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ABSTRACT

Training in Europe®

Using the European Community Household Panel, we investigate gender differences in
training participation over the period 1994-1999. We focus on ‘lifelong learning’, fixed-term
contracts, part-time versus full-time work, public/private sector affiliation, educational
attainment, and the individual’s position in the wage distribution prior to training. Women are
typically no less likely than men to train. While there is no significant training-age profile for
women, there is a negative profile for men. In several countries there is a negative
association between fixed-term contacts and training, particularly for men. In most countries
and, for both sexes, training is positively associated with public sector employment, high
educational attainment and a high position in the wage distribution.
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Introduction
Initid education ensures that individuds enter the labour market with the appropriate level of
human capitdl for their chosen occupation, while on-the-job skills acquisition potentidly continues
throughout individuals working lives. It is wel-known that cross-country differences in the stock
of human capital and in educationd systems are important in explaining differences in growth (see
inter alia Lucas 1988; Romer 1990). Although cross-country differencesin work-related training
sysems are do likely to be important, there is relatively little comparative work investigating the
extent and economic impact of continuing work-related training. This is no doubt because
harmonized data facilitating such comparisons became available only very recently (OECD, 1999).

In this paper we establish some stylised facts about the extent and determinants of work-
related training in European Union (EU) countries, and how these differ by gender.! Our data
source is the European Community Household Pardl (ECHP), collected annudly since 1994, and
containing rich information on education and work-related training.

While the studies by the OECD (1999), Brunello (2001) and Leuven and Oosterbeek
(1999) provided comparative cross-country andyses of training, our paper is different in the
following respects® First, we use harmonized data for the period 1994-1999 for ten European
Union countries. Secondly, ours is the first study to exploit the pand nature of the data to control

for unobserved heterogeneity 2

' In acompanion paper, we estimate the impact of this training for workers at differing quantiles of the wages
distribution (Arulampalam, Booth and Bryan, 2003).

2 The OECD (1999) analyse four surveys. the International Adult Literacy Survey (IALS) 1994-5, the
European Labour Force Survey (ELFS) 1997, 1991-96 datafrom the Indicators of Education Systems, and the
1994 Continuing Vocational Training Survey. Leuven and Oosterbeeck (1999) use IALS data for four
countries. While Brunello (2001) uses the ECHP, he analyses only waves 1 and 3 and the focus of his
analysis isvery different. See also Lynch (1994) for a collection of country -specific studies of training.

% Our work is complementary with earlier studies such as Leuven and Oosterbeck (1999) and Ryan (2001),
who examine a subset of our EU countries.



A problem with cross country studies based on micro-datais the enormous complexity of
the andyss Some studies adopt the smplifying Strategy of esimating sngle equations with
country-identifying dummy varigbles capturing any nationspecific effects (see for example,
Brunello, 2001). However, we edtimate separate country-specific equations, as do Leuven and
Oogterbeek (1999), a procedure dlowing the identification of cross-country differences in the
impact of observable characteristics. We aso etimate separate equations for men and women,
which to our knowledge has not been done before in comparative anaysis of training.

We focus on only a few issues in order to tease out, in an economicaly meaningful way,
gender differences across EU countriesin training participation, usng decomposition analysis. Our
interest isin gender differences with regard to the following issues accessto “lifelong learning”; the
relationship between fixed-term contracts and training; part-time versus full-time work; public and
privete sector training; complementarities between education and training; and the individud’s
pasition in the wage digtribution prior to training. We find that women are no lesslikely than men to
undertake training and congiderably more likely to train in four EU countries. The differing effects
of characteristics and ‘returns can explain the gaps. There is no Sgnificant training-age profile for
women and a strong negative profile for men. In severd countries there is a negetive asociaion
between fixed-term contacts and training, particularly for men. In most countries and for both
sexes, traning is positively associated with public sector employment, high educationd attainment

and a high pogtion in the wage digtribution.

1. The Dataand Explanatory Variables
Our data are from the first Sx waves of the European Community Household Pand (ECHP), a

survey collected annualy since 1994 in a sandardised format that facilitates cross-country



comparisons.* To avoid conflating work-rdlated or ‘continuing training’ with initid vocationa
education or training,> we exclude individuas under the age of 25 years, paid apprentices and
those on specia employment-related training schemes®

Our egimating sub-samples comprise employed men and wonen who are: (i) between the
ages of 25 and 54 years and working at least 15 hours per week; (ii) observed in a least two
consecutive waves, (iii) not employed in agriculture; and (iv) with vaid observations on dl the
variables used in the training equations. Where the number of missng vaues was subgtantia, we
include a dummy varigble for missing vaue observations in order to preserve the sample sizes. The
redtriction of working at least 15 hours per week was necessary because of the nature of the
ECHP data, where — in the first two waves — we were unable to distinguish individuds regularly
working fewer than 15 hours from those out-of-the labour force. In addition, some important
variables like firm sze and tenure are only available for individuas working 15 hours or more. Thus
our esimating sub-samples under - represent low- hours part-timers, though for most countries they
represent only a tiny fraction of workers.” We analyse the ten European countries listed in Table

18

We hav e five waves for Austriaand four for Finland, as they joined the ECHP after 1994. For Britain we use
only the first five waves because the format of the training question altered from 1998 onwards.

Despite the harmonisation of the ECHP, what is reported as training may depend partly on country-specific
training systems or what is classed as training versus education. Therefore comparisons of absolute
training levels may be misleading. However, cross-country comparisons of continuing training are likely to
be more robust for two reasons. First, there is typically much less regulation of continuing training than
initial training and education. Second, the incidence of general education after age 25 is very low (typically
less than 2%), so there islittle d anger of confusing training and education.

Apprentices and those on special training schemes account for only 1.1% of the sampled age group.

" Exceptions are Britain (6.2% of the sub-sample), the Netherlands (8.8%) and Ireland (4.0%). In all other

countries the proportion of low-hours part-timers is under 3%.

We omit Greece and Portugal owing to apparent gaps in the training data and because of the smaller

estimating sub-samples with usable information. We also omit Germany because the data sets supplied as
part of the ECHP have shortcomings for our analysis: the six wave data set derived from the GSOEP survey
excludes many shorter training spells (communication from DIW), whilst in the origina three-wave ECHP
data set, interview dates are treated as confidential, so it is not possible to construct job tenure or know
whether training was before or after the previous interview.



The form of the training question is as follows: “Have you a any time since January (in the
previous year) been in vocationd education or training, induding any part-time or short courses?’.
Since this reference period may overlap with the reference period of the previous wave, and to
avoid counting long events more than once, where possible we use the arting dates of the course
to identify training, which began since the previous interview.® We define training incidence to
take the value one if the employee received any such training and zero otherwise. The framing of
this question suggests that training responses should be interpreted as more forma courses of
indruction, rather than informa on-the-job training. A separate question asks about “generd or
higher education”. Rarticipation in these more generd coursesis very low (average annud take-up
by 2554 year olds is less than 1%) so we are confident that our results are not affected by
interactions with countries differing forma educationd systems.

The incidence of training Starts, reported in row [1] of Table 1, varies considerably across
countries. We identify three hightincidence countries — Britain, Denmark and Finland —where each
year over athird of individuas begin training. In contrast Augtria, Belgium, France and Spain form
a group of medium-incidence countries, where the proportion ranges from 10% to 16%. Findly,
Irdland, Italy and the Netherlands have incidence below 10%. The ranking of countries compares
reasonably well (especidly for high incidence countries) with cross country comparisons using
different data sources reported in OECD (1999).

Rows [2] and [3] show incidence for men and women separately. In most countries

training participation rates for women and men are quite milar and the differences are only

®  The modal interview month is October, corresponding to a reference period of 22 months. The British data

do not include training dates. However they are derived from the British Household Panel Survey (BHPS),
where the reference period only slightly exceeds one year. Since events are generally very short in Britain,
there should be little chance of double counting. For France, we do not use training dates as they are
missing for the majority of events.



datidicdly sgnificant in four countries - Denmark, Finland, Italy and the Netherlands — where
women are more likely than men to begin a training course. We later decompose the within-
country gender differentias, to see if they arise because of women's different characteristics (for
example, in some countries women are disproportionately found in the public sector), or because
their characteridics are ‘rewarded’ differently. We find that, even in countries where men and
women have smilar training incidences, there can be different, but opposing, effects of

characteristics and ‘returns’ at work.

2. The Econometric M ode

The observed dependent variable is binary, taking the value of one if the individud Started training
sincethe last interview and zero otherwise. We estimate static random effects (RE) probit modds
separately for each country and gender. Unfortunately there is no information on the complete
history of training received by individuas in the sample.'® All we obsarve is whether or not an
individua receives an additiond training event a each wave. However, to account for the effect of
pest training, education and work history on individua earnings prior to the receipt of training, we
indude lagged quintile group dummy variables to pick up the individud’s postion in the wage
distribution.™ Moreover, to avoid problems of smultaneity, we measure al explanatory varisbles
a the wave prior to the wave where the training information was dlicited.*® All covariates in the

modd are time-varying.

An aternative would be to model the training probability at timet conditional on what happened at t-1. This
would necessitate selecting individuals continuously present in the sample and addressing the potential
endogeneity of ‘initial’ conditions by using an appropriate instrument (Heckman 1981). However, to avoid
restricting the sample by dropping individuals not continuously present we estimate a‘ static’ model here.
Note time-varying covariates (as we have) in non-linear models are sufficient for identification of the
parameters of interest (Hyslop, (1999)).

The only exceptions are individuals who changed jobs between waves, and began training in the new job.
Then we use job characteristics from the later wave to ensure they correspond to the new job, but retain



The random effects probit assumes that the distribution of the random effects conditiond
on the covariates has a sandard norma digtribution with zero mean and congtant variance. This
assumption could be relaxed by adlowing for correation between the unobserved heterogeneity and
included covariates by, for example incduding time-means of the covariaes as additiona
regressors (Chamberlain, 1980). However, snce dl our varigbles are binary indicators, thereis not
enough vaidion in the time-means of the covariates to enable us to account for possble

correlation. We have therefore not followed this route.

3. Country-specific Estimates of Training Incidence

Our reduced form estimates for each of the ten countries are reported in Tables 2 and 3 for men
and women respectively. ™ Although we estimated al specifications with and without job tenure,
there was little difference between the estimates for our coefficients of interest. We therefore report
only the results with tenure excluded. For these EU countries, the tables report margind effects for

our variables of interest.

Lifelong Learning
Training over the working-life cycle might be viewed as ‘lifdong learning’, a concept that has been
made much of by OECD members (see for example, OECD, 1999: 134). In this paper, we

interpret ‘lifdong learning’ as training sarts over the life cycle. Human capita theory predicts that

their personal characteristics from the earlier wave, including their position in the wave distribution. This
procedure resulted in changes to the explanatory variablesin only 0.4% of cases.

We also estimated these models by restricting the coefficients to be equal across gender but allowing for
the variances of the unobserved heterogeneity to be different. This enables one to test for equality of
coefficients across gender using a likelihood ratio test. The null of equal coefficients was rejected for all
countries at 5% or less significant levels, except for Ireland [p-value=0.11], The Netherlands [p-value=0.07]
and Spain [p-vaue=0.85].



younger workers are more likely to be trained than older workers, since the period over which the
training investment can be amortised is longer. On the other hand, with rapid skills obsolescence,
that period might be relatively short; hence it may be in agents interests to train workers of any
age. In that case we might observe ‘lifdong learning — where continuing training is observed
across dl age groups.

Our RE probit estimates reported in Tables 2 and 3, which control for other factors
afecting training that might be corrdated with age, are quite driking in the following ways. Firg,
younger men are typicaly more likely to be trained. The margind effectsin Table 2 reved that, in
seven out of the ten countries - Audtria, Belgium, Britain, Finland, France, the Netherlands and
Spain — the training probability is sgnificantly reduced for men 40 and over, relative to the base
group of men aged 25-29 by about 37 percentage points. In al seven countries, the negative
effect is larger in aosolute terms for men over 50 than for men 40-49. For Austrig, France, the
Netherlands and Spain, men aged 30-39 are ds0 Satigticaly sgnificantly less likely to be trained
than the 25-29 year olds. In addition, Irish men aged 40-49 are dgnificantly less likdy to be
trained, whereas in Denmark there is a Sgnificant negative age effect for the over 50s orly. In only
one country — Italy — are men of al age groups are equdly as likdly to be trained. Interestingly,
compared to Irdland where there is a very smdl age effect, Spain is the only other country where
the negative age differentids are the least br men. For example, men aged 30-39 are only 2
percentage points and men aged 40 or more are only 3 percentage points less likely to have
darted training relative to men aged 25-30, ceteris paribus

Second, there is typicaly no satidicdly significant difference in the training probability for
older women as compared to the base group of women aged between 25 and 29. There are only

a few exceptions Audtrian women in the 30-39 age group are more likely to be trained, as are



Itdian women in the 40-49 age group. Only in France are women over 50 less likely to be trained
than the base group of women aged between 25 and 29.

In summary, after controlling for industry, occupetion, firm size and the like, for women
there is virtudly no correlation between the probability of sarting formd training and age. This
result might be congtrued as some evidence of lifdong learning for women. However, there is a
ggnificant negative age effect for men in nine out of our ten EU countries. For these men in these
countries there is no evidence of ‘lifdong learning’ .

These gender differences might arise if women are more likely to do jobs requiring regular
ills-upgrading (or multi-skilling) and occupational dummies are insufficient to control for this.
They might dso ariseif - relative to men - women have many jobs as they move in and out of the
labour market and get induction training a each job. While we cannot include labour market
experience or the number of previous jobs (this information is not available in the ECHP), we do
include quintile group dummy variables picking up the individud’s podition in the wage distribution
for the wave prior to the training start. This should account for the effect of past job higtory,

training and education on individua earnings prior to training.

Fixed-term Contracts (FTC)
Some temporary work is by its nature seasona or casud. For other jobs, where the work itself
does not dictate temporary employment, the job is temporary due to a characteristic of the
employment contract under which the worker is hired, namely its fixed-term duration. We
digtinguish where possble between seasond/casud temporary jobs (not covered by formad
contracts) and jobs covered by fixed-term contracts.

European countries have adopted widdy varying policies concerning employment
protection. In economies where permanent workers have high levels of employment protection,

8



temporary contracts can provide a mechanism enhancing labour market flexibility, since firms can
adjust their workforces by varying the number of temporary workers. In Spain, and to a lesser
extent France, countries characterised by high levels of employment protection, there has been a
dramatic growth in temporary jobs over the last 15 years (Dolado et d, 2002; Blanchard and
Landier, 2002). Britain's experience provides a contrast, since wesk employment protection has
been associated with a low, stable percentage of the workforce in temporary jobs (Booth,
Francesconi and Frank, 2002).*

Since a FTC is short, human capital theory would predict that it should be associated with
a lower training probability than a permanent contract. This is because there is a shorter period
over which the training returns can be redized. However other arguments suggest that FTCs might
be asxociated with more training-starts. Firdt, to the extent that FTC are probationary (as for
example in the Netherlands and Audtrig), firms might offer training as a means of learning about
worker ability before offering a permanent contract. Second, US evidence revedls that the mgority
of U.S. temporary help supply firms offer nomindly free, unrestricted computer skills training to
their contract workers and Autor (2001) suggests that such generd training induces sdf-selection
and screens worker ability. Some of our FTC workers might be from temporary supply agencies
(a possihility we cannot investigate with our data) and for this reason there might be a postive
correlation between training starts and FTCs. Third, in some countries (for ingtance, Finlard,
France, Itdy and Spain), legidation specificdly permits the use of FTCs for training purposes

(OECD, 1999: pp104-5) and this too might contribute to a positive corrdlation™®

¥ Temporary work isincreasingly falling under the aegis of European Union (EU) directives, asindicated in the

1999 EU directive concerning the framework agreement on fixedterm work. For information see the
Department of Trade and Industry site (http://www.dti.gov.uk/er/europe/directives.htm).

To the extent that some individuals self-classify themselves as being on training schemes, they will be
eliminated from the sample, since we drop paid apprentices and those on special employment-related
training schemes. However, see also footnote 5.




Tables 2 and 3 report margind  effects for workers on FTC, and separately for casud
workers where data permit, relative to the base of permanent workers.™® For the countries for
which we have information about casua work, there is no atisticaly significant difference between
casud and permanent workers in ther training prabability, with the exception of Danish men and
women. In Denmark, women in casua/seasona jobs are 25.5 percentage points less likely than
women in permanent jobs to receive training. The estimated effect for Danish men is 11.5.

For men, being on a FTC is associaged with a ddidicdly sgnificant lower training
probability for five countries — Audtria, Britain, Denmark, Finland and Spain. In Finland and
Spain, this effect is not only gatisticadly sgnificant a the 5% level or more but the estimated effect
islarge a about 10-13 percentage points. Thereis no statistically significant positive association for
men for any country.’” This finding provides some support for the orthodox human capital
predictions of a likely negative corrdation between short jobs and training starts. It is aso
consistent with lower job satisfaction reported in Petrongolo (1993) for FTC workers.

As reported in Booth, Dolado and Frank (2002) using aggregate cross- country data, there
is a sgnificant pogtive corrdaion between the proportion of aworkforce thet istemporary and the
drictness of EPL. The negative effect of FTC on training, reveded in Table 2 for men in five
countries, highlights a potentia further indirect outcome of the EPL. Since EPL increases
temporary contracts and temporary contract workers are less likely to get training, then EPL

through this mechanism affects a country’s human capitd acquistion. This mechanism may be at

% Our FTC and casual proportions in Table A.1 are lower than those reported in Booth, Dolado and Frank

(2002, p. F183). This might be because fixed and casual workers in the ECHP data are only defined for
individuals working more than 15 hours/week.

The proportions of men on FTC (as distinct from casual) in these four countries varies considerably. For
example, as Appendix Table A.1 shows, both Britain and Austria are characterized by relatively low
proportions of workers on FTCs. Finland has a higher proportion, at 8.5% for men and 12.8% of women,
while some 22% of Spanish male and female workers are on FTCs. Finland experienced arecession following
the Soviet Union break-up.
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work in Finland, for example, where the negative effect of a FTC is quite strong, at 10.3
percentage points, and where a relatively large proportion of men, 8.5%, are covered by FTCs.
For women (Table 3), in contragt, there is a positive corrdation between FTC and the
traning-gart probability for France (sgnificant only at the 10% leve), and a negative corrdation
for Denmark (dgnificant a the 1% leve) and for Finland (dgnificant a the 1% leve). The
sgnificant negetive effect that was found for men in Finland is aso present for women FTC

workersin Finland (although of half its magnitude in absolute value) 18

Part-time

In eight of our ten EU countries, part-time and full-time workers are as likdly to Sart training in any
year. Our sample includes only part-time workers working at least 15 hours per week, but
nonetheless thisis a striking result that does not accord with the predictions of human capital theory
(which suggests that part-timers get lesstraining asin part-time jobs there are fewer hoursin which
to capture the returns). The exceptions are Britain and Finland, where part-time men and women
are lesslikely to be trained. The absolute value of the margind effect is particularly large for British
and Finnish men. In these two countries, the training probability for part-time men is esimated to
be about 27 percentage points less compared to full-time men, ceteris paribus Note, however,
that male part-time incidence is very low in both countries (see Appendix Table A.1). While for
Dutch women there is a smdl negative effect, this is Satisicadly sgnificant only at the 10 percent

levd.

B Thelack of statistical significance of many of the FTC coefficients does not appear to be because FTCs are
collinear with the youngest age or bottom quintile group dummies. For example, on average some 30% of
FTC workers are older than 40, and typically only 30-40% of FTC workersarein the lowest fifth of the wage
distribution (an exception is the Netherlands, where the figure is 62%).

11



Public/Private Sector

The resultsin Tables 2 and 3 show that public sector men and women in Belgium, Britain, Finland,
France, and Spain are significantly more likely to be trained than their private sector counterparts.*
Public sector men in Denmark and Ireland, and public sector women in Italy and the Netherlands -
are dso dgnificantly more likely to be trained. The margina effect is quite large (about 13
percentage points) in the case of Finnish public sector men and women, and Danish men. Only in
Audtria does working in the public sector seem to have no effect on training starts for both men
and women. For men, only in Itdy and the Netherlands is there no datidicaly sgnificant
correlaion between training starts and sector.

These overdl findings are as expected a priori. As noted in Booth (1991), to the extent
that private sector firms are more congtrained than public sector by the need to make profits, they
may be less willing to finance training through fears of losng trained workers to rival non-training
firms. They might dso be subject to greater demand fluctuations, making worker redundancies

expensive since the training investment would be logt.

Complementarities between Education and Formal Training
Exigting evidence shows strong complementarities between education and training (see inter alia
Booth, 1991; Arulampaam and Booth, 1998; Brunello, 2001). Education levels of the working

population — and their disperson - differ condderably across EU countries, as ingpection of the

¥ Public sector —any size. Notice that Finland and Denmark both have high proportions of women in the

public sector. (Finland has 31% (men) and 54% (women), compared to 30% and 59% in Denmark). Other
countries with many public sector workers, but not the same gender division, are Belgium, France and Italy.
However, in all countries women are more likely towork in the public than the private sector.

12



means in Appendix Table A.1 makes clear. Education is categorised according to the Internationa
Standard Classfication of Education (ISCED), where Levels 0-2 cover less than upper secondary
education, level 3 is upper secondary education (e.g. GCE A-leves, baccalauréa) and levels 57
cover tertiary education, both university and non-university.

We show that, estimating separate models for each country, for both men and women,
there are seven out of ten countries in which highly educated individuas are significantly more likely
to get training than the base group of less than ypper secondary level.?* For both sexes, the
common s& of countries comprises Britain, Denmark, Finland, Italy and Spain. However highly
educated women in France and the Netherlands, and men in Austria and Irdland, are more likely to
experience training sarts than the base. Only in Belgium does education have no significant effect,
ceteris paibus.  In our companion paper (Arulampaam et a, 2003), we suggest that the
complementarity of the education and training sysems may explain some part of the observed
differences in wage inequdity across EU countries documented in, for example, Blau and Kahn

(1996).%2

Quintile groups
While we cannot include labour market experience or the number of previous jobs, (this
information is not available in the ECHP), we do include quintile-group dummy variablesto pick up

the individud’s pogtion in the wage digtribution for the wave prior to the training start. This should

% Note that there were no level 4 qualificationsin our data.

Z The pattern of our estimates differs from that of Brunello (2001). Thisis not surprising, as he included non-
workers and young people in his analysis and used the ECHP as a cross-section in which countries were
pooled. Our analysis also differs from Bassanini and Brunello (2003) who use the 1996 wave of the ECHP to

investigate training for full-time men in seven countries.

Groot and Maassen van den Brink (2000) also argue that training can exacerbate wage inequality.

13



account for the effect of past job history, training and education on the individua’s earnings just
prior to the receipt of training.

The results in Tables 2 and 3 show that in four countries — Audtria, Britain, Finland and
France — the lowest paid fifth of workers were less likely to begin training in any year than the
highest paid fifth for both men and women. The magnitude of the effects in Finland is particularly
large: 23 percentage points for men and 14 percentage points for women. In Irdland, Belgium and
Spain, low paid men, though not women, are less likely to train; whilst in Denmark there isonly a
negative effect for low paid women. In the Netherlands, there is some evidence that women in the
bottom fifth of the distribution do get more training, but there is no effect for men. In Itay there
does not seem to be any effect for low paid men or women. Though the results dso show some

negative effects higher up the wage digtribution, these are typicaly smdler.

Unobserved heterogeneity

Tables 2 and 3 report estimates of rho, the proportion of the total error variance accounted for by
unobservable individua heterogeneity (such as unobservable ability). Our preferred modd, for
both men and women, is the random effects probit, as compared with a pooled cross sectiona
mode, since the null hypothesis that rho = 0 is easily rejected for al countries. The estimates of
rho range from 0.14 for Dutch women to 0.45 for French women, and from 0.22 for Spanish men
to 0.43 for French men. They are generdly lower in Denmark, Italy, the Netherlands and Spain. In
these countries the regressors included in the model have done a rdlatively good job in capturing
individud specific factors, which affect training. But there clearly remain important aspects of
individua heterogeneity (perhaps owing in part to the particular inditutiona framework of each

country) that remain unexplained.

14



5. Gender Differencesin Training Incidence

We now investigate how much of the observed gender differences arise because of differing

characterigtics of women (for example, in some countries women are disproportionately found in
the public sector), or because their characteristics are ‘rewarded’ differently. The latter might

occur if the training probability for men differs from that of women because, for example,

differencesin preferences for training might make one gender more likely to accept training than the
other. Alternatively, the probability of being trained for otherwise identical men and women might
differ because one gender is more likely to be offered training opportunities by their employers,
ether because they are less likely to quit or because there is discrimination.

Another reason often put forward in the decompostion literature as to why ‘returns might
differ isthat indtitutions - as well as preferences and opportunities - might vary across two groups.
However, in our case when considering intra-country gender differences, it is hard to think of
ingtitutional factors that could lead to differences in returns (where returns to characteristics are
given by differences in the margina effects of particular characterigtics), gpart from differences in
any gpplication of anti-discrimination legidation or in the ease with workers are laid off.

It iscommon in the literature to use ether cross-sectiona or pooled pand data estimatesto
decompose differences between two groups of individuas. Since our modd is a random effects
probit that accounts for unobserved individuat specific error components, we take a different
route. After the estimation of the RE modd, we use the Bayesian framework to estimate for each
individual of each gender the unobserved individual- specific component?® Wethen use this, dong
with the vector of observable characterigtics and the estimated coefficients, to predict the

individua’s training probebility during the period. These predicted probabilities are then averaged

15



over the full sample of obsarvations for each gender. The resulting average is the probability of a
randomly chosen individua undertaking training (Gomulka and Stern, 1990).%*

For example, for men we cdculate the predicted probability using their characteristics and
the estimated coefficients (the impact of the characterigtics on the praobability). Then we aso use
the estimated coefficients from the female modd to obtain the average predicted probability for
males if the impact of their characterigtics were the same as the femdes. In Table 4, the ‘own'
predicted probabilities are reported adong the leading/principa diagonal for each country and the
‘other gender' predicted probabilities are reported dong the off-diagond.”® Thus, for men in
Audrig, the average predicted training probability is 0.142, while for women it is 0.135. But if men
had the same returns as women, then their predicted probability is 0.121 and if women had the
same returns as men, their predicted probability is 0.151. The standard errors are then calculated
aong the lines suggested by Gomulka and Stern (1990).

For each st of four predictions, if the rows are more smilar than the columns, then
characterigtics are more important than returns in explaining differences, and vice versa. In Itay
and Spain the rows are clearly more smilar than the columns. So it gppears that in these two
countries it is bascdly women's characteristics, which explain their higher training incidence
relative to men (though a Spanish man does have a higher training probability than a woman with

the same characteridtics). As noted previoudy, the gender differences in training incidence are

2 Estimations were carried out using Stata7 (2001) and Limdep version 8 (2002). The gllamm command in Stata

provides the estimate of ai. These estimates are sometimes referred to as the empirical Bayes predictions or
shrinkage estimates (Goldstein, 2003).

Another method is to calculate predicted probabilities using sample averages of the variables used in the
analysis and ignoring the individual specific unobservable component. This method, appropriate for linear
models, is routinely used in decomposition analysis. Since the representative individual given by the
sample characteristics is not a real individual we do not use this technique. Although we pursuethe most
appropriate analysis, its chief disadvantage is that we are unable to provide an inter-country decomposition
because of the presence of regional dummy variables in the country-specific models (Leuven and
Oosterbeek, 1999).

24
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satidicaly sgnificant in Ity and Spain.

The other two countries with Sgnificantly different incidences are Denmark and Finland. In
Denmark, holding coefficients congtant, female characteristics favour training. But for a woman
with typicd characteridics, training would be higher with a man’'s returns. So the two effects
oppose one another, but it seems that the characterigtics ‘win’. In Finland, on the other hand, both
characteristics and returns favour female training. Thisis aso the case in the Netherlands, though as
the columns ae more similar, the effect of returns is the more important. However, as noted, there
is no overd| datidicdly sgnificant difference in the training incidence of men and women in the
Netherlands.

In the remaining countries the differences in incidence are not Sgnificant, but these
gmilarities can mask some competing effects. For example in Audtria, female characteritics favour
training but they are counteracted by lower returns for women. In Belgium and Britain the picture is
more ambiguous. Women with typica characteristics would get less training with men’s returns, or
with men’s characterigtics, but on the other hand, men would get less training if they had women's
characterigtics. In France and Irdland, Table 4 does not suggest any significant differences between

the effects of characteristics and returns.

5. Conclusons

In this paper we established some stylised facts about work-related training in European Union
countries and investigated gender differences using decompostion analysis. Our interest was in:
‘lifdong learning’; the relationship between fixed-term contracts and training; part-time versus full-

time work; public and private sector training; complementarities between education and training;

% If the model had been a random-effects logit, the own predicted probabilities would have been the same as

the actual raw datatraining incidence. In probit models such as ours, they are approximately the same.
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and the individud’s postion in the wage digtribution prior to training. Our andyss yidded the

following stylised facts for employed men and women aged between 25 and 54 years.
Women are no less likdy than men to start a training course. In Denmark, Finland, Itay
and Spain they are consderably more likely to undertake training (by between 10% and
60%).
In Ity and Spain, women's different characteristics explain ther different training
probabilities relative to men. In Denmark and Finland differing returns a so seem important.
In other countries, smilar overdl incidences across the sexes can hide the opposing effects
of characteristics and returns.
The countries with the highest - predicted and actua - formd training probabilities are
Denmark, Britain and Finland, al with probabilities for both men and women of over 35%.
The next highest country was Audria, with 16%.
For women, there is little correlation between the probability of starting formal training and
age, which provides some evidence of ‘lifdong learning’. However, there is a Sgnificant
negative age effect for men in nine out of our ten EU countries,
For men, being on a FTC is associated with a sgnificantly lower training probability for five
countries — Audtria, Britain, Denmark, Finland and Spain. This finding provides some
support for the orthodox human capita predictions of the likely corrdation — negative -
between short jobs and training Starts. For women in most countries, thereis no satisticaly
dgnificant correlation. For the countries for which we have information about casua work,
only for Danish men and women is there a satisticdly sgnificant negative effect of casud

work on training.
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In eight of our ten EU countries, part-time and full-time workers are equaly likely to start
training in any year, a esult that does not accord with the predictions of human capital
theory. The exceptions were men and women in Britain and Finland.

For mogt EU countries, participation in training is higher in the public sector then in the
private sector for both sexes. These findings are as expected a priori.

For most countries, highly educated individuds are sgnificantly more likely to start training
than those with low educationd qudificaions, even taking account of their pogtion in the
wage digribution in the previouswave.

In al countries except Italy and the Netherlands workers in the bottom part of the wage
didribution get lesstraining ceteris paribus. But in the Netherlands there is evidence that

the lowest paid are more likely to undertake training.
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Table 1: Training Participation across Europefor Men and Women in Employment Aged 25-54 Years

Training in Europe

Audria  |[Bdgum |Britan Denmark |Finland  |France  |lrdand Ity Netherlands | Spain
Incidence of training starts
@1 Al 0.16(4) | 0.14(6) | 041(2) | 042(1) | 034(3) | 015() | 0.09(8) | 0.06(10)| 0.07(9) | 010(7)
2 Men 0.16(4) | 014() | 041(2) | 042(1) | 034(3) | 015(5) | 0.09(8) | 0.06(10)| 007(9 | 010(7)
(3) Women 0.16(4) | 013(5) | 043(2) | 047(1) | 041(3) | 016(4) | 010(7) | 009(8) | 008(9) | 0.12(6)

Notes: Cross-country ranks are in parentheses. Estimates areweighted using the supplied weights (PG003), which account for non—+andom sampl e selection due to the survey

design and patterns of individual non-response. The statistics can therefore betaken asrepresentative of each country’ s population.

23



Table 2: RE Training Probitsfor Selected Variables (tenureomitted) - Marginal Effects (standard error) for Men

Training in Europe

Variable Audtria Belgium Britain Denmark | Finland France Ireland Italy  |Netherlands| Spain
30-39 year old -0.031* 0.001 -0.017 -0.012 -0.039 -0.025** -0.014 -0.001 -0.025*** | -0.020**
(0.018) (0.020) (0.022) (0.027) (0.033) (0.011) (0.014) (0.007) (0.009) (0.010)
40-49 year old -0.053** -0.045** -0.074*** -0.037 -0.067* -0.066*** -0.033** -0.010 -0.056*** | -0.027**
(0.021) (0.022) (0.025) (0.028) (0.035) (0.012) (0.016) (0.007) (0.010) (0.012)
50-54 year old -0.097*** -0.074*** | -0.078** -0.091*** | -0.105** -0.107*** -0.025 -0.013 -0.074*** | -0.032**
(0.030) (0.027) (0.033) (0.035) (0.042) (0.017) (0.019) (0.009) (0.014) (0.014)
Fixed term contract -0.069* 0.036 -0.098* -0.125** -0.103*** 0.005 0.001 -0.002 0.009 -0.016*
(0.039) (0.025) (0.052) (0.052) (0.038) (0.017) (0.026) (0.010) (0.021) (0.009)
Casud / seasond 0.022 0.068 -0.054 -0.115** -0.073 -0.005 -0.005 0.039 -0.010
(0.130) (0.112) (0.078) (0.047) (0.093) (0.039) (0.027) (0.063) (0.046)
Part-time -0.022 -0.100 -0.266*** -0.120 -0.269*** -0.012 -0.025 0.001 -0.001 0.001
(0.061) (0.061) (0.098) (0.087) (0.099) (0.031) (0.035) (0.012) (0.026) (0.028)
Public sector 0.024 0.059** 0.075** 0.135*** 0.132*** 0.056*** 0.044** 0.006 0.014 0.040***
(0.023) (0.024) (0.033) (0.030) (0.030) (0.015) (0.021) (0.007) (0.014) (0.011)
2" leve education 0.066** -0.014 0.021 0.058* 0.031 0.001 0.056*** 0.023*** 0.003 0.042***
(0.029) (0.017) (0.028) (0.030) (0.029) (0.010) (0.015) (0.006) (0.008) (0.009)
3% evd education 0.080** 0.006 0.108*** 0.081** 0.102*** 0.005 0.066*** 0.024*** | -0.013 0.051***
(0.038) (0.016) (0.023) (0.084) (0.035) (0.013) (0.018) (0.008) (0.010) (0.010)
1* fifth of wage dist -0.088*** -0.096*** | -0.090*** 0.023 -0.225x** -0.078*** -0.054** -0.012 -0.005 -0.030**
(0.026) (0.023) (0.033) (0.031) (0.039) (0.016) (0.024) (0.008) (0.012) (0.014)
2" fifth of wage dist -0.074*** -0.057%** | -0.093*** 0.006 -0.157*** -0.038*** -0.048+* -0.020*** | -0.007 -0.029**
(0.021) (0.020) (0.028) (0.030) (0.033) (0.013) (0.019) (0.007) (0.010) (0.012)
3 fifth of weage digt -0.076*** -0.028 -0.016 0.016 -0.133+** -0.028** -0.015 0.000 0.008 -0.005
(0.019) (0.019) (0.024) (0.030) (0.031) (0.012) (0.015) (0.006) (0.009) (0.009)
4" fifth of wage dist -0.030* -0.012 0.018 0.019 -0.113+** -0.010 -0.011 -0.006 0.000 -0.001
(0.017) (0.016) (0.021) (0.025) (0.025) (0.010) (0.011) (0.005) (0.009) (0.008)
Estimated Rho [p-valug] 0.380*** 0.333*** 0.411*** 0.225*** 0.318*** 0.434*** 0.388*** 0.237*** 0.246*** 0.221***
[0.000] [0.000] [0.000] [0.000] [0.000] [0.000] [0.000] [0.000] [0.000] [0.000]
Obsarvations 4241 4001 5361 4478 3367 9695 3781 9338 8315 8274
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Training in Europe
Notes: Asterisks denote level of significance: * 10%, ** 5%, *** 1%. Other controls included but not reported are: dummies for married or cohabiting, health affects daily life,
presence of children under 12, firm size in private sector, occupation , region, industry and year. Dummies were also included for cases where there were a very large number of
missing values.
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Table 3: RE Training Probitsfor Selected Variables (tenure omitted) - Marginal Effects (standard errors) for Women

Training in Europe

Variable Audtria Belgium Britain Denmark | Finland France Ireland Italy Netherlands| Spain
30-39 year old 0.038* 0.015 0.002 0.005 -0.050 -0.007 -0.015 0.017 0.000 -0.024
(0.022) (0.017) (0.023) (0.031) (0.040) (0.012) (0.017) (0.011) (0.012) (0.016)
40-49 year old 0.023 -0.016 -0.008 0.029 -0.048 -0.015 -0.020 0.023* -0.007 -0.010
(0.023) (0.021) (0.026) (0.032) (0.041) (0.013) (0.019) (0.012) (0.012) (0.017)
50-54 year old -0.037 -0.046 -0.030 0.042 -0.059 -0.039** -0.021 0.022 -0.010 -0.029
(0.036) (0.031) (0.032) (0.040) (0.047) (0.019) (0.029) (0.015) (0.017) (0.024)
Fixed term contract 0.039 0.002 -0.015 -0.112%** | -0.048* 0.035* 0.015 -0.016 -0.011 -0.006
(0.030) (0.022) (0.044) (0.039) (0.029) (0.018) (0.026) (0.015) (0.025) (0.014)
Casua / seasond -0.04 -0.056 -0.255*** | -0.165 -0041 -0.066 0.008
(0.095) (0.055) (0.071) (0.120) (0.036) (0.065) (0.050)
Part-time -0.025 -0.025 -0.109*** | -0.049 -0153***  -0.023 0.018 -0.011 -0.019* 0.011
(0.023) (0.019) (0.028) (0.036) (0.056) (0.017) (0.020) (0.010) (0.012) (0.023)
Public sector 0.008 0.055*** 0.166*** 0.040 0.127*** 0.036** 0.020 0.027+* 0.023* 0.032*
(0.022) (0.019) (0.029) (0.034) (0.031) (0.016) (0.022) (0.011) (0.013) (0.017)
2" |evel education 0.045* 0.009 0.096*** 0.094*** 0.038 0.013 0.006 0.032*** 0.020* 0.040**
(0.026) (0.022) (0.028) (0.033) (0.033) (0.013) (0.021) (0.010) (0.012) (0.018)
3% levd education 0.017 0.021 0.122*** 0.126*** 0.077** 0.044*** 0.037 0.044*** 0.041*** 0.054***
(0.036) (0.020) (0.023) (0.035) (0.035) (0.015) (0.024) (0.013) (0.015) (0.019)
1% fifth of wage digt -0.098*** -0.027 -0.110*** -0.125*** -0.142** -0.054*** -0.045 -0.019 0.029* -0.024
(0.028) (0.022) (0.034) (0.040) (0.044) (0.018) (0.030) (0.013) (0.017) (0.025)
2" fifth of wage dig -0.071+** 0.022 -0.032 -0.050 -0.066 -0.038** -0.016 -0.016 0.040** -0.021
(0.026) (0.019) (0.031) (0.038) (0.041) (0.017) (0.026) (0.011) (0.017) (0.021)
3 fifth of wage dist 0.007 0.016 0.001 -0.068* -0.060 -0.029* 0.001 -0.015 0.022 -0.020
(0.022) (0.019) (0.030) (0.035) (0.039) (0.015) (0.022) (0.010) (0.016) (0.018)
4™ fifth of wage dist -0.013 -0.006 0.042 -0.001 -0.006 -0.017 0.016 -0.009 0.010 0.000
(0.021) (0.017) (0.028) (0.033) (0.038) (0.013) (0.021) (0.009) (0.016) (0.014)
Edimated Rho [p-vaug]  0.398*** 0.286*** 0.397*** 0.267+** 0.296*** 0.453*** 0.326*** 0.254*** 0.138*** 0.288***
[0.000] [0.000] [0.000] [0.000] [0.000] [0.000] [0.000] [0.000] [0.000] [0.000]
Obsarvations 2834 332 5331 4157 3420 7871 2664 6161 4966 4390

Notes: See notesto Table 2.
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Table4: Predicted Average Probability of Training (standard error)
Country Characterigtics Coefficients
Male Female

Austria Male 0.142 (0.005) 0.121 (0.009)
Female 0.151 (0.009) 0.135 (0.006)
Belgium Male 0.112 (0.005) 0.102 (0.006)
Female 0.093 (0.006) 0.107 (0.005)
Britain Male 0.405 (0.006) 0.411 (0.011)
Female 0.381 (0.013) 0.423 (0.006)
Denmark Male 0.437 (0.006) 0.436 (0.013)
Female 0.517 (0.012) 0.473 (0..007)
Finland Male 0.356 (0.007) 0.378 (0.014)
Female 0.365 (0.013) 0.421 (0.007)
France Male 0.111 (0.003) 0.096 (0.005)
Female 0.112 (0.004) 0.118 (0.004)
Ireland Male 0.069 (0.004) 0.081 (0.007)
Female 0.072 (0.006) 0.077 (0.005)
Italy Male 0.042 (0.002) 0.045 (0.003)
Female 0.066 (0.004) 0.072 (0.003)
Netherlands Male 0.050 (0.002) 0.061 (0.005)
Female 0.055 (0.004) 0.065 (0.003)
Spain Male 0.078 (0.003) 0.065 (0.004)
Female 0.108 (0.004) 0.104 (0.004)

Notes: (i) The predicted probabilities are calculated asthe average of predicted probabilities over gender
using estimated models with tenure omitted. See text for further details.
5 ~ P \2
(ii) The standard errors are cal cul ated as the square root of %;[cév(b ) % + izé ( f>| - P) where
n

b arethe logit model coefficient estimates, coV(b) js the estimated variance covariance matrix,

P= (U/n) aP Pisthe predicted probability of starting atraining event, and n isthe total number
of observations used in the summation. See Gomulkaand Stern (1990) for further details.
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Appendix
Table A.1: Meansof key variables
Augria | Bdgium | Britan | Denmak | Fnland | France | Irdand Ity  |Netherland§ ~ Spain
Fixed-teem  [Men 0.034 0.051 0.017 0.032 0.085 0.054 0.022 0.040 0.018 0.220
contract Women 0.046 0.092 0.029 0.047 0.128 0.059 0.044 0.045 0.033 0.222
Casud / Men 0.005 0.002 0.008 0.050 0.012 0.000 0.026 0.016 0.001 0.008
seasonal Women 0.000 0.006 0.018 0.020 0.010 0.000 0.069 0.017 0.009 0.028
Pat time Men 0.017 0.022 0.013 0.015 0.021 0.041 0.044 0.036 0.030 0.018
Women 0.269 0.247 0.290 0.158 0.067 0.197 0281 0.211 0.439 0.130
Public sector  [Men 0.257 0.322 0.219 0.301 0.313 0.409 0.374 0.343 0.235 0.253
Women 0.326 0428 0407 0.591 0.540 0553 0.393 0.470 0.383 0.395
Education Men 0.121 0.249 0.395 0.147 0.184 0.244 0.325 0.445 0.157 0494
ISCED 0-2 |Women 0.216 0.165 0.522 0.141 0.186 0.235 0.225 0.326 0.182 0.329
Education Men 0.796 0.344 0.143 0.451 0.455 0467 0410 0.438 0.590 0.206
ISCED 3 Women 0.682 0.268 0.140 0.401 0.339 0.393 0509 0.540 0.549 0.228
Education Men 0.083 0.346 0459 0.401 0.361 0.258 0.260 0.113 0.243 0.300
ISCED 57 |Women 0.102 0.507 0.336 0.458 0475 0.344 0.262 0.132 0.263 0.443
Bottom fifth of [Men 0.110 0178 0104 0.170 0.161 0243 0124 0.163 0.165 0.159
wage digt Women 0.335 0.261 0.281 0.262 0.283 0223 0275 0.244 0.275 0.215
Second fifth of [Men 0.202 0.205 0172 0.175 0.177 0183 0177 0.203 0.184 0.195
wage digt Women 0.223 0.208 0.219 0.204 0.256 0.188 0214 0.204 0.243 0.195
Thirdfifthof |Men 0.216 0214 0.192 0.165 0.182 0.203 0.220 0.207 0.1%4 0.203
wage digt Women 0.167 0180 0.201 0.245 0.207 0.207 0.182 0.197 0.215 0.193
Fourth fifthof [Men 0.230 0.190 0.244 0.215 0.229 0224 0.256 0.214 0.205 0.215
wage digt Women 0.158 0.196 0.165 0.184 0.152 0.204 0.175 0.170 0.176 0.188
Top fifth of Men 0.242 0213 0.288 0.275 0.250 0.247 0222 0.213 0.251 0.228
wage digt Women 0.116 0.155 0134 0.105 0.102 0178 0154 0.186 0.090 0.209

Note: estimates are weighted.
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Table A.2: Training Participation Ratiosin Europe, Disaggregated acrossKey Variables

Training in Europe

Audria  [Bdgum |Britan Denmark [Finland |France  |[Irdand  |ltdy Netherlands | Spain

Incidence of training starts
@ Al 016(4) | 0.14(6) | 041(2) | 042(1) | 034(3) | 015(5) | 0.09(8) | 0.06(10)| 0.07(9) | 0.10(7)
(2) Men 016(4) | 014(6) | 041(2) | 042(1) | 034(3) | 015(5) | 0.09(8) | 0.06(10)| 007 (9 | 0.10(7)
(3) Women 016 (4) | 013(5 | 043(2) | 047(1) | 041(3) | 016(4) | 010(7) | 0.09(8) | 0.08(9 | 0.12(6)
Ratios of training starts
(4) Women to men 096 (9 | 095(10)| 1.04(8) | 110(5) | 1203 | 107(6) | 1.12(4) | 161(1) | 1.06(7) | 130(2
(5) Young (25-29) to Old (50+)

Men 151(3) | 125(4) | 120(5) | L03(7) | 117(6) | 196(2 | 0.89(10)| 091(9 | 419(1) | 101(8

Women 171(2) | 164(3) | 1.02(7) | 088(9) | 096(8) | 157(4) | 1.96(1) | 045(10)| 155(5) | 1.25(6)
(6) Fixed-termto permanent

Men 048 (9 | 0.76 (6) 077(5) | 098(3) | 0.69(8) 1.06 (2 0.75(7) | 081(9) 133(1) | 0.31(10)

Women 0.87 (6) 114 (3) 111 (4) 0.83(7) 0.89 (5) 0.77 (8) 137 (1) 0.74 (9) 126 (2) | 0.77 (8)
(7) Publicto private sector

Men 126(8) | 1.35(7) | 1.35(6) | 140(5) | 150(4) | 114(9 | 201(1) | 161(3) | 082(10)| 1L79(2

Women 157(5) | 1.37(6) | 1.73(4) | 119(8) | 1.32(7) | 117(9 | 217(2) | 418(1) | 102(10)| 215(3)
(8) Education ISCED 0-2to 5-7

Men 017(9) | 037(6) | 057(2) | 048(4) | 047(5) | 049(3) | 018(8) | 017(9 | 094(1) | 024(7)

Women 026(6) | 024(8) | 054(3) | 047(4) | 060(2) | 042(5) | 025(7) | 011(9 | 065(1) | 0.25(7)
(9) Bottom to top fifth of wages

Men 0.30(6) | 0.30(6) | 043(3) | 060(2 | 039(4) | 033() | 015(9 | 020(7) | 1.31(1) | 016(8)

Women 019(8) | 037(5) | 047(4) | 050(3) | 050(3) | 053(2) | 020(7) | 015(9 | 1.17(1) | 0.25(6)
(10) Part-timeto full-time

Men 122(3) | 045(9) | 057(8) | 0.74(6) | 029(10)| 0.78(5) | 0.85(4) | 199(1) | 064(7) | 136(2

Women 065 (10)| 069(7) | 0.65(9 | 082(3) | 067(8) | 0.77(4) | 091(2) | 153(1) | 0.69(6) | 0.74(5)

Notes: Education is categorised according to the International Standard Classification of Education (ISCED). Levels 0-2 cover |ess than upper secondary education, level 3 is upper
secondary education (e.g. GCE A evels, baccalaureate) and levels 5-7 cover tertiary education, both university and non-university. Cross-country ranks are in parentheses.

Estimates are wa ghted.
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Table A.3 Sdlection of Estimating Sample
Unless otherwise stated, we gpplied the following initid selection:

Men who are: (i) between the ages of 25 and 54 years and working at least 15 hours per week;
(i) not employed in agriculture; (iii) present in at least two consecutive wavesto dlow training
between waves to be observed; and (iv) not apprentices or participating in speciad employment-
related training schemes

We then dropped observations with missing or invaid data on the varigbles, that isprincipaly:
training, fixed term or casud contract, occupation, industry, region, establishment Size, tenure,
part-time status, education, hedth status, marita status and presence of children.

Where the number of missing vaues was substantid, we aso included a dummy varigble for
missing value observationsin order to preserve the sample Sizes.

The table details the number of observations remaining a each of these selection stages.



Training in Europe

Country Initial no. of | Additional Included Combined Included | Final no.of | Other
observations | selections missing categories waves observation | comments
after thefirst | used value s[males,
selection dummies females]

[males,
females]

Austria 7343 Femae Women: 2-5 4241, 2834 No wave 1
casud Craft + Dummy for
workers operatives regions 5 &
dropped occupations 6inthe
because of combined estimation
lack of together into
training one category

Bdgium 9253 Industry Women: 1-5 4091, 3322 Dummy for

Craft + regions 8 &
operativesare 9inthe
with the base estimation

Britain 11106 (without Fixed Term 1-4 5361, 5331 Dummy for

(training dates | the last wave) [casud, UKregions

not available) industry 2-10inthe

estimation

Denmark 8791 Fixed Term 1-5 4478, 4157 No regional

[casud, dummies
industry,
occupation
Finland 6897 Industry, 3-5 3367, 3420 Dummy for
occupation regions 34
38inthe
estimation

France 19633 NO casud Fixed Term, | All: agriculture 1-5 9695, 7871 Dummy for

(training dates workers industry, iswith the base regions 40

not available) occupation, 46inthe

firm size estimation

Ireland 7357 Men: Hotel 1-5 3781, 2664 Dummy for

industry iswith region47in
the base the
Women: estimation
Agric industry

and Craft

Occup iswith

the base

Italy 16693 Femade All: Agric 1-5 9338, 6162 Dummies
casua industry iswith forregions
workers the base 49-58 in the
dropped estimation
because of
lack of
training

Netherlands 14944 Industry 1-5 8315, 4966 No Regions

Sen 13253 Region Women: 1-5 8274,4390 Dummies

energy and forregions

agric industry 27t032&

with the base region
missing
dummy in
the
estimation
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