Analyzing the Effects of

On-the-Job vs. Off-the-Job Training on Unemployment Duration in West Germany � by

Reinhard Hujer, Kai-Oliver Maurer and Marc Wellner �

Department of Economics

Johann Wolfgang Goethe-University, Frankfurt am Main

November 1998

� Financial support fromthe Deutsche Forschungsgemeinschaft is gratefullyacknowledged. T he authors want to thank especiallyHilmar Schneider, Institute for Economic Research Halle, for permission to use his GAUSS library for the estimation of discrete hazard models and Joachim Grammig for helpful suggestions.

� Corresponding author: Reinhard Hujer, Department of Economics, Johann Wolfgang Goethe-University,

Mertonstraße 17, 60054 Frankfurt amMain, Germany, email: hujer@wiwi.uni-frankfurt.de, WWW:

http://www.wiwi.uni-frankfurt.de/professoren/empwifo

A BSTRACT

This studyis concerned with the impact of on-the-job and off-the-job training on individual unemployment duration in West Germany. The base data used is the

German Socio-Economic Panel (GSOEP) for the period from 1984 to 1993. To resolve the intriguing sample selection problem, i.e. to find an adequate control group for the group of participants, matching methods are applied which use the individual propensityscore for participation in vocational training as the main matching variable. The propensityscore is obtained byestimating a random effects probit model . On the basis of the matched sample a discrete time hazard rate model is utilized to assess the impact of vocational on-the-job and off-the-job training on unemployment duration. The results indicate, that on-the-job training has no significant effects on the duration of subsequent unemployment spells, whereas offthe-job training has significant negative effects on duration in the short run but not in the long run.

Keywords: discrete hazard models, unemployment duration, on-the-job training, off-the-job training, selection bias

JEL classifications: C41, J20, J64

˘ 1 ˘

I. Introduction

In recent years labor market policydebates in Germanyregarding the value of training programs have become increasinglycontroversial. On one hand the persistentlyhigh level of unemployment rates stresses the necessityof training programs in helping unemployed former participants to find jobs faster and employed participants to retain their jobs longer. The main hypotheses are that participation in training reduces human capital decay, improves job search skills during unemployment and strengthens work habits during employment. On the other hand, it is often called into question whether the positive effects of training programs outweigh their costs. Moreover, advocates of a pessimistic perspective even argue that participation in training programs during episodes of high unemployment maybe seen as a negative screening factor for some employers and maytherefore have a negative impact on the individual’s employment chances.

In order to justifyor reject training as a helpful part of active labor market policy, empirical studies investigate the effectiveness of training programs on different individual outcomes.

Typicallysuch outcomes are employment or unemployment rates, earnings, wages and the duration of employment or unemployment spells. The fact that the effect of training on earnings is primarilya result of its effect on employment rates raises the question whether employment rates change because participants keep their jobs longer or because theyare able to find jobs faster once unemployed. This studyconcentrates especiallyon the question whether former participants manage to find jobs faster when becoming unemployed. Hence, the outcome of interest is the individual duration of unemployment. In order to take into account that the effect of training mayvarywith the type of vocational training provided, the analysis distinguishes between on-the-job training and off-the-job training, i.e. between training provided or not provided during working hours.

To evaluate the causal effect of training programs on anykind of outcome one has to contrast the situation of the participants after training with the counterfactual situation in the absence of training. Because the latter situation is onlyhypothetical, i.e. not observable, it needs to be estimated, based on the outcome of other individuals who did not receive training, members of a so-called control group. When choosing or constructing this control group, different adjustment procedures are applied to ensure that participants and non-participants are identical with respect

˘ 2 ˘ to all relevant characteristics except for not having obtained training. In experimental evaluations, an adequate control group is generated bymeans of randomization at the stage of actual assignment to the program. In studies where non-experimental data are used, different econometric adjusting or statistical matching procedures are applied to artificiallyconstruct or find an adequate control group. Failure to adjust for discrepancies between participants and nonparticipants maylead to substantiallybiased judgements about the effect of the training program.

Econometric literature calls this bias a sample selection bias .

The fact that existing empirical studies on the effects of training programs for West Germany varywith respect to the outcome theymeasure, the types of training theyevaluate, the econometric or statistical methods theyapplyand the data theyuse, makes a comparison of results quite difficult. 1 Hujer, Schneider (1990), for example, analyze the effects of training on the reemployment probabilities of unemployed in West Germanyusing the first four waves of the

German Socio-Economic Panel (GSOEP) covering the time period from 1983 to 1986. They applya continuous time duration model that accounts for unobserved heterogeneity. The estimated results indicate a significant positive short run training effect whereas a long run effect of training was not detected.

Becker (1991) examines the impact of vocational training programs on career ladder changes based on a sample of three cohorts of West Germans from the German Life HistoryStudy. The author applies a continuous time duration model to estimate independentlythe effects of training on up- and downward movements on the career ladder. The results imply, that successful training programs, i.e. if a certification was assigned, raise the promotion probabilities significantly.

Büchel, Pannenberg (1994) and Pannenberg (1995) are concerned with the relation between onthe-job training, firm-internal career ladders and income changes in West Germanyusing data from the GSOEP from 1984 to 1991. Büchel, Pannenberg (1994) estimate the relationship between on-the-job training and movements on internal career ladders bymeans of a bivariate probit model. To estimate the effect of on-the-job training on earnings a fixed effects model is used. The results indicate that on-the-job training has positive effects on promotion probabilityas well as on earnings. Pannenberg (1995) finds significant negative effects of off-the-job training

1 For a wider overviewof empirical studies related to the impact of training, see Björklund (1989), Dolton (1994) and Hujer, Maurer, Wellner (1996b).

˘ 3 ˘ on unemployment duration and significant positive effects of-the-job training effects on seniority and income.

Pischke (1996) conducts a detailed analysis of vocational training activities in and effects for

West Germanybased on data from the GSOEP for 1986 to 1989. The author distinguishes between on-the-job training and other training. The results show that prior participation in vocational training has mainly insignificant effects on wage growth.

In Prey(1997) payment of a maintenance allowance is the distinguishing feature regarding vocational training. The studyuses the first ten waves of the GSOEP (1984-1993) and examines individual employment probabilities as the outcome variable. Using a dynamic random effects model that simultaneouslytakes the participation decision into account, no significant impacts of participation on employment probabilities are identified. This applies to vocational training with and without payment of a maintenance allowance for both men and women. In the long run, the results for men even show a significant negative effect.

Based on the first ten waves of the GSOEP, Staat (1997) examines the effect of public vocational training with payment of a maintenance allowance on employment and unemployment duration.

Instrumental variables correct for possible selection bias. The estimation results show no significant results of participation in public vocational training.

Own previous work, using data from the first eleven waves of the GSOEP 1984-1994 and either instrumental variables (Hujer, Maurer, Wellner (1997a)) or matching methods (Hujer, Maurer,

Wellner (1997b, 1998a)) in order to take into account sample selection bias, identifies a significant negative effect of vocational training in general on unemployment duration in the short run and insignificant effects in the long run. Hujer, Maurer, Wellner (1998b) evaluate the effect of vocational training with payment of a maintenance allowance and find that a significant negative effect of this type of vocational training on unemployment can onlybe expected for short training courses where the effect is directed towards the first post-training unemployment spell, if this spell does not immediately follow the training participation.

The present studyextends the issue of heterogeneityof training measures to the distinction between on-the-job and off-the-job training. To keep results comparable, the outcome variable unemployment duration in West Germany, the econometric model, the semi-parametric discrete

˘ 4 ˘ hazard rate model with gamma-distributed unmeasured heterogeneity, and the base data, the first eleven waves of the GSOEP, remain unchanged. To resolve the alreadymentioned sample selection problem, i.e. to find an adequate control group, we - like Lechner (1995, 1996a, 1996b)

- employmatching methods proposed byRosenbaum, Rubin (1985) and Rubin (1991). These matching methods use the individual propensityto participate in training, obtained byestimating a random effects probit model, as the main matching variable. In addition, information on the monthlypre-training employment status in order to take into account transitoryshocks just prior to training, as well as information on regional labor market conditions in order to include potential demand side effects, are incorporated. Given the resulting matched sample, the necessityto estimate a discrete time hazard rate model for evaluating the impact of vocational training on unemployment duration is emphasized.

The paper proceeds as follows. The next chapter presents some features and developments of the

West German labor market before and during the time span considered in our evaluations.

Chapter 3 describes the base data and presents descriptive statistics for several characteristics of the chosen sample. Chapter 4 is devoted to the construction of an adequate control group. It first outlines the fundamental evaluation problem theoreticallyand then presents the strategyapplied to deal with it. The chapter also discusses the estimation results for the propensityscore and the application of the matching methods. Chapter 5 deals with the impact of on-the-job and off-the-job training on the transition from unemployment to employment. To this purpose, the semiparametric discrete time hazard rate model is introduced which is then used to evaluate the impact of vocational training. Due to restrictions immanent to the analysis the evaluation actually refers to the period between 1986 and 1993. Chapter 6 summarizes the main findings.

II. The Labor Market in West Germany: Some Stylized Facts

Figure 1 shows the development of the unemployment rate and the average elapsed unemployment duration of these individuals for the period actuallyevaluated in this study. It is apparent that the average elapsed unemployment duration and the unemployment rate do not vary with each other in the wayone might have expected: despite a substantial decline in the unemployment rate between 1988 and 1991, the average elapsed unemployment duration is quite

˘ 5 ˘ stable. After 1991, when the unemployment rate increased byalmost two percentage points until

1993, the average elapsed unemployment duration even decreased byalmost two months. Thus, it cannot be expected that evaluations of the impact of vocational training on either unemployment probabilities or unemployment duration come to the same conclusion.

< figure 1 about here >

Figure 2 illustrates the dynamics behind the unemployment figures that will also affect unemployment duration. With approximately2 million unemployed individuals, the figures for entries into and exits from unemployment are substantiallyhigher. During 1986 and 1991 between 3.5 and 4 million entries into unemployment have been recorded each year. Of course, periods with decreasing unemployment figures are also periods where the exits from unemployment are higher than the entries into unemployment and vice versa.

< figure 2 about here >

These dynamics are another reason for this study’s focus on unemployment duration rather than employment or unemployment rates as an outcome variable.

III. The Base Data

The sample used for the analysis is drawn from the German Socio-Economic Panel (GSOEP), a representative sample of the resident population in Germany. 2 Starting in 1984 in West Germany, about 12,000 individuals of age 16 and older in nearly6,000 households were interviewed on a yearlybasis about subjects such as employment status, personal characteristics, education, various types of income etc. From 1990 onwards, an additional sub-sample of 4,500 individuals in just under 2,000 East German households was added. Since this studyis limited to West

Germany, the latter sub-sample is disregarded in the following analysis.

2 For a detailed description of the GSOEP see Hanefeld (1987), Projektgruppe Sozio-ökonomisches Panel (1995) or Wagner, Burkhauser, Behringer (1993).

˘ 6 ˘

Information on individual unemployment duration stems from the retrospective monthly

"calendar" that gathers detailed information on the individual’s labor force status in each month of the previous calendar year. In this questionnaire the individual has to distinguish between up to eight different labor force states for each month. The states include full-time employment, part-time employment, registered unemployment, education, etc. Information on participation in vocational training comes from two special surveys carried out in 1989 and 1993, where individuals were asked about their last three vocational training courses that were either completed in the previous three years or were still ongoing. The distinction between the two types of vocational training that are considered in this studyis formed using information as to whether the training took place during working hours: on-the-job training is defined as vocational training that took place completelyor at least partlyduring working hours, all other vocational training is off-the-job training.

Due to the limited retrospectivityof the special surveyon vocational training, information on vocational training activities during 1984 or 1985 is almost completelymissing. In addition, as no further special surveyon vocational training has been conducted since 1993, no comparable information on vocational training activities in later years is available. Hence, the evaluation in this studyis limited to the period from 1986 to 1993. The panel waves for 1984, 1985 and 1994 serve as an information source for certain covariates and for information on unemployment duration in 1993.

The selected sample consists of individuals who had at least one unemployment spell during the time span 1986-1993 and who participated in both special surveyon vocational training activities. Due to methodological reasons, left-censored spells have been excluded from our analysis (Hujer, Schneider (1996), Vermunt (1997)). Unemployment spells are considered to be completed if theyend through a transition into employment where employment consists of both full-time and part-time employment. All other spells are considered to be right-censored. This selection results in a sample of 1,180 individuals who contribute 1,835 unemployment spells.

720 of these spells are right-censored. The average unemployment duration of all spells is 8.91 months, whereas the average duration of completed spells is 6.09 months.

The crucial problem when using non-experimental in contrast to experimental data is that participants in vocational training are not a random sample from the population of interest. The descriptive comparison between non-participants and participants in table 1 reveals that this

˘ 7 ˘ holds also true for our sample. There are major differences in characteristics such as nationality, education or employment status. On average participants are younger, are less likelyto be a foreigner and have a higher formal education level. Consequently, a simple comparison between mean unemployment duration for participants and non-participants as an indicator for the causal effect of vocational training in general has to be considered carefullysince it is subject to potential selection effects. Table 1 also illustrates how sensitive the comparison of mean unemployment duration between participants and non-participants is with respect to the treatment of right-censored spells. Considering completed spells only yields a far lower difference than in the case where right-censored spells are also included.

< table 1 about here >

IV. Constructing a Control Group using Matching Methods

IV.1 Evaluation Problem and Identifying Restrictions

The causal effect of participation in vocational training that is usuallyconsidered in the evaluation literature is the mean effect of treatment on the treated which is defined as the average individual outcome gain of participants in vocational training compared to the situation in which theywould not have participated in vocational training. Apparently, in order to assess this causal effect, one has to contrast the individuals´ situation after training with the corresponding situation of the same individuals in the hypothetical case of not having participated in training, the counterfactual situation. This points to the central problem of all program evaluations: They have to compare two situations which can never both occur at the same time. While one can observe the first situation, the latter is always hypothetical, i.e. unobservable. Hence, it has to be estimated based on the information of other individuals who did not participate in the training program, members of a so-called control group.

Here the formalization of the evaluation problem is based on the Roy-Rubin model (Roy(1951),

Rubin (1974)). In this model, there are two potential outcomes ( Y i

t , Y i

c ) for an individual i,

˘ 8 ˘ where Y i

t corresponds to the situation in the case of participation and Y i

c to the case without participation. The causal effect of participation in vocational training for each individual is then defined as the difference between his or her potential outcomes ( Y i

t - Y i

c ). 3 The evaluation problem arises because one can onlyobserve either Y i

t or Y i

c , but never both, and hence the difference cannot be formed for anyone.

Using this notation the mean effect of treatment on the treated is defined as

( ) ( ) ( ) a = - = = = - =

E Y Y D E Y D E Y D

t c t c

1 1 1 , (1) where D is a dummyvariable determining whether each individual was exposed to vocational training ( D = 1 ) or not ( D = 0 ). The problem of not observing the counterfactual is now documented easily by the fact, that one only has information to estimate

( ) ( ) a e t c

E Y D E Y D = = - =

1 0 . (2)

It is obvious that a e is a potentiallybiased estimator of the training impact of interest ( a ), since

( )

E Y D c = 1 , i.e. the unobservable average outcome of participants in the absence of training, does not necessarilyequal

( )

E Y D c = 0 , i.e. the observed average outcome of non-participants.

This inequalityevidentlyarises if participants and non-participants differ systematicallyin their individual characteristics as they do in the data set used in this study (see Section III).

Carefullydesigned experiments are often viewed to be the onlyvalid procedure to overcome this evaluation problem and to obtain reliable estimates of the impact of vocational training. 4 In an experiment, individuals who have originallybeen accepted for the training program are, in a second stage, randomlyassigned to either the group of actual participants in the training program, or to a group of actual non-participants. Because of the random assignment process, the two groups do not differ systematicallywith respect to all observable and unobservable

3 General equilibriumeffects are ignored, so that the potential outcomes for a given individual are not affected by the training status of other individuals.

4 See Ashenfelde r, Card (1985), LaLonde (1986) or Burtless, Orr (1986).

˘ 9 ˘ characteristics, except for the fact of program participation. Thus, a difference in the outcome after training is onlyinduced bythe training program itself, i.e. the impact of training is isolated and a selection bias does not exist. In formal terms the role of randomization is preciselythat the potential outcomes (Y t and Y c ) are independent of the assignment to the training program (D). It follows that

( ) ( )

E Y D E Y D c c = = =

1 0 . (3)

Thus, the group of non-participants can be used as an adequate control group to estimate the training impact a . 5

As the GSOEP is a non-experimental data set this studyhas to cope with the evaluation problem in a different way. It does so byfollowing an approach introduced byRubin (1977), which is very much inspired bythe conduction of an experiment. To construct an adequate control group in a non-experimental setting, this approach is based on the identifying assumption that, conditional on all relevant covariates (Z), the potential outcome without training (Y c ) is independent

(denoted by ) of the assignment to training (D):

Y c D ½ Z z = . (4a)

If this assumption holds, then

( ) ( )

E Y Z z D E Y Z z D c c = = = = = , , 1 0 . (5a)

Rewriting the crucial term in (1) as

( ) ( )

E Y D E E Y Z z D D c

Z D

c = = = = =

é ë

ê

ù û

ú =

1 1 1

1

, (6)

5 Despite this advantage of the experimental approach there are, however, some general and methodological problems related to experiments which have been discussed in literature. Especiallyethical arguments against the randomselection process and practical difficulties to adequatelyconduct an experiment are most often mentioned. For a wider discussion of relative advantages of experimental and non-experimental approaches see e.g. Burtless, Orr (1986), Björklund (1989) and Heckman, Smith (1995).

˘ 10 ˘ and inserting equation (5a) leads to

( ) ( )

E Y D E E Y Z z D D c

Z D

c = = = = =

é ë

ê

ù û

ú =

1 0 1

1

, . (7a)

An evaluation of (7a) ˘ and thus of a ˘ on the basis of the group of non-participants is now basicallypossible byconditioning on the distribution of all relevant covariates ( Z z = ) in the group of participants. The implementation of conditioning is, however, usuallylimited due to the high dimensionalityof the vector z. In order to deal with this problem of dimensionality,

Rosenbaum, Rubin (1983) suggest the use of the propensityscore, i.e. the conditional probability of participating in training given the set of all relevant covariates, defined as

( ) ( )

P Z z P D Z z = º = =

1 . Theyshow that if the potential outcome without training is independent of the assignment mechanism conditional on Z z = , then the conditional independence assumption extends to the propensity score:

Y c D ½ ( )

P Z z = . (4b)

This leads to:

( )

( )

( )

( )

E Y P Z z D E Y P Z z D c c = = = = = , , 1 0 . (5b)

The crucial term in (1) can now be written as:

( )

( )

( )

( )

E Y D E E Y P Z z D D c

P Z D

c = = = = =

é ë

ê

ù û

ú =

1 0 1

1

, . (7b)

The major advantage of the identifying assumption (4b) is that it turns the estimation problem into a much easier task as one onlyhas to condition on a univariate scale, i.e. on the propensity score.

In order to condition on the propensityscore the next step involves the estimation of this propensityscore. This is done in subsection IV.2. bymeans of a random effects probit model.

Since the aim is to construct an adequate control group that does not systematicallydiffer from the participant group with respect to the relevant characteristics, an attractive wayto condition on

˘ 11 ˘ the estimated propensityscore is the application of matching methods proposed byRosenbaum,

Rubin (1985) and Rubin (1991) (subsection IV.3).

IV.2 Estimating the Propensity Score

The estimation of the propensityscores in this studyhas to deal with several problems. First, it has to take into account the unbalanced nature of the sample. Second, there is the problem that the starting dates of the training programs vary. Hence, if there are relevant (time-varying) covariates which are related to the beginning of the training program, theyare not clearlydefined for the non-participants (Lechner (1995)). Third, one has to be careful to consider onlycovariates which influence the decision to participate in training ( D ) as well as the potential outcome without training ( Y c ) but which are unaffected bythe training program, i.e. are exogenous. Thus, the relevant covariates should be pre-training variables.

It is assumed that observations are missing at random. Consequently, estimation uses an unbalanced random effects probit model for the decision to participate in vocational training. For a given year or wave an individual is defined as participating in vocational training if he enters a vocational training measure in the period after the current interview and up to the following interview and as non-participating otherwise. In order to ensure that the covariates ( Z z it

= ) are dated prior to the beginning of the training program theyrefer to the time of the current interview. Estimation is based on the eight waves with information on vocational training (1986 to 1993).

Table 2 contains the estimation results. The selection of potentiallyrelevant covariates relies on theoretical hypotheses related to human capital theoryand also considers variables proposed by other empirical studies of training participation (e.g. Blundell, Dearden, Meghir (1996)). Theory suggests that investment into human capital and hence participation in training decreases with age. The estimation results exhibit a concave influence of age with a maximum at approximately age 31. The hypothesis that men (MALE) have better access to training due to discrimination against women could not be confirmed. A foreign nationality(FOREIGNER) has a significant negative effect, which confirms hypotheses that minoritygroups have a poor access to training programs. However, a negative effect of being DISABLED was not detected. The hypothesis that

˘ 12 ˘ variables related to familycontext might influence the training probability, due to a greater marginal value of non-market time, could onlybe verified for martial status (PARTHH) but not for children (KS, KM, KL). The results concerning the variables that capture the formal educational level confirm the assumption that human capital accumulated earlier positively influences the investment into new human capital. Individuals who have completed an apprenticeship (LEHRE) or who have a universitydegree (DIPLOM) participate significantly more often in vocational training.

< table 2 about here >

Evidently, participation in vocational training is also related to the actual labor market status since this can reflect a special need to participate in training as well as different access possibilities to training programs. Being employed (EMPLOYED) increases the training participation probability. This increase is even stronger if the individual is employed in the public sector (PUBLIC SECTOR). Moreover, the probabilityof participation in training rises with firm size, i.e. large firms seem to provide more training than small firms (FIRMSIZE). The results relating to variables describing the specific job position show that individuals with jobs which require a high qualification participate in training more often (JOBQUALIF). The status ^blue collar worker^ (BLUCOLLAR) has a negative effect compared to ^white collar worker^

(WHICOLLAR) and the reference group. The fact that the individual is working in the occupation he was originallyeducated for (JOBEDUC) mayprovide a (deceptive) feeling of safety, as it lowers the probabilityof participation. An alternative explanation of this coefficient maybe the fact that the function of vocational training is to compensate for a missing original education. 6

Concerning the influence of employment history, individuals who were employed in the last two years (EMP2YRS) have an increased training participation probability. As emphasized by

Heckman et al. (1997), variables that predict job-seeking might be veryimportant determinants of training participation. Hence a variable is included that is related to future plans regarding employment. Individuals who are currentlynot employed and are seeking for an employment in the near future (FUTEMPIMM) are most likely to participate in a training measure.

6 T his interpretation was suggested byFriedhelmPfeiffer, Zentrumfür Europäische Wirtschaftsforschung,

Mannheim.

˘ 13 ˘

Finally, the specification contains a "technical" variable in order to take into account the specific

(retrospective) nature of the questionnaire concerning vocational training (SPECQUEST). This variable exhibits a negative "memory"-effect, i.e. an increasing distance between the current wave and the following special questionnaire makes the observation of a training participation less likely.

IV.3 Application of Matching Methods

The aim of matching methods is to select for each participant non-participants, that resemble him or her as well as possible in terms of pre-training characteristics and thus to achieve a conditional independence between the potential outcome without training ( Y c ) and the decision to participate in training (D). If this is done correctly, it will result in a matched sample consisting of participants and non-participants who on average - similar as in a randomized experiment - do not differ systematicallyin all relevant characteristics, thus eliminating the need to take into account the selection process into training when estimating its impact on unemployment duration.

The central conditioning or matching variable is the estimated propensityscore. As stressed by

Heckman et al. (1996), a successful application of matching methods is onlypossible within the range of common support of the distribution of the propensityscores of the groups of participants and non-participants. Obviouslythis requires a large a-priori overlap between the densities of the propensityscore for the participants and non-participants. A comparison of the distributions of the propensityscore for every year reveals that a large overlap indeed exists, despite the fact that the mass of the distribution of the non-participants is to the left of that of the participants. 7

The estimation of the propensityscore onlyincorporates yearlycharacteristics. Potentially important differences like a particularlybad labor market situation for participants just prior to the training program, as emphasized byLechner (1995, 1996a, 1996b) for East Germanyor by studies for the US (Ashenfelder, Card (1985); Card, Sullivan (1988)), might not be adequately captured. Therefore the set of matching variables is extended to include variables obtained from the retrospective calendar and which describe the monthlypre-training employment history. The

7 See figure A.1 in the appendix for an example.

˘ 14 ˘ employment status in the last month before training is included as well as the average employment status in the last 4 and 12 months before training. Moreover, Heckman et al. (1996) point out that accounting for differences in regional labor market conditions might also be essential to constructing an adequate control group. Hence, the set of matching variables also contains an indicator that captures the regional labor market tightness (ANSPINDEX). To further enhance matching quality, the matching procedure also directlyincorporates the subset of significant variables used for the propensityscore estimation. These variables are: AGE,

FOREIGNER, LEHRE, DIPLOM, EMPLOYED, JOBQUALIF, FIRMSIZE, FUTEMPIMM and

EMP2YRS. Finally, due to an initial condition problem (Ham, LaLonde (1990, 1996)) that would later arise when comparing post -training unemployment spells of participants with the non-participants that are alreadyin progress when training ends, the matching procedure is restricted to non-participants whose first post -training unemployment spell is a fresh spell (i.e.

the starting point of the unemployment spell is dated after the end of the training).

Basically, it seems straightforward to match each participant onlywith the closest non-participant

("one-to-one-sampling"). However, neglecting the other non-participants leads to a small sample size and thus lower degrees of freedom when later estimating the impact of training on unemployment duration. Therefore, in order to obtain a larger sample size, this studyapplies a matching procedure that groups each participant with more than one non-participant

("oversampling"). 8

Table 3 demonstrates the qualityof the matching procedure. A comparison between randomly selected non-participants and participants reveals significant differences especiallyin the propensityscore and education, as well as some socio-demographic and job related variables. In contrast, the distribution of characteristics of the matched non-participants resembles the group of participants very closely, and no significant differences were detected in the means.

< table 3 about here >

With respect to differences in the monthlypre-training employment status, figure 3 shows that participants have a higher unemployment rate just prior to the training program in comparison with random non-participants (panel (a)). Looking at the difference in unemployment rates

8 See Hujer, Maurer, Wellner (1997b) for a detailed description of the matching procedure.

˘ 15 ˘ between the non-participants selected through the matching procedure and the participants reveals that the matching algorithm is able to reduce this upward shift (panel (b)): Here the 95%- confidence interval always includes zero so that for all twelve months prior to participation in vocational training no significant differences between both groups exist.

< figure 3 about here >

V. Training and Unemployment Duration

V.1 Duration Analysis based on a Matched Sample

So far this studyhas considered the evaluation problem that arises as a consequence of selection into training. Application of the matching procedure results in a matched sample that consists of

113 participants and 218 selected non-participants who on average ˘ as in a randomized experiment ˘ do not systematicallydiffer in anyrelevant characteristics. 160 post -training unemployment spells are observed for the participants and 295 for the non-participants. An obvious wayto obtain the impact of training on unemployment duration is to compare the average post -training unemployment duration of participants and non-participants.

Yet, as Ham, LaLonde (1990, 1996) demonstrate, even in an experimental framework which eliminates the need to control for selection into training, the appropriate evaluation method is heavilydependent on the particular outcome of interest. If the outcome of interest is the employment or unemployment rate, it suffices to simplycompare participants´ and nonparticipants´ average post-training employment or unemployment rates. However, with unemployment duration as the outcome variable of interest there are three reasons, whya simple comparison of participants´ and non-participants´ average duration would be insufficient and would lead to potentially biased estimates of the training effect:

· The first problem with simplycomparing the participants´ and non-participants´ average duration is the existence of right censored spells. A comparison of average unemployment

˘ 16 ˘ duration neglects the information that right censored spells are still ongoing and not completely observed until their end.

· A second problem is that participants’ and non-participants’ unemployment spells do not necessarilyoriginate at the same time and, thus, time-varying characteristics and demand conditions may differ.

· Finally, the following problem still remains even if the unemployment spells of participants and non-participants begin at the same time, e.g. the first period after training: Whilst, with the exception of having participated in vocational training, participants and non-participants do not systematicallydiffer on average with respect to their characteristics in this period, in subsequent periods, the average characteristics of those participants and non-participants who are still unemployed do not necessarilyequal (as in the initial groups). If for example, participation in vocational training has the effect that relativelymore participants with bad labor market characteristics are able to exit unemployment than are non-participants with bad labor market characteristics, the group of unemployed participants in the second period will tend to have better labor market characteristics than the corresponding group of unemployed non-participants.

These issues emphasize that even with a matched sample an econometric model is still required for the evaluation. An appropriate approach which considers right censoring, and controls for relevant observable and unobservable characteristics besides training participation is the hazard rate model.

V.2 A Discrete Time Hazard Rate Model

Hazard rate models are concerned with observation i´s instantaneous rate of leaving a certain state of interest (here: unemployment) per unit time period at t, i.e. the hazard or transition rate:

( ) ( ) ( ) l i d t

i i

t P t T t d t T t d t = £ < + ³ ×

®

-

+

lim

0

1

. Duration T i

is a continuous non-negative random variable with realization t. The probabilityof survival up to t is given bythe corresponding survivor function

( ) ( )

S t u du i i

t

= - ò exp l

0

.

˘ 17 ˘

The derivation of the particular hazard rate model utilized in this studyis based on the wellknown and widelyused Proportional Hazards model for continuous time as proposed byCox

(1972): 9

( ) ( ) ( ) ( ) l l b i i i

t x t t x t = ¢

0

( ) exp . (8)

The hazard rate is a function of a set of explanatoryvariables

( ) x t i

and a so-called baseline hazard rate l

0

which is the hazard rate for

( ) exp 0 . b is the vector of coefficients to be estimated.

In contrast to parametric models (e.g. a Weibull hazard rate model) the form of l

0

is not restricted to a particular parametric specification. Instead the baseline hazard rate is estimated non-parametrically.

Equation (8) onlyconsiders individual heterogeneityin the form of covariates

( ) x t i

, i.e. in the form of observable heterogeneity. Anyunobservable heterogeneityis not taken into account. As

Elbers, Ridder (1982) point out, failure to control for unobserved heterogeneitymaylead to spurious duration dependence. In order to also control for anyunobserved heterogeneitythe Cox model is extended to the Mixed Proportional Hazards model:

( ) ( ) ( ) ( ) l w l b w i i i i i

t x t t x t

, ( ) exp = ¢ +

0

, (9) where w i

is a random variable with expectation zero that is not correlated with the covariates by assumption. Heckman, Singer (1984) propose non-parametric methods to assess the distribution of w i

. Theyshow that parameter estimates are sensitive to different parametric assumptions regarding the distribution of w i

. However, as Trussell, Richard (1985) point out, much of the parameter instabilityfound byHeckman, Singer (1984) might be the result of the parametric specification of the baseline hazard in their model. Therefore, when estimating the baseline nonparametrically, the functional form of the heterogeneity distribution may as well be unimportant.

Up to now, it has been assumed that time is observed continuously. Yet, as the duration in the

GSOEP data is onlyavailable on a monthlybasis, it is not adequate to applya model based on

9 For a general overviewof discrete-time hazard models and their empirical applications see

Hujer, Maurer,

Wellner (1996a).

˘ 18 ˘ the notion of continuous time. When using continuous time models with grouped duration data, parameter estimates maybe useless due to the existence of ties, i.e. equal durations for different observations ( Kalbfleisch, Prentice (1980), Cox, Oakes (1984) ) . Assuming that duration data is grouped into J + 1 intervals with the j-th interval defined as

[ ) t t j j

, + 1

, j J = 0 1 , , . . . , and that changes in the covariates onlyoccur at the lower bound of each interval, the conditional discrete time survivor function for surviving up to time t j

is defined as:

( )

( ) ( )

S t u x t du i j i i m i t

t m

j m

m w l b w

æ è

ç ö ø

÷ = - ¢ +

æ è

ç ç ç

ö ø

÷

÷

÷

+ ò å

=

- exp exp

0

0

1 1

( ) ( ) ( ) [ ]

= - ¢ +

æ è

ç ç

ö ø

÷

÷

=

- å exp exp exp w b g i i m m m

j x t

0

1

, (10) where

( ) g l m t

t u du m

m =

æ è

ç

ö ø

÷

+ ò ln

0

1

. To obtain the unconditional survivor function it is assumed that

( ) t w i i

= exp follows a gamma distribution with mean one and variance s 2 . Integration with respect to this mixing distribution leads to:

( ) ( ) ( ) [ ]

S t x t i j i m m m

j

= + ¢ +

æ è

ç ç

ö ø

÷

÷

=

- - å

-

1 2

0

1

2 s b g

s exp . (11)

To derive the resulting likelihood function define a dummyvariable d i

, which indicates whether the i-th observation is right-censored ( d i

= 0 ) or not ( d i

= 1 ), and let N indicate the number of observations:

( ) ( ) ( ) ( )

L S t S t S t i j i j i j i

N i g b s

d

, , 2

1

1

1

1

1 = × -

é ë

ê

ù û

ú ×

+

-

+

=

Õ

. (12)

Inserting (11), rearranging terms and taking logarithms results in the following log-likelihood:

˘ 19 ˘

( ) ( ) { }

( ) ( ) { }

l x t x t

i i m m m

j i

N i i m m m

j

g b s d s b g d s b g

s s

, , ln exp exp

2 2

0

1

1

2

0

1

1 2 1

2

2

= × + × ¢ +

é ë

ê ê

ù û

ú ú

ì í

ï î

ï

+ - × + × ¢ +

é ë

ê ê

ù û

ú ú

ü ý

ï þ

ï

=

- -

=

=

-

å å å

-

- (13).

Similar models have alreadybeen applied byMeyer (1990) and Narendranathan, Stewart (1993) to assess the impact of unemployment benefits on unemployment duration.

V.3 Estimation Results

Because the empirical specification of the hazard rate model has been extensivelydiscussed in earlier work (e.g. Hujer, Maurer, Wellner (1997b, 1998a)) it will not be discussed again here. For a similar reason, the complete estimation results have been referred to table A.2 in the appendix.

The estimation results, apart from the causal effects, do not differ verymuch from Hujer, Maurer,

Wellner (1997b), so the focus here is on the discussion of the parameter estimates for vocational training participation.

The empirical specification includes a simple participation indicator that equals one if the individual has participated in vocational training and zero otherwise. As the main interest of this studyis to analyze the effect of on-the-job and off-the-job training, an additional dummyvariable has been included that equals one if the individual participated in on-the-job training. As the causal effect mayvaryover time, a difference in the short-term and long-term effect is also allowed for. The short run is defined as the first twelve months after the end of the particular training measure, the long run as thirteen months and beyond. Finally, another important aspect, the duration of the training course, is also considered bydistinguishing between short and long training courses, where lon course are training courses of a duration of three months or longer.

< table 4 about here >

The estimated causal effects on the probabilityof transition from unemployment into employment resulting from this specification are given in table 4 which is an excerpt of table A.2

˘ 20 ˘ in the appendix. The interpretation of these effects is not straightforward. The estimated coefficient for participation in vocational training (VOCTRAINING) refers to the reference categoryof participation in a short off-the-job training course which took place within twelve months prior to spell begin. Compound effects on the transition probabilityfor all other kinds of vocational training participation that result from the estimated coefficients in table 4 are given in table 5.

< table 5 about here >

The compound effects show that participation in on-the-job training has no significant impact on the probabilityof transition from unemployment into employment. This applies to the effect of short and long training measures as well as to the long-term and short-term effect of on-the-job training. A possible explanation might be that on-the-job training is more likelyto provide firmspecific human capital which is of no or of little use in a different firm and thus does not help in getting a new employment. In contrast, off-the-job training has significant effects on the transition probabilityin the short run. If the individual participated in a long course, i.e. in a training course that took three months or longer, the effect is slightlylarger than for the case of participation in a shorter course. However, in the long run the significant effect of participation in off-the-job training vanishes. The fact that the long-term effect is insignificant, whereas the short-term effect is significant, has also been found for vocational training in general byHujer,

Maurer, Wellner (1997a, 1997b, 1998a).

To further illustrate the estimated causal effects figure 4 shows simulated survivor functions for participants and non-participants based on the estimation results and figure 5 shows the difference in survival probabilities along with the bounds of the 95%-confidence interval. The assumptions for the participant are a participation in a longer training course in either on-the-job or off-the-job training within 12 months prior to spell begin. The non-participant did not participate in anyform of vocational training at all but otherwise equals the participant in all socio-economic charcateristics. Panel (a) of figure 4 compares the survivor function of a participant in on-the-job training with the survivor function of a non-participant in vocational training. After the sixth month the survival probabilityfor the participant has alreadyhalved, whereas the survival probabilityof the non-participant onlyfalls to about 50% after thirteen months of elapsed unemployment duration. The probabilityof becoming long-term unemployed, i.e. to experience an unemployment duration of more than 12 months is 53% for the non-

˘ 21 ˘ participant and 36% for the participant in on-the-job training. Between the seventh and fourteenth month of elapsed unemployment duration the difference between both survivor functions is greatest and amounts to about 17 percentage points. However, the difference between both survivor functions is not significant as alreadyshown above and as panel (a) of figure 5 illustrates: the 95%-confidence interval includes zero for all 36 simulated months.

< figure 4 about here >

< figure 5 about here >

Panel (b) of figure 4 contains the simulated survivor functions for a participant in off-the-job training and a non-participant. The latter is of course equal to the survivor function of the nonparticipant in panel (a). It is obvious that the causal effect of participation in off-the-job training is more pronounced. Here it takes onlyfour to five months of elapsed unemployment duration for the participant to have a survival probabilityof about 50%. His risk of becoming long-term unemployed amounts to 31% which is 5 percentage points less than the risk for a participant in on-the-job training. Between months eight and ten the difference in survival probabilities has its maximum of about 23 percentage points. As panel (b) of figure 5 shows the difference in survival probabilities is significant for all months except for the first where the confidence interval includes zero.

VI. Conclusion

This paper presents estimates of the causal effect of participation in vocational training on individual unemployment duration in West Germanyfor the period 1986 to 1993. Because of the non-experimental nature of the data set, the German Socio-Economic Panel, an important factor in obtaining reliable estimates of causal effects is to control for sample selection bias. This study uses matching methods to construct an adequate control group. The resulting sample can be used in a waythat is verysimilar to experimental data. Yet, it is still necessaryto applyan econometric model due ˘ amongst other reasons ˘ to censoring of the outcome variable.

˘ 22 ˘

With regard to the causal effect, vocational training is divided into two groups according to whether the training took place during working hours or not. Additional aspects that are taken into account are the duration of the particular training course and the elapsed time between participation and the date of the inception of the unemployment spell. It is assumed that selection into a training measure does not depend on these training characteristics. The assumption is necessarybecause a separate estimation of the participation equation for the various forms of vocational training does not seem feasible due to the small number of observations.

The results show that on-the-job training has no significant effect on the duration of a subsequent unemployment spell. In this respect it does not matter whether the long-term or the short-term effect is considered or whether the training course was a longer or a shorter course. In contrast, a participation in off-the-job training has a significant negative impact on unemployment duration in the short run. The absolute effect is slightlylarger for longer courses. In the long run, however, the effect of off-the-job training is also insignificant.

˘ 23 ˘

References

A SHENFELTER , O., C ARD , D. (1985): Using the Longitudinal Structure of Earnings to Estimate the Effect of Training Programs, in: Review of Economics and Statistics , Vol. 67, p. 648-

660.

B ECKER , R. (1991): Berufliche Weiterbildung und Berufsverlauf: Eine Längsschnittuntersuchung von drei Geburtskohorten, in: Mitteilungen aus der Arbeitsmarkt- und Berufsforschung , 2,

91, p. 351-364.

B JÖRKLUND , A. (1989): Evaluations of Training Programs: Experiences and Proposals for

Future Research, Discussion Paper FS I89 - 13, Wissenschaftszentrum Berlin für

Sozialforschung.

B LUNDELL , R., D

EARDEN , L., M

EGHIR , C. (1996) The Determinants and Effects of Work Related

Training in Britain, Working Paper, Institute for Fiscal Studies, London.

B ÜCHEL , F., P

ANNENBERG , M. (1994): On-the-Job Training, innerbetriebliche Karrierepfade und

Einkommensentwicklung, in: Jahrbücher für Nationalökonomie und Statistik , Vol. 213, 3, p. 278-291.

B URTLESS , G., O RR , L. L(1986): Are Classical Experiments Needed for Manpower Policy? , in:

Journal of Human Resources , Vol. 21, no. 4, p. 606-639.

C ARD , D., S

ULLIVAN , D. (1988): Measuring the Effect of Subsidized Training Programs on

Movements in and out of Employment, in: Econometrica , Vol. 56 No. 3, p. 497-530.

C OX , D. R. (1972): Regression Models and Life-Tables (with discussion), in: Journal of the

Royal Statisitical Soceity, Series B , Vol. 34, No.2, p. 187-220.

C OX , D. R., O

AKES , D. (1984): Analysis of Survival Data, London, New York.

D EHEJIA , R., W

AHBA , S. (1995 A ): A Matching Approach for Estimating Causal Effects in Non-

Experimental Studies, Working Paper, Harvard University.

D EHEJIA , R., W

AHBA , S. (1995 B ): Causal Effects in Non-Experimental Studies, Working Paper,

Harvard University.

D OLTON , P. J. (1994): The Econometric Assessment of Training: A Review, Working Paper,

University of Newcastle upon Tyne.

E LBERS , C., R

IDDER , G. (1982): True and Spurious Duration Dependence: The Identifiabilityof the Proportional Hazard Model, in: Review of Economic Studies , Vol.49 No.3, p. 403-409.

G RITZ , R. M. (1993): The Impact of Training on the Frequencyand Duration of Employment, in:

Journal of Econometrics , Vol. 57, p. 21-51.

H AM , J. C., LAL

ONDE , R. J. (1990): Using Social Experiments to Estimate the Effects of

Training on Transition Rates, in: Hartog, Joop, Ridder, Geert u. Theeuwes, Jules (eds.):

Panel

Data and Labor Marketing Studies, p. 157-172.

H AM , J. C., LAL

ONDE , R. J.(1996): The Effect of Sample Selection and Initial Conditions in

Duration Models: Evidence from Experimental Data on Training, in: Econometrica , Vol.

64, No. 1, p. 175-205.

˘ 24 ˘

H ANEFELD , U. (1987): Das Sozio-ökonomische Panel -Grundlagen und Konzeption, Frankfurt am Main, New York.

H ECKMAN , J. J., R OBB , R. (1985): Alternative Methods for Evaluating the Impact of

Interventions, in: Heckman, J. J., Singer, B. (eds.): Longitudinal Analysis of Labor Market

Data, New York, p. 156-245.

H ECKMAN , J. J., S

INGER , B. (1984): A Method for Minimizing the Impact of Distributional

Assumptions in Econometric Models for Duration Data, in: Econometrica , Vol. 52, No. 2, p. 271-320.

H ECKMAN , J. J., S

MITH , J. A. (1995): Assessing the Case for Social Experiments, in: Journal of

Economic Perspectives, Vol.9, No.2, p.85-110.

H ECKMAN , J. J., I

CHIMURA , H., T ODD , P. (1997) : Matching As An Econometric Evaluation

Estimator: Evidence from Evaluating a Job Training Program, working paper, Universityof

Chicago.

H ECKMAN , J. J., I

CHIMURA , H., S

MITH , J. A., T ODD , P. (1996) : Characterizing Selection Bias

Using Experimental Data, working paper, University of Chicago.

H OLLAND , P. W. (1986): Statistics and Causal Inference, in: Journal of the American Statistical

Society , Vol. 81, p. 945 - 960.

H UJER , R., S

CHNEIDER , H. (1990): Kurz- und mittelfristige Auswirkungen von Umschulungsund Fortbildungsmaßnahmen auf die Beschäftigungschancen von Arbeitslosen,

Manuskript, Frankfurt, M.

H UJER , R., S

CHNEIDER , H. (1996) :

Insitutionelle und strukturelle Determinaten der

Arbeitslosigkeit in Westdeutschland. Eine mikroökonomische Analyse mit Paneldaten, in:

Abeitslosigkeit und Möglichkeiten ihrer Überwindung, Schriften des

Wirtschaftswissenschaftlichen Seminars Ottobeuren, Vol.25, ed. byB. Gahlen, H. Hesse and Hans. J. Ramser, Tübingen, p. 53-76.

H UJER , R., M

AURER , K.-O., W

ELLNER , M. (1996 A ): Models for Grouped Transition Data,

Frankfurter Volkswirtschaftliche Diskussionsbeiträge No. 68, Johann Wolfgang Goethe-

Universität, Frankfurt, M.

H UJER , R., M

AURER , K.-O., W

ELLNER , M. (1996 B ): The Impact of Training on Employment: A

Surveyof Microeconometric Studies, Frankfurter Volkswirtschaftliche Diskussionsbeiträge

No. 69, Johann Wolfgang Goethe-Universität, Frankfurt, M.

H UJER , R., M

AURER , K.-O., W

ELLNER , M. (1997 A ): Estimating the Effect of Training on

Umemployment Duration in West Germany- A Discrete Hazard-Rate Model with

Instrumental Variables -, Frankfurter Volkswirtschaftliche Diskussionsbeiträge No. 73,

Johann Wolfgang Goethe-Universität, Frankfurt, M.

H UJER , R., M

AURER , K.-O., W

ELLNER , M. (1997 B ): The Impact of Training on Unemployment

Duration in West Germany- Combining a Discrete Hazard Rate Model with Matching

Techniques -, Frankfurter Volkswirtschaftliche Diskussionsbeiträge No. 74, Johann

Wolfgang Goethe-Universität, Frankfurt, M.

H UJER , R., M

AURER , K.-O., W

ELLNER , M. (1998 A ): Kurz- und langfristige Effekte von

Weiterbildungsmaßnahmen auf die Arbeitslosigkeitsdauer in Westdeutschland, in: Pfeiffer,

F., Pohlmeier, W. (eds.): Qualifikation, Weiterbildung und Arbeitsmarkterfolg, Baden-

Baden, p.197-22.

˘ 25 ˘

H UJER , R., M

AURER , K.-O., W

ELLNER , M. (1998 B ): The Effects of Public Sector Sponsored

Training on Unemployment Duration in West Germany- A Discrete Hazard Rate Model based on a Matched Sample -, Frankfurter Volkswirtschaftliche Diskussionsbeiträge No.

94, Johann Wolfgang Goethe-Universität, Frankfurt, M.

K ALBFLEISCH , J., P

RENTICE , R. (1980): The Statistical Analysis of Failure Time Data, New York.

L A L ONDE , R. (1986) : Evaluating the Econometric Evaluations of Training Programs with

Experimental Data. American Economic Review , September 1986, 76(4), p. 604-620.

L ECHNER , M. (1995): Effects of Continuous Off-the-job Training in East Germanyafter

Unification, Discussion Paper No. 95-27, Zentrum für Europäische Wirtschaftsforschung,

Mannheim.

L ECHNER , M. (1996 A ): An Evaluation of Public Sponsored Continuous Vocational Training

Programs in East Germany, Beiträge zur angewandten Wirtschaftsforschung No. 539-96,

University of Mannheim.

L ECHNER , M. (1996 B ): The Effects of Enterprise-Related Continuous Vocational Training in East

Germanyon Indiviual Employment and Earnings, Beiträge zur angewandten

Wirtschaftsforschung, No. 542-96, University of Mannheim.

M EYER , B. D. (1990): Unemployment Insurance and Unemployment Spells, in: Econometrica ,

Vol. 58, No, 4, p. 757-782.

M OFFITT , R. (1991): Program Evaluation with Nonexperimental Data in: Evaluation Review ,

Vol.15, No. 3, p. 291-314.

N ARENDRANATHAN , W., S

TEWART , M. B. (1993): How Does the Benifit Effect Varyas

Unemployment Spells Lengthen?, in: Journal of Applied Econometrics , Vol.8, p. 361-381.

P ANNENBERG M. (1995): Weiterbildungsaktivitäten und Erwerbsbiographie, Frankfurt am Main.

P ISCHKE , J-S. (1996): Continuous Training in Germany. NBER Working Paper 5829, NBER,

Cambridge (Mass.).

P REY , H. (1997): Beschäftigungswirkungen von öffentlich geförderten

Qualifizierungsmaßnahmen. Eine Paneluntersuchung für Westdeutschland.

Disskusionspapier 41-1997, Center for International Labor Economics, Universität

Konstanz.

P ROJEKTGRUPPE S OZIO - ÖKONOMISCHES P ANEL (1995): Das Sozio-oekonomische Panel (SOEP) im Jahre 1994, in: DIW- Vierteljahreshefte zur Wirtschaftsforschung , Vol.64, No.1, p. 5-

15.

R OSENBAUM , P. R., R

UBIN , D. B. (1983): The Central Role of the PropensityScore in

Observational Studies for Causal Effects, in: Biometrika , Vol. 70, No. 1, p. 41-55.

R OSENBAUM , P. R., R

UBIN , D. B. (1985): Constructing a Control Group Using Multivariate

Matched Sampling Methods that Incorporate the PropensityScore, in: The American

Statistical Association , Vol. 39, No. 1, p. 33-38.

R OY , A. D. (1951): Some Thoughts on The Distribution of Earnings, in: Oxford Economic

Papers , Vol. 3, p. 135-146.

R UBIN , D. B. (1974): Estimating Causal Effects of Treatments in Randomized and

Nonrandomized Studies, in: Journal of Educational Psychology , Vol. 66, No. 5, p. 688-

701.

˘ 26 ˘

R UBIN , D. B. (1977): Assignment to Treatment Group on the Basis of a Covariate, in: Journal of

Educational Statistics , Vol. 2, p. 1-26.

R UBIN , D. B. (1979): Using Multivariate Matched Sampling and Regression Adjustment to

Control Bias in Observational Studies, in: Journal of the American Statistical Association ,

Vol. 74, No. 366, p. 318-328.

R UBIN , D. B. (1991): Practical Implications of Modes of Statistical Inference for Causal Effects and the Critical Role of the Assignment Mechanism., in: Biometrica , Vol. 47, p.1213-1234.

S TAAT , M. (1997) : Empirische Evaluation von Fortbildung und Umschulung, Baden-Baden.

T RUSSELL , J., R

ICHARDS , T. (1985): Correcting for Unmeasured Heterogenityin Hazard Models

Using the Heckman-Singer Procedure, in: Sociological Methodology, ed. byNancy

Brandon Tuma, San Francisco, London, Washington, p. 242-276.

V ERMUNT , J. K. (1997): Log-linear Models for Event Histories, Thousand Oakes.

W AGNER , G. G., B

URKHAUSER , R. V., B

EHRINGER , F. (1993): The English Language Public Use

File of the German Socio-Economic Panel, in: Journal of Human Resources , Vol.28, No.2, p. 429-433.

˘ 27 ˘

Table 1:

Selected Socio-Economic Characteristics for Participants vs. Non-Participants a)

Variable Non-Participants Participants

Individual-specific characteristics

(1988)

Number of individuals 715 219

Mean age (years) * 35.90 31.22

Male (%) 54.41 51.60

Foreigner (%) * 41.12 11.87

Abitur (%) * 9.79 20.55

Lehre (%) * 46.29 71.69

Diplom (%) * 2.80 9.59

Employed (%) * 61.28 70.78

Spell-specific characteristics (1986-1993)

Number of spells 1404 431

Mean duration of uncensored spells (months) * 6.49 4.97

Mean duration all spells (months) * 9.77 6.11 a) Participants are those who received vocational training at least once during the period 1986-1993. Nonparticipants are those who never received vocational training during the period 1986-1993.

* Denotes 95%-significance of difference in sample means.

˘ 28 ˘

Table 2:

Maximum Likelihood Estimates for Participation in Vocational Training

Unbalanced Random Effects Probit Model for 1986-1993

Variable Coefficient t-value

Intercept ˘3.9085 ˘7.1871

Age/10 0.7536 2.6109

Age 2 /100 ˘0.1219 ˘3.1155

Male 0.0891 1.1630

Foreigner ˘0.5200 ˘4.9833

PartHH ˘0.1688 ˘1.9922

Disabled ˘0.1971 ˘1.1153

KS ˘0.0446 ˘0.6939

KM 0.0266 0.2994

KL 0.0095 0.1219

Abitur 0.1676 1.4412

Lehre 0.3389 3.8343

Diplom 0.3575 2.1662

Employed 0.8481 3.7026

WhiCollar 0.2360 1.8856

BlueCollar ˘0.2704 ˘2.0256

JobTenur ˘0.0078 ˘0.8761

JobQualif 0.5896 5.7010

JobEduc ˘0.2336 ˘2.5547

Firmsize 0.0823 2.2252

Public Sector 0.1986 1.9102

FutEmpImm 0.9538 4.9961

Emp2yrs 0.3252 2.2582

SpecQuest ˘0.3853 ˘10.2369 s m

0.7341 6.2275

N 3131

Log-Likelihood ˘1421.8714

˘ 29 ˘

Table 3:

Comparison between Participants, Selected and Random Non-Participants for Mean of Selected Characteristics Referring to the Interview Prior to Training Entry

Variable

Random

Non-Participants

Non-Participants

Selected by Matching

Algorithm

Participants

Number of observations 113 218 113

Propensity Score ˘2.48 * ˘1.73 ˘1.69

Age (years) 34.69 30.00 32.34

Male (%) 60.18 55.50 49.56

Foreigner (%) 40.71 * 16.06 15.04

Disabled (%) 7.96 3.67 3.54

Abitur (%) 5.31 * 12.84 16.81

Lehre (%) 44.25 * 64.67 69.91

Diplom (%) 1.77 4.59 7.08

Employed (%) 70.80 78.44 77.88

WhiCollar (%) 10.62 * 37.16 43.36

BlueCollar (%) 46.90 * 20.64 15.93

JobTenure (years) 4.93 3.48 4.37

AnspIndex 11.81 12.75 12.71

* denotes 95%-significance of difference in sample means

Table 4:

Maximum Likelihood Estimates for Causal Effect of Participation in Vocational Training on the Transition Unemployment

Þ Employment

Variable Coefficient t-value

VocTraining 0.7539 2.2100

On-The-Job-Training ˘0.1997 ˘0.6424

Long-Term ˘0.3296 ˘1.0919

Long Course 0.0638 0.1749

˘ 30 ˘

Table 5:

Compound Effects of Participation in Vocational Training

on the Transition Unemployment Þ Employment

coefficient

On-the-Job Training Off-the-Job Training

(t-value)

Short Course Long Course Short Course Long Course

Short-term Effect

0.5542

(1.5859)

0.6180

(1.2643)

0.7539

(2.2100)

0.8177

(2.2135)

Long-term Effect

0.2246

(0.8593)

0.2884

(0.6536)

0.4242

(1.4955)

0.4881

(1.4706)

˘ 31 ˘

Figure 1:

Unemployment Rate and Average Elapsed Unemployment Duration

in West Germany 1984˘1994

0

2

4

6

8

10

12

14

86 87 88 89 90 91 92 93

Year

Unemployment Duration (in months)

0

1

2

3

4

5

6

7

8

9

10

Unemployment Rate (in %)

Unemployment Durat ion

Unemployment Rate

Source: B UNDESANSTALT FÜR A RBEIT

: Amtliche Nachrichten der Bundesanstalt für Arbeit, various issues.

Figure 2:

Unemployment Individuals and Entries into and Exits from Unemployment

in West Germany 1986˘1996

0

500

1000

1500

2000

2500

3000

3500

4000

4500

5000

86 87 88 89 90 91 92 93

Year

Individuals (in thousands)

Unemployed

Entries into Unemployment

Exits from Unemployment

Source: B UNDESANSTALT FÜR A RBEIT

: Amtliche Nachrichten der Bundesanstalt für Arbeit, various issues.

˘ 32 ˘

Figure 3:

Difference in Pre-Training Unemployment Rates

between Participants and Random Non-Participants (a)

and between Participants and Selected Non-Participants (b)

-0.15

-0.1

-0.05

0

0.05

0.1

0.15

0.2

-12 -11 -10 -9 -8 -7 -6 -5 -4 -3 -2 -1

Month Before Training

Difference in Unemployment Rates

Participants vs. Random

Non-Participants

(a)

-0.15

-0.1

-0.05

0

0.05

0.1

0.15

0.2

-12 -11 -10 -9 -8 -7 -6 -5 -4 -3 -2 -1

Month Before Training

Participants vs. Selected

Non-Participants

(b)

˘ 33 ˘

Figure 4:

Simulated Survivor Functions

for Participant in On-the-Job Training vs. Non-Participant (a)

and Participant in Off-the-Job Training vs. Non-Participant (b)

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

0 4 8 12 16 20 24 28 32 36

Unemployment Duration (in months)

Probability

Non-Participant

Participant in

On-the-Job

Training

(a)

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

0 4 8 12 16 20 24 28 32 36

Unemployment Duration (in months)

Non-Participant

Participant in

Off-the-Job

Training

(b)

˘ 34 ˘

Figure 5:

Difference in Simulated Survivor Functions

for Participant in On-the-Job Training vs. Non-Participant (a)

and Participant in Off-the-Job Training vs. Non-Participant (b)

-0.5

-0.4

-0.3

-0.2

-0.1

0

0.1

0.2

0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36

Unemployment Duration (in months)

Difference in Probability

Participant in On-the-Job Training vs. Non-Participant

(a)

-0.4

-0.35

-0.3

-0.25

-0.2

-0.15

-0.1

-0.05

0

0.05

0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36

Unemployment Duration (in months)

Participant in Off-the-Job Training vs. Non-Participant

(b)

˘ 35 ˘

Appendix

Table A.1: Definition of Variables

Variable Description

Training variables

VocTraining 1 if individual participated in vocational training

On-the-Job Train. 1 if vocational training took place at least partly during working hours

Long-Term 1 if vocational training ended earlier than twelve months prior to spell begin

Long Course 1 if duration of vocational training course was three months or longer

Baseline dummy variables ˙ reference category is first month of spell duration

Basexx 1 if current month is month xx since spell begin

Basexx-yy 1 if current month is one of the months xx to yy since spell begin

Basexx+ 1 if current month is month xx or higher since spell begin

Seasonal variables

Spring 1 if current month is February, March or April

Summer 1 if current month is June or July

December 1 if current month is December

Variables related to the regional labor market

AnspIndex Number of unemployed divided by vacancies at the regional level

Age variables

Age/10 Age divided by 10

(Age/10) 2 Age squared and divided by 100

Age dummy variables ˙ reference category is 55 years or older

Age ˘21yrs 1 if individual is 21 years or younger

Age 22˘39yrs 1 if individual is 22 years or older, but younger than 40

Age 40-54 yrs 1 if individual is 40 years or older, but younger than 55

Other socio-demographic variables

Male 1 if individual is male

Foreigner 1 if individual is not a German national

PartHH 1 i f individual is married or living together with his/her partner

Disabled 1 if individual is disabled

KS Number of children aged up to 6 years

KM Number of children aged 7 to 10 years

KL Number of children aged 11 to 15 years

Kids 1 if individual has children aged up to 15

Abitur 1 if individual has Abitur or Fachhochschulreife (comp. to high school degree)

Lehre 1 if individual has completed an apprenticeship

Diplom 1 if individual has a university degree or a degree of a Fachhochschule

SatisLife Satisfaction with life in general (0 = totally dissatisfied; 10 = totally satisfied)

˘ 36 ˘

Table A.1: Definition of Variables (continued)

Variables related to current employment

Employed 1 if individual is currently employed (full or part time)

Occupational Status ˙ reference category are apprentices and self-employed

WhiCollar 1 if individual is currently employed and has a white collar status

BluCollar 1 if individual is currently employed and has a blue collar status

JobTenure Years of affiliation with current employer

JobQualif 1 if individual is currentlyemployed and the current job requires special instructional

courses, a completed apprenticeship or a university degree

JobEduc 1 if individual is working in the occupation he/she was originally educated for

Firmsize 1 if firm has less than 20 employees or individual is self-employed

2 if firm has 20 or more, but less than 200 employees

3 if firm has 200 or more, but less than 2000 employees

4 if firm has 2000 or more employees

Public Sector 1 if i ndividual is working in the public sector

Variables related to future plans regarding employment

FutEmpImm 1 if individual is currentlynot employed but wishes to be employed in the near future (i.e.

immediately or next year)

Variables related to employment history

Emp2yrs 1 if individual was employed sometime within the last two years

NoUneSp3 Number of unemployment spells during the last three years (measured from spell begin)

DurUneSp3 Cumulated number of unemployment months during the last three years (measured fromspell

begin and divided by 12)

PrvEmployed 1 if individual was previously, i.e. prior to the unemployment spell, employed

ReplacementRatio Level of unemployment benefits in relation to the last labor market gross income

�Technical^ variables

SpecQuest Years to the following special questionnaire on vocational training

˘ 37 ˘

Table A.2:

Maximum Likelihood Estimates for Transition Unemployment Þ Employment

Discrete Hazard Rate Model with Unobserved Heterogeneity

Variable Coefficient t-value

Constant ˘5.4093 ˘6.4049

Base02 0.1244 0.5175

Base03 0.3631 1.2676

Base04 0.0583 0.1569

Base05 0.0197 0.0495

Base06 0.5086 1.2169

Base0712 ˘0.0009 ˘0.0020

Base1320 0.0044 0.0066

Base21+ ˘0.2815 ˘0.3341

Age -21yrs 3.6135 4.4464

Age 22-39yrs 2.9646 4.1369

Age 40-54yrs 2.5199 3.6419

Male 0.4564 2.5217

Foreigner ˘0.2260 ˘0.9788

Disabled ˘0.3921 ˘0.9603

PartHH 0.4958 2.3145

Kids ˘0.4569 ˘1.8317

Abitur ˘0.0090 ˘0.0319

Lehre 0.1230 0.5648

Diplom 0.3457 0.8224

PrvEmployed 0.3403 1.6115

NoUneSp3 0.4346 3.3734

DurUneSp3 ˘0.5606 ˘2.5867

ReplacementRatio ˘0.3051 ˘0.8519

AnspIndex ˘0.0720 ˘3.3612

December 0.3222 1.5094

Spring 0.4484 2.7789

Summer ˘0.4539 ˘1.8001

VocTraining 0.7539 2.2100

On-The-Job-Training ˘0.1997 ˘0.6424

Long-Term ˘0.3296 ˘1.0919

Long Course 0.0638 0.1749

Ln( s 2 ) ˘0.5442 ˘0.7470

Number of spells 455

Log-Likelihood ˘805.0531

˘ 38 ˘

Figure A.1:

Distribution of the Propensity Score for Participant and Non-Participant Group in 1988

(Kernel Density Estimates)

-5 -4 -3 -2 -1 0 1 2

PropensityScore

Frequency

Non-Participants

Participants