -0.056*** -0.065***

(0.013) (0.016)

Constant -1.587 -1.392 -1.843* -0.365 -0.324 -0.756

(1.126) (1.115) (1.087) (1.184) (1.190) (1.149)

Observations 4798 4798 4798 4152 4152 4152

R-squared 0.077 0.092 0.151 0.08 0.086 0.157

1s t household wealth quartile

2nd household wealth quartile

3rd  household wealth quartile



Table A.7: OLS regressions of poor job quality on training 

Source: Wave 4, release 1.1.1 
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Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training -0.081*** -0.080*** -0.036** -0.091*** -0.091*** -0.045***

(0.014) (0.014) (0.015) (0.017) (0.017) (0.016)

SE -0.09 -0.059 -0.021 0.049 0.063 0.134*

(0.067) (0.066) (0.065) (0.076) (0.075) (0.073)

DK -0.074 -0.049 0.002 -0.044 -0.031 0.006

(0.060) (0.059) (0.059) (0.065) (0.064) (0.061)

NL -0.045 -0.021 0.004 -0.021 -0.011 0.06

(0.062) (0.062) (0.062) (0.067) (0.066) (0.064)

BE -0.07 -0.061 0.002 -0.024 -0.02 0.057

(0.059) (0.058) (0.058) (0.064) (0.063) (0.060)

FR -0.091 -0.075 -0.029 -0.016 -0.01 0.035

(0.058) (0.058) (0.057) (0.064) (0.063) (0.061)

CH -0.073 -0.041 -0.027 0.052 0.065 0.07

(0.058) (0.058) (0.057) (0.064) (0.062) (0.060)

AT -0.110* -0.089 -0.104* 0.031 0.039 0.037

(0.060) (0.059) (0.058) (0.066) (0.064) (0.061)

ES -0.118* -0.096 -0.093 -0.089 -0.083 -0.057

(0.066) (0.065) (0.065) (0.068) (0.066) (0.064)

IT -0.162** -0.140** -0.109* -0.053 -0.044 0.004

(0.064) (0.063) (0.062) (0.068) (0.067) (0.065)

EE -0.099* -0.086 -0.107* 0.045 0.049 0.021

(0.057) (0.056) (0.056) (0.063) (0.062) (0.059)

CZ -0.140** -0.112* -0.108* 0.011 0.022 0.031

(0.058) (0.057) (0.057) (0.064) (0.062) (0.060)

SL -0.116* -0.098 -0.078 0.028 0.031 0.057

(0.063) (0.063) (0.062) (0.070) (0.068) (0.065)

age 0.07 0.062 0.077 0.059 0.057 0.063

(0.049) (0.049) (0.048) (0.053) (0.053) (0.052)

age2 -0.007 -0.006 -0.007* -0.006 -0.006 -0.006

(0.004) (0.004) (0.004) (0.005) (0.005) (0.005)

education -0.138*** -0.132*** -0.044** -0.104*** -0.099*** 0.002

(0.019) (0.019) (0.019) (0.020) (0.020) (0.020)

hhsize -0.002 -0.002 0.003 -0.019** -0.018** -0.011

(0.008) (0.008) (0.008) (0.009) (0.009) (0.008)

partnerinhh 0.003 0.004 0.007 -0.002 -0.003 -0.004

(0.009) (0.009) (0.009) (0.012) (0.012) (0.011)

nchild -0.01 -0.008 -0.011 -0.007 -0.006 -0.002

(0.007) (0.007) (0.007) (0.007) (0.007) (0.007)

n_gchild 0.014*** 0.013*** 0.010** 0.003 0.001 -0.003

(0.004) (0.004) (0.004) (0.005) (0.005) (0.005)

0.142*** 0.134*** 0.090*** 0.133*** 0.129*** 0.061***

(0.020) (0.020) (0.020) (0.022) (0.022) (0.022)

0.081*** 0.074*** 0.050*** 0.077*** 0.074*** 0.024

(0.018) (0.018) (0.018) (0.021) (0.021) (0.021)

0.053*** 0.051*** 0.035** 0.021 0.02 -0.016

(0.018) (0.018) (0.017) (0.020) (0.020) (0.019)

adl -0.025 -0.022 0.006 0.007

(0.025) (0.026) (0.035) (0.035)

iadl 0.014 0.013 0.029 0.02

(0.024) (0.024) (0.034) (0.033)

chronic 0.019*** 0.019*** 0.001 -0

(0.007) (0.007) (0.007) (0.007)

bmi_n 0.01 0.017 -0.007 -0.006

(0.014) (0.013) (0.016) (0.015)

mobility 0.025*** 0.019*** 0.024*** 0.019**

(0.006) (0.006) (0.009) (0.009)

dummy_occ2 0.019 0.060***

(0.017) (0.018)

dummy_occ3 0.187*** 0.275***

(0.020) (0.020)

dummy_occ4 0.310*** 0.307***

(0.029) (0.033)

dummy_secondary -0.015 -0.067*

(0.046) (0.037)

dummy_tertiary -0.046 -0.074**

(0.041) (0.035)

private employee 0.01 0.037*

(0.018) (0.020)

part_time -0.051*** -0.077***

(0.015) (0.020)

Constant -1.352 -1.156 -1.771 -1.052 -1.004 -1.461

(1.389) (1.380) (1.357) (1.512) (1.519) (1.484)

Observations 4798 4798 4798 4152 4152 4152

R-squared 0.052 0.062 0.103 0.041 0.045 0.109

1st household wealth quartile

2nd household wealth quartile

3rd  household wealth quartile



Table A.8: OLS regressions of changes in type of work contract on training 

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0

116

Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training 0.006 0.006 0.006 -0.015 -0.014 -0.010

(0.013) (0.013) (0.014) (0.014) (0.014) (0.013)

SE 0.069* 0.070* 0.077* -0.046 -0.048 -0.049

(0.042) (0.042) (0.042) (0.052) (0.052) (0.046)

DK 0.043 0.043 0.045 -0.02 -0.024 -0.028

(0.034) (0.034) (0.035) (0.045) (0.045) (0.039)

NL -0.01 -0.009 -0.005 0.02 0.016 -0.023

(0.033) (0.033) (0.034) (0.049) (0.049) (0.044)

BE 0.04 0.038 0.042 0.017 0.013 -0.03

(0.034) (0.034) (0.035) (0.046) (0.046) (0.041)

FR 0.138*** 0.137*** 0.135*** 0.107** 0.105** 0.013

(0.036) (0.036) (0.036) (0.048) (0.048) (0.044)

CH 0.083** 0.084** 0.084** -0.02 -0.023 -0.035

(0.035) (0.035) (0.035) (0.044) (0.044) (0.038)

AT 0.033 0.033 0.038 -0.068 -0.071 -0.066*

(0.037) (0.037) (0.037) (0.044) (0.044) (0.038)

ES 0.223*** 0.222*** 0.233*** 0.066 0.063 0.015

(0.053) (0.053) (0.053) (0.056) (0.056) (0.048)

IT 0.140*** 0.139*** 0.149*** 0.110* 0.108* 0.071

(0.048) (0.048) (0.049) (0.058) (0.058) (0.049)

EE 0.071** 0.069** 0.075** -0.01 -0.015 -0.021

(0.032) (0.032) (0.034) (0.045) (0.045) (0.039)

CZ -0.002 -0.002 -0.005 -0.017 -0.019 -0.03

(0.034) (0.034) (0.035) (0.047) (0.047) (0.039)

SL -0.014 -0.015 -0.014 -0.029 -0.029 -0.025

(0.039) (0.040) (0.041) (0.050) (0.050) (0.043)

age -0.053 -0.054 -0.056 -0.085 -0.08 -0.048

(0.060) (0.060) (0.060) (0.062) (0.062) (0.061)

age2 0.005 0.005 0.005 0.008 0.007 0.004

(0.005) (0.005) (0.005) (0.006) (0.006) (0.005)

education -0.003 -0.003 -0.009 -0.012 -0.014 -0.01

(0.018) (0.018) (0.019) (0.019) (0.019) (0.019)

hhsize 0.007 0.007 0.008 -0.014** -0.014** -0.014**

(0.009) (0.009) (0.009) (0.007) (0.007) (0.006)

partnerinhh 0.018** 0.018** 0.019** -0.001 -0.001 -0.001

(0.009) (0.009) (0.009) (0.010) (0.010) (0.010)

nchild -0.007 -0.007 -0.007 -0.008 -0.008 -0.004

(0.007) (0.007) (0.007) (0.006) (0.006) (0.006)

n_gchild 0.001 0.001 0.001 0.003 0.003 0.001

(0.004) (0.004) (0.004) (0.004) (0.004) (0.004)

0.022 0.02 0.023 0.029 0.031 0.013

(0.018) (0.018) (0.019) (0.019) (0.019) (0.019)

0.017 0.016 0.017 0.030* 0.032* 0.015

(0.018) (0.018) (0.018) (0.018) (0.018) (0.017)

0.034** 0.033* 0.034** 0.031* 0.032* 0.02

(0.017) (0.017) (0.017) (0.017) (0.018) (0.017)

adl 0.023 0.021 0.012 0.015

(0.030) (0.030) (0.035) (0.032)

iadl -0.012 -0.011 0.009 -0.001

(0.025) (0.025) (0.031) (0.030)

chronic 0.003 0.003 0.011* 0.010*

(0.006) (0.006) (0.006) (0.006)

bmi_n 0.003 0.004 0.02 0.002

(0.013) (0.013) (0.014) (0.013)

mobility 0.002 0.002 -0.011 -0.020***

(0.006) (0.006) (0.007) (0.007)

dummy_occ2 0.024 -0.008

(0.017) (0.015)

dummy_occ3 0.025 0.003

(0.020) (0.016)

dummy_occ4 -0.027 0.006

(0.027) (0.030)

dummy_secondary 0.024 -0.027

(0.049) (0.033)

dummy_tertiary 0.005 -0.043

(0.044) (0.031)

private employee -0.016 -0.015

(0.018) (0.019)

part_time 0.001 0.323***

(0.017) (0.028)

Constant 1.542 1.581 1.614 2.412 2.253 1.496

(1.672) (1.679) (1.689) (1.741) (1.743) (1.705)

Observations 3172 3172 3172 2585 2585 2585

R-squared 0.028 0.029 0.031 0.034 0.036 0.153

1s t household wealth quartile

2nd household wealth quartile

3rd  household wealth quartile



Table A.9: OLS regressions of changes in type of occupation on training 

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0
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Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training -0.014 -0.014 -0.016 -0.011 -0.012 -0.012

(0.010) (0.010) (0.010) (0.013) (0.013) (0.013)

SE 0.022 0.023 0.019 0.038 0.042 0.051

(0.030) (0.030) (0.030) (0.050) (0.050) (0.050)

DK 0.061** 0.061** 0.055** 0.05 0.055 0.057

(0.027) (0.027) (0.027) (0.042) (0.042) (0.042)

NL 0.033 0.033 0.037 0.017 0.022 0.027

(0.027) (0.027) (0.027) (0.042) (0.042) (0.042)

BE 0.041 0.041 0.038 -0.002 0.001 0.002

(0.025) (0.025) (0.025) (0.040) (0.040) (0.040)

FR 0.021 0.021 0.023 -0.007 -0.004 -0.002

(0.024) (0.024) (0.025) (0.040) (0.040) (0.039)

CH 0.011 0.012 0.01 -0.001 0.003 0.007

(0.023) (0.024) (0.024) (0.039) (0.039) (0.038)

AT -0.009 -0.009 -0.005 -0.011 -0.007 -0.009

(0.025) (0.025) (0.025) (0.041) (0.041) (0.041)

ES 0.032 0.032 0.032 -0.062 -0.061 -0.057

(0.031) (0.031) (0.032) (0.039) (0.039) (0.039)

IT 0.033 0.033 0.025 0.021 0.024 0.03

(0.031) (0.031) (0.032) (0.048) (0.048) (0.048)

EE 0.027 0.027 0.029 0.003 0.006 0.008

(0.023) (0.023) (0.024) (0.040) (0.039) (0.039)

CZ 0.014 0.014 0.022 -0.039 -0.034 -0.039

(0.026) (0.026) (0.027) (0.039) (0.039) (0.040)

SL 0.044 0.044 0.056 -0.061 -0.059 -0.064

(0.036) (0.036) (0.036) (0.041) (0.041) (0.041)

age 0.014 0.013 0.013 0.013 0.012 0.01

(0.040) (0.040) (0.040) (0.055) (0.055) (0.055)

age2 -0.001 -0.001 -0.001 -0.001 -0.001 -0.001

(0.004) (0.004) (0.004) (0.005) (0.005) (0.005)

education 0.018 0.018 0.014 0.011 0.012 0.015

(0.011) (0.011) (0.012) (0.014) (0.014) (0.015)

hhsize 0.001 0.001 0.001 -0.002 -0.001 -0.001

(0.005) (0.005) (0.005) (0.006) (0.006) (0.006)

partnerinhh 0.007 0.007 0.007 -0.01 -0.01 -0.01

(0.006) (0.006) (0.006) (0.009) (0.009) (0.009)

nchild -0.002 -0.002 -0.001 -0.008* -0.008* -0.008

(0.004) (0.004) (0.004) (0.005) (0.005) (0.005)

n_gchild 0.005* 0.005* 0.005* -0.002 -0.002 -0.002

(0.003) (0.003) (0.003) (0.003) (0.003) (0.003)

-0.009 -0.009 -0.007 0.003 0.002 0.003

(0.013) (0.013) (0.013) (0.017) (0.017) (0.018)

0.015 0.014 0.014 0.006 0.005 0.005

(0.013) (0.013) (0.013) (0.017) (0.017) (0.017)

0.008 0.008 0.008 -0.012 -0.012 -0.012

(0.012) (0.012) (0.012) (0.016) (0.016) (0.016)

adl -0.007 -0.008 0.024 0.019

(0.018) (0.018) (0.034) (0.034)

iadl -0.005 -0.005 -0.008 -0.005

(0.018) (0.018) (0.031) (0.030)

chronic 0.003 0.003 -0.002 -0.002

(0.004) (0.004) (0.006) (0.006)

bmi_n 0.001 -0.001 -0.004 -0.005

(0.009) (0.009) (0.012) (0.012)

mobility 0 0.001 0.006 0.007

(0.004) (0.004) (0.009) (0.009)

dummy_occ2 0.013 0.011

(0.013) (0.015)

dummy_occ3 -0.015 0.007

(0.014) (0.016)

dummy_occ4 -0.007 0.018

(0.020) (0.026)

dummy_secondary -0.027 0.037

(0.032) (0.026)

dummy_tertiary 0.006 0.004

(0.030) (0.023)

private employee 0.026** -0.023

(0.012) (0.017)

part_time 0.004 -0.022

(0.010) (0.015)

Constant -0.322 -0.298 -0.32 -0.181 -0.17 -0.12

(1.104) (1.106) (1.108) (1.551) (1.555) (1.552)

Observations 3172 3172 3172 2585 2585 2585

R-squared 0.009 0.009 0.013 0.013 0.015 0.018

1st household wealth quartile

2nd household wealth quartile

3rd  household wealth quartile



Table A.10: OLS regressions of changes in occupational sector on training 

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0
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Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training -0.025*** -0.026*** -0.024*** 0.001 0.001 -0.001

(0.008) (0.008) (0.009) (0.012) (0.012) (0.012)

SE 0.025 0.025 0.024 -0.056 -0.053 -0.05

(0.042) (0.041) (0.042) (0.059) (0.059) (0.059)

DK 0.032 0.032 0.034 -0.072 -0.07 -0.071

(0.035) (0.035) (0.035) (0.051) (0.051) (0.052)

NL -0.048 -0.048 -0.045 -0.086* -0.086* -0.084

(0.032) (0.032) (0.033) (0.052) (0.052) (0.052)

BE -0.033 -0.032 -0.026 -0.108** -0.109** -0.111**

(0.032) (0.032) (0.032) (0.050) (0.050) (0.050)

FR -0.045 -0.044 -0.039 -0.124** -0.123** -0.121**

(0.032) (0.032) (0.031) (0.050) (0.049) (0.050)

CH -0.005 -0.006 -0.005 -0.094* -0.092* -0.089*

(0.033) (0.033) (0.033) (0.050) (0.050) (0.050)

AT -0.060* -0.060* -0.059* -0.111** -0.110** -0.111**

(0.032) (0.031) (0.031) (0.051) (0.051) (0.051)

ES -0.037 -0.035 -0.03 -0.113** -0.110** -0.108**

(0.037) (0.036) (0.036) (0.052) (0.052) (0.052)

IT -0.015 -0.012 -0.011 -0.091* -0.090* -0.09

(0.038) (0.038) (0.038) (0.054) (0.054) (0.055)

EE -0.028 -0.027 -0.028 -0.084* -0.084* -0.083

(0.031) (0.031) (0.031) (0.050) (0.050) (0.051)

CZ -0.048 -0.047 -0.046 -0.134*** -0.132*** -0.133***

(0.032) (0.032) (0.032) (0.050) (0.049) (0.050)

SL -0.026 -0.025 -0.02 -0.154*** -0.153*** -0.156***

(0.038) (0.038) (0.039) (0.049) (0.049) (0.049)

age 0.028 0.028 0.03 -0.019 -0.019 -0.02

(0.036) (0.036) (0.036) (0.052) (0.052) (0.052)

age2 -0.003 -0.002 -0.003 0.002 0.002 0.002

(0.003) (0.003) (0.003) (0.005) (0.005) (0.005)

education 0.002 0.002 0.006 0.004 0.004 0.003

(0.011) (0.011) (0.012) (0.013) (0.013) (0.014)

hhsize -0.001 -0.002 -0.001 -0.008 -0.008 -0.008

(0.005) (0.005) (0.005) (0.005) (0.005) (0.005)

partnerinhh 0.005 0.005 0.005 -0.016** -0.016** -0.016**

(0.006) (0.006) (0.006) (0.007) (0.007) (0.008)

nchild 0.001 0.001 0.001 -0.008* -0.008* -0.008*

(0.004) (0.004) (0.004) (0.005) (0.005) (0.005)

n_gchild -0.001 -0.001 -0.002 0.003 0.002 0.002

(0.002) (0.002) (0.002) (0.004) (0.004) (0.004)

0.002 0.003 0.002 0.013 0.011 0.013

(0.012) (0.012) (0.012) (0.015) (0.015) (0.016)

0.014 0.015 0.014 0.004 0.003 0.005

(0.012) (0.012) (0.012) (0.015) (0.015) (0.015)

-0.002 -0.002 -0.002 -0.012 -0.012 -0.011

(0.011) (0.011) (0.011) (0.014) (0.014) (0.014)

adl 0.012 0.012 0.007 0.004

(0.019) (0.019) (0.030) (0.030)

iadl 0.029 0.029 -0.023 -0.022

(0.021) (0.021) (0.025) (0.025)

chronic -0.002 -0.002 0.005 0.005

(0.004) (0.004) (0.005) (0.005)

bmi_n 0.001 0.001 0.003 0.003

(0.009) (0.009) (0.011) (0.011)

mobility -0.004 -0.004 0.005 0.006

(0.004) (0.004) (0.008) (0.008)

dummy_occ2 -0.004 0.002

(0.012) (0.014)

dummy_occ3 0.006 -0.011

(0.014) (0.014)

dummy_occ4 0.002 0.014

(0.018) (0.026)

dummy_secondary 0.021 0.011

(0.030) (0.026)

dummy_tertiary 0.012 -0.002

(0.026) (0.024)

private employee 0.015 -0.014

(0.011) (0.015)

part_time -0.006 -0.017

(0.009) (0.014)

Constant -0.702 -0.689 -0.784 0.781 0.784 0.822

(1.018) (1.019) (1.022) (1.453) (1.455) (1.467)

Observations 3172 3172 3172 2585 2585 2585

R-squared 0.015 0.016 0.017 0.016 0.018 0.019

1st household wealth quartile

2nd household wealth quartile

3rd  household wealth quartile



Table A.11: OLS regressions change of job on training (first version)

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0
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Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training -0.027** -0.027** -0.028** -0.020 -0.020 -0.011

(0.011) (0.011) (0.011) (0.014) (0.014) (0.015)

SE -0.115 -0.118 -0.127 -0.161 -0.159 -0.164

(0.103) (0.104) (0.103) (0.122) (0.123) (0.123)

DK -0.095 -0.098 -0.096 -0.139 -0.137 -0.139

(0.095) (0.095) (0.093) (0.111) (0.111) (0.112)

NL -0.225** -0.227** -0.229** -0.240** -0.240** -0.231**

(0.093) (0.092) (0.092) (0.110) (0.110) (0.111)

BE -0.260*** -0.261*** -0.253*** -0.291*** -0.292*** -0.281***

(0.091) (0.091) (0.090) (0.107) (0.107) (0.108)

FR -0.260*** -0.262*** -0.253*** -0.322*** -0.322*** -0.312***

(0.091) (0.091) (0.090) (0.107) (0.107) (0.108)

CH -0.177* -0.181** -0.179** -0.253** -0.252** -0.260**

(0.092) (0.092) (0.091) (0.107) (0.108) (0.108)

AT -0.245*** -0.247*** -0.245*** -0.317*** -0.315*** -0.321***

(0.091) (0.092) (0.091) (0.107) (0.107) (0.108)

ES -0.250*** -0.252*** -0.243*** -0.291*** -0.293*** -0.285***

(0.093) (0.093) (0.092) (0.108) (0.109) (0.109)

IT -0.289*** -0.291*** -0.289*** -0.346*** -0.345*** -0.342***

(0.091) (0.091) (0.090) (0.106) (0.107) (0.108)

EE -0.224** -0.224** -0.222** -0.221** -0.221** -0.233**

(0.091) (0.091) (0.090) (0.108) (0.108) (0.109)

CZ -0.253*** -0.254*** -0.249*** -0.276** -0.274** -0.269**

(0.092) (0.092) (0.091) (0.108) (0.109) (0.109)

SL -0.258*** -0.258*** -0.251*** -0.325*** -0.324*** -0.324***

(0.093) (0.093) (0.092) (0.107) (0.108) (0.108)

age 0.023 0.024 0.022 0.118** 0.120** 0.118**

(0.046) (0.046) (0.046) (0.060) (0.060) (0.060)

age2 -0.003 -0.003 -0.002 -0.011** -0.011** -0.011**

(0.004) (0.004) (0.004) (0.005) (0.005) (0.005)

education 0.006 0.004 0.005 -0.01 -0.008 0.014

(0.014) (0.014) (0.014) (0.017) (0.017) (0.018)

hhsize 0.01 0.009 0.009 -0.018*** -0.018*** -0.016**

(0.006) (0.006) (0.006) (0.006) (0.006) (0.006)

partnerinhh 0.015** 0.014** 0.015** -0.01 -0.01 -0.011

(0.007) (0.007) (0.007) (0.010) (0.010) (0.010)

nchild -0.001 -0.001 -0.001 0.004 0.004 0.004

(0.005) (0.006) (0.006) (0.006) (0.006) (0.006)

n_gchild 0.009** 0.010** 0.009** -0.006* -0.006* -0.007**

(0.004) (0.004) (0.004) (0.003) (0.003) (0.003)

-0.012 -0.01 -0.011 0.013 0.013 0.005

(0.015) (0.015) (0.015) (0.018) (0.018) (0.019)

-0.016 -0.015 -0.015 0.01 0.011 0.005

(0.014) (0.014) (0.014) (0.018) (0.018) (0.018)

0.02 0.021 0.022 -0.003 -0.003 -0.008

(0.014) (0.014) (0.014) (0.017) (0.017) (0.017)

adl -0.001 0 0.006 0.008

(0.015) (0.015) (0.032) (0.032)

iadl -0.012 -0.01 0.006 0.005

(0.017) (0.018) (0.029) (0.029)

chronic -0.001 -0 0.003 0.003

(0.004) (0.004) (0.006) (0.006)

bmi_n 0.009 0.008 0.009 0.013

(0.011) (0.011) (0.014) (0.014)

mobility -0.001 -0.001 0.004 0.003

(0.004) (0.004) (0.008) (0.008)

dummy_occ2 -0.029** -0.014

(0.015) (0.015)

dummy_occ3 -0.013 0.035**

(0.017) (0.017)

dummy_occ4 -0.027 0.063**

(0.022) (0.031)

dummy_secondary 0.027 0.009

(0.030) (0.030)

dummy_tertiary 0.039 0.018

(0.025) (0.028)

private employee 0.029** 0.033**

(0.012) (0.014)

part_time -0.007 -0.026

(0.012) (0.016)

Constant -0.27 -0.292 -0.283 -2.799* -2.865* -2.923*

(1.303) (1.302) (1.301) (1.681) (1.678) (1.673)

Observations 2603 2603 2603 2138 2138 2138

R-squared 0.046 0.046 0.05 0.054 0.055 0.064

1st household wealth quartile

2nd household wealth quartile

3rd  household wealth quartile



Table A.12: OLS regressions change of job on training (second version)

Source: Wave 4, release 1.1.1 and Wave 5, release 1.0.0
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Females Males

VARIABLES (a) (b) (c) (a) (b) (c)

training -0.017* -0.018* -0.020** -0.022** -0.023** -0.019*

(0.009) (0.009) (0.009) (0.010) (0.011) (0.011)

SE 0.007 0.004 -0.004 -0.244** -0.238** -0.240**

(0.080) (0.080) (0.080) (0.117) (0.117) (0.117)

DK 0.031 0.031 0.028 -0.218** -0.214* -0.213*

(0.071) (0.071) (0.070) (0.109) (0.110) (0.110)

NL -0.086 -0.086 -0.088 -0.274** -0.271** -0.266**

(0.068) (0.068) (0.068) (0.109) (0.109) (0.109)

BE -0.119* -0.117* -0.118* -0.333*** -0.331*** -0.326***

(0.066) (0.066) (0.066) (0.106) (0.107) (0.107)

FR -0.102 -0.101 -0.099 -0.333*** -0.328*** -0.322***

(0.066) (0.066) (0.066) (0.107) (0.107) (0.107)

CH -0.054 -0.056 -0.055 -0.298*** -0.293*** -0.295***

(0.067) (0.067) (0.068) (0.107) (0.107) (0.108)

AT -0.095 -0.096 -0.096 -0.335*** -0.332*** -0.335***

(0.067) (0.067) (0.067) (0.107) (0.107) (0.107)

ES -0.118* -0.117* -0.117* -0.326*** -0.325*** -0.319***

(0.067) (0.067) (0.067) (0.107) (0.107) (0.108)

IT -0.134** -0.131** -0.134** -0.354*** -0.351*** -0.346***

(0.066) (0.066) (0.066) (0.106) (0.107) (0.107)

EE -0.085 -0.083 -0.084 -0.279*** -0.277*** -0.280***

(0.066) (0.066) (0.066) (0.107) (0.107) (0.108)

CZ -0.105 -0.106 -0.105 -0.314*** -0.310*** -0.307***

(0.067) (0.067) (0.067) (0.107) (0.108) (0.108)

SL -0.131* -0.129* -0.130* -0.344*** -0.340*** -0.341***

(0.067) (0.067) (0.066) (0.107) (0.107) (0.107)

age 0.034 0.036 0.033 0.063 0.065 0.062

(0.038) (0.038) (0.038) (0.049) (0.049) (0.050)

age2 -0.003 -0.004 -0.003 -0.006 -0.006 -0.006

(0.003) (0.003) (0.003) (0.004) (0.004) (0.004)

education 0.008 0.008 0.005 0.006 0.007 0.017

(0.011) (0.011) (0.011) (0.012) (0.013) (0.014)

hhsize 0.009* 0.008 0.008 -0.007 -0.006 -0.006

(0.005) (0.005) (0.005) (0.005) (0.005) (0.005)

partnerinhh 0.016*** 0.016*** 0.016*** -0.008 -0.008 -0.008

(0.006) (0.006) (0.006) (0.007) (0.007) (0.008)

nchild -0.001 -0.001 -0.001 0.001 0.002 0.002

(0.004) (0.004) (0.004) (0.005) (0.005) (0.005)

n_gchild 0.008** 0.008** 0.008** -0.001 -0.001 -0.002

(0.004) (0.004) (0.004) (0.003) (0.003) (0.003)

-0.009 -0.007 -0.006 0.009 0.009 0.006

(0.012) (0.012) (0.012) (0.013) (0.013) (0.014)

-0.006 -0.005 -0.004 0.021 0.021 0.019

(0.012) (0.012) (0.012) (0.014) (0.014) (0.014)

0.018 0.019 0.020* 0.008 0.008 0.007

(0.012) (0.012) (0.012) (0.013) (0.013) (0.013)

adl -0.005 -0.004 0.017 0.016

(0.012) (0.012) (0.028) (0.028)

iadl 0.012 0.013 -0.001 0

(0.016) (0.016) (0.024) (0.024)

chronic -0.001 -0.001 0.007 0.007

(0.004) (0.004) (0.005) (0.005)

bmi_n 0.003 0.002 -0.002 0

(0.009) (0.009) (0.010) (0.010)

mobility -0.005* -0.005 -0 -0.001

(0.003) (0.003) (0.006) (0.006)

dummy_occ2 -0.014 -0.009

(0.012) (0.012)

dummy_occ3 -0.015 0.016

(0.014) (0.013)

dummy_occ4 -0.016 0.034

(0.017) (0.024)

dummy_secondary -0.001 0.029

(0.027) (0.021)

dummy_tertiary 0.011 0.025

(0.024) (0.019)

private employee 0.011 0.008

(0.010) (0.012)

part_time -0.005 -0.023*

(0.010) (0.012)

Constant -0.782 -0.849 -0.755 -1.343 -1.4 -1.38

(1.066) (1.068) (1.075) (1.383) (1.381) (1.386)

Observations 2603 2603 2603 2138 2138 2138

R-squared 0.043 0.044 0.045 0.05 0.052 0.057

1st household wealth quartile

2nd household wealth quartile

3rd  household wealth quartile
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