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1. Introduction

Since 1969 publicly sponsored vocational training in West Germany has

been regulated by the Work Support Act (Arbeitsf�orderungsgesetz, AFG).

From then onwards high and almost yearly increasing amounts of public

resources have been invested into the support of vocational training by the

Federal Labor OÆce (Bundesanstalt f�ur Arbeit). After the reuni�cation in

1990, due to the large e�ects of the transformation process on the labor

market, public vocational training played an even more important role

in the eastern part of Germany. For example, in 1992 the Federal Labor

OÆce spent more than DM 7.6 billion (DM 11.3 billion) on the support

of vocational training in the western (eastern) part of Germany despite a

labor force in East Germany that was nearly 75% smaller than in West

Germany.

Due to the 10th reform of the Work Support Act expenditures for

publicly sector sponsored vocational training were reduced quite dramati-

cally from 1993 onwards. The increasing public budget de�cits obviously

brought up the question as to whether the bene�ts from participating in

vocational training programs really outweighed the high costs of supporting

it. Vocational training measures aim to in
uence di�erent post-training

labor market indicators (outcome variables). In this study we will focus on

two indicators that describe post-training employment performance, on the

one hand the duration of unemployment and on the other the duration of

employment.

To evaluate the causal e�ects of vocational training on any kind 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 only hypothetical, 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. In an experiment, the

construction of an adequate control group is completed by means of ran-

domization at the data collection level. In Germany only non-experimental

data sets are available. Hence, reliable evaluations of training e�ects

have to consider possible sample selection e�ects arising from non-random

participation in training. Especially in the USA strong research e�orts
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were made to develop di�erent econometric and statistical adjustment

procedures for the case of non-experimental data (e.g. Rosenbaum, Rubin

(1983, 1985), Heckman, Robb (1985)). A comparison of their perfor-

mance with results obtained in experimental evaluations brought mixed

results. While particularly model based adjustment procedures hardly

produced reliable estimates, varying widely and di�ering greatly from

experimental estimates (LaLonde (1986)), matching methods performed

better and were reasonably successful in replicating experimental results

(see e.g. Dehejia, Wahba (1998a, 1998b), Heckman, Ichimura, Todd (1997)).

The recent past has seen a rapid increase in the number of training

evaluations for Germany, the majority of them focusing on the eastern part

of Germany. The reason for East Germany's relative popularity compared

to West Germany is mainly based on the high quantitative relevance that

training had during the transformation process after the reuni�cation.

As a result the data sets for East Germany show a higher proportion of

participants than those for West Germany. The following overview will only

focus on studies, respectively the results of studies that analyze the type

of training which this study is interested in, namely publicly sponsored

vocational training in East Germany.

Pannenberg (1995) uses a discrete hazard rate model to evaluate the

e�ects of further training and retraining courses on unemployment duration

in East Germany. The data is taken from the German Socio-Economic

Panel (GSOEP) and covers the time span from 1990 to 1992. His results

indicate the non-existence of signi�cant training e�ects on reemployment

chances. Payment of a maintenance allowance during further training and

retraining even signi�cantly decreases post-training reemployment chances.

Using a linear panel data estimator with �xed e�ects Pannenberg (1995)

also investigates the e�ects of training on earnings. His results point to

a signi�cant positive e�ect of further training and retraining courses on

monthly earnings. In this case the payment of a maintenance allowance

does not signi�cantly a�ect these results. Fitzenberger, Prey (1996, 1997)

explore the e�ects of training on employment probability and hourly wages

in East Germany. The authors use the Labor Market Monitor (LMM) and

cover the period 1990 to 1994. In order to account for possible sample selec-

tion e�ects and panel attrition they utilize a dynamic simultaneous random
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e�ects model consisting of an employment, wage, quali�cation, attrition

and initial condition equation. To identify the presence of any remaining

selection e�ects before training the authors rely on the pre-program test

proposed by Heckman, Hotz (1989). Since the applied test procedure

indicates that their model does not completely correct for sample selection

bias the authors take the remaining sample selection bias into consideration

when interpreting their estimation results. In this respect they �nd that

training in an external institution that is supported by a maintenance

allowance has positive e�ects on employment probabilities. Regarding the

employment e�ects of publicly supported training within a �rm the authors

�nd no signi�cant in
uence for women and signi�cant negative e�ects for

men. Publicly supported training is found to have no e�ect on hourly

wages regardless of whether it took place within the �rm or outside it.

Using the �rst three waves of the GSOEP for East Germany Staat (1997)

separately examines the e�ects of further training and retraining courses

that were supported by a maintenance allowance on unemployment and

employment duration. Taking the estimated probability of participation

in training as an instrument for the training participation dummy in the

hazard rate model to account for possible sample selection e�ects, the

author �nds negative e�ects on employment duration and no signi�cant

e�ects on unemployment duration. On the basis of the LMM for the period

1993 to 1994 H�ubler (1997) compares di�erent evaluation estimators, such

as random e�ects estimators with pre-program test, matched sampling

methods or a combination of both, to investigate training e�ects on em-

ployment probabilities. The author �nds that the results are very sensitive

to the particular estimation approach taken. Based on a combination of

matching and random e�ects estimator the author �nds that while in the

�rst period after training the e�ects on employment are negative, in later

periods they become positive. If a separation is made between males and

females, positive long run employment e�ects can only be detected for men.

Based on data from the LMM for the period 1989 to 1994 Kraus, Puhani,

Steiner (1999) analyze the e�ectiveness of publicly �nanced training and

retraining on unemployment duration. They split the observation period

into two subperiods, one until August 1992 and the other after. For the

�rst period the public vocational training courses were found to have no

positive e�ect at all. During the later period signi�cant positive e�ects are

detected on the transition into stable employment. For women both on- and
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o�-the-job measures signi�cantly improve reemployment chances while for

men only the latter have a signi�cant positive impact. Lechner (2000) uses

GSOEP data from 1990 to 1996 to investigate the e�ects of further training

and retraining measures that are supported by maintenance allowance.

The author applies a matching approach to construct an adequate group

of non-trainees who are similar to the trainees in all relevant pre-training

characteristics. Based on the resulting matched sample the author then

estimates the training e�ects for various post-training labor market out-

comes such as unemployment, employment and earnings by calculating the

di�erence in mean between the trainee and matched non-trainee groups. His

results depict a negative picture of publicly sponsored training programs.

In the short run, i.e. during the �rst few months after the end of training,

the author �nds that training increases unemployment. In the longer run

no signi�cant e�ects can be found. For post-training earnings no signi�cant

e�ects were found at all.

This study aims to contribute to the ongoing discussion of public sector

sponsored vocational training in East Germany. We use the GSOEP,

which is a very informative non-experimental German database to examine

the e�ects of public sector �nanced vocational training on individual

employment performance. Since the 10th reform of the Work Support Act

led to substantial changes concerning the training admission during 1993,

the analysis is limited to the type of publicly subsidized training measures

that originated before. This ensures that all trainees are subject to similar

selection rules.

Due to the non-experimental nature of the data set a credible empirical

training evaluation has to take into account the intriguing problem of

sample selection. In this study the sample selection problem is resolved

by means of matching methods proposed by Rosenbaum, Rubin (1985)

and Rubin (1991) and adapted for example to the evaluation of training in

East Germany by Lechner (2000). The matching approach bears a close

resemblance to experimental evaluations since it tries to extend the ideas of

the experimental framework to a non-experimental context. To obtain an

adequate control group the matching procedure selects from the group of

non-trainees those who are most similar to the trainees with respect to all

relevant characteristics. The individual propensity to participate in training
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is used as the main matching variable. This is obtained by estimating a

panel probit model. In addition, the matching procedure incorporates the

monthly pre-training labor force status in order to account for transitory

shocks just prior to training. In order to increase the eÆciency of the

estimated training e�ects an oversampling matching procedure that aims

to �nd more than one similar non-trainee for each trainee is used instead of

the standard one-to-one matching. Having constructed a matched sample

that eliminates the necessity to control for selection into training. We

consider as the relevant outcome variables the duration of unemployment

and employment. This we need to use a hazard rate model (e.g. Ham,

LaLonde (1990, 1996)).

The study proceeds as follows: Section 2 presents some empirical de-

velopments in public sector sponsored vocational training and the labor

markets in East Germany during the time under consideration. Section 3

describes the database and gives descriptive statistics for several character-

istics of the chosen sample. Section 4 is devoted to the construction of an

adequate control group. First we give a short theoretical outline of the eval-

uation problem and the approach we apply to deal with it. We then turn to

the estimation of the propensity score for participation in training. Based

on the estimated propensity score the application of the matching procedure

follows to construct a matched sample. Section 5 deals with the evaluation

of the impact of training on the labor market outcomes under consideration.

A hazard rate model is utilized in order to estimate the training e�ects on

unemployment and employment duration. Section 6 concludes this study.

2. Labor markets and publicly sponsored vocational training

in East Germany: Some stylized facts

With the opening of the borders in September 1989, economic and monetary

union in May 1990 and �nally the political reuni�cation in October 1990

the East German economy underwent a fundamental transition process.

The sudden exposure to a western-style economic environment as well as

the loss of key trading partners in East Europe led to a sharp reduction

in production which changed relative prices dramatically. After an initial

decrease in gross domestic product (GDP) that lasted until the �rst quarter

of 1991, GDP grew from 1991 to 1994 on average by more than 8% p.a. Due
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to political pressure to reduce the disparity in living standards between the

eastern and western part of Germany and thus to avoid massive East-West

migration, this was accompanied by an increase in the average growth rate

of gross earnings per worker. Whereas in 1991 gross earnings per worker in

East Germany were at a level of only 49% of the West German counterparts,

in 1994 they were already at 74%. The average annual increase in gross

earnings per worker from 1991 to 1994 was nearly 15% p.a. Since many

�rms were not able to survive under the new economic circumstances

and had to be shut down the demand for labor broke down substantially.

The number of employed in East Germany fell by more than 30% from

around 9.6 million in 1989 to around 6.2 million in 1993. As a result of

this dramatic decline in labor demand (oÆcially registered) unemployment

occurred for the �rst time in East Germany. There was a tremendous

increase in unemployment of 0.5 million people from around 140 thousand

unemployed in June 1990 to around 640 thousand in December 1990

showing no seasonal pattern at all. This level of unemployment already

amounted to an oÆcial unemployment rate of 6.3% in the 4th quarter

of 1990 nearly reaching West Germany's 1990 unemployment rate level

of 7.2%. Two further jumps occurred from June to July 1991 and from

December 1991 to January 1992 leading to a peak of more than 1.3 million

unemployed and an unemployment rate of 17.0%.

The dramatic development of unemployment in East Germany brought

about the political need to directly ease social hardship by keeping people o�

the dole. As a consequence the Federal Labor OÆce set up various measures

of labor market policy. Four major types of subsidized measures were:

� early retirement regulations

� job-creation measures

� short-time work

� vocational training measures

For example in 1991 the sum of the four measures added up to on average

more than 2 million individuals who were actually in "hidden" unemploy-

ment. In other words without active labor market policy the oÆcial rate

of unemployment in 1991 would have been around 35% instead of only

10.3%. This clearly documents the high quantitative relevance of these
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instruments of active labor market policy. The importance of the di�erent

instruments 
uctuated over time. While short-time work clearly dominated

all other instruments immediately after the reuni�cation, i.e. up to the end

of 1991 the number of individuals a�ected by early retirement regulations

increased continuously until 1993 when it reached its maximum importance.

Job-creation and vocational training measures had their highest level in

1992.

In the �rst few years after the reuni�cation the vocational training mea-

sures, which are the subject of this study, aimed to adjust the structure of

the labor force in general to the new requirements of a western style econ-

omy. Since then the intention has become more in line with that pursued in

the western part of Germany, i.e. to improve the reemployment prospects

of the unemployed and to prevent the loss of their human capital during an

unemployment episode. In principle public vocational training in Germany

comprises of three types of training measures:

� The �rst type is further training (Fortbildung) in an occupation the

participant is already trained in (xx41-46 AFG). One special focus of

further training is to improve the labor market conditions for disad-

vantaged individuals, such as the long term unemployed, women, older

people (Anpassungsfortbildung). Moreover further training is used to

avoid supply shortages of labor with speci�c skills and to enhance ad-

vancement in an occupation (Aufstiegsfortbildung). Finally further

training also includes short courses for the unemployed which aim to

improve job search skills and to provide individuals with information

about di�erent types of work and training possibilities (Massnahmen

zur Verbesserung der Vermittlungsaussichten) (x41a AFG).

� The second type is retraining (Umschulung). The aim is to o�er partic-

ipants the opportunity to train for a new occupation when their skills

or quali�cation have become useless because of changing labor market

conditions, e.g. technological changes. Thus retraining should help to

improve occupational mobility. Retraining courses are regulated more

strictly than further training courses and should be completed with a

publicly approved examination (x47 AFG).

� The third type is training to familiarize the individual with a new

occupation (Einarbeitung). The labor oÆces support employers for
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providing training for those employees who need a long time to famil-

iarize themselves with a new job (x49 AFG).

In the case of job familiarization the Federal Labor OÆce's support is a

wage subsidy passed on to employers. In contrast to job familiarization the

�rst two types of training (further training and retraining) are typically

o�-the-job (classroom) courses. When certain conditions related to the

employment history, the motivation and the personal situation of the

applicant are met, the Federal Labor OÆce gives �nancial support to the

participant (see x36, x42, xx44-47 AFG). This support can cover the costs

of the provision of the course as well as a maintenance allowance in the

range of 60% to 75% of previous net earnings.

In order to gain an impression of the relevance of the di�erent types of

public vocational training measures the entries into these measures for East

Germany each year are shown in �gure 1.

Figure 1 about here

A striking feature is the strong increase in the absolute number of en-

tries into public vocational training from 1990 to 1991 to a level of close to

900 thousand entries, which was 50% higher than in West Germany in the

same year. These high numbers were maintained for a further year before

the 10th reform of the Work Support Act in 1992 resulted in sharp drop

in entries from 1992 to 1993. Turning our attention to the relative impor-

tance of the di�erent types of measures it becomes obvious that further

training and retraining account for the majority of all entries with a share

of generally around 90%. During the years 1991 and 1992 short courses

according to x41a AFG played a signi�cant role to give many unemployed

individuals a vocational orientation under the new economic system and

labor market conditions. To obtain a rather homogeneous training e�ect

our empirical analysis will focus on individuals who participated in further

training and retraining and who received maintenance allowance during the

training course. For example in the year 1992 this amounted to about 85%

of all entries into further training and retraining. In the following we will

abbreviate this type of training by FRMA. In order to ensure that these in-

dividuals are subject to similar selection rules by the Federal Labor OÆce,

we will only consider participants who began their training no later than
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early 1993, i.e. before the �rst major tightening rules which originated in

early 1993.

3. The data base

The sample used for the analysis is drawn from the German Socio-Economic

Panel (GSOEP), a representative sample of the resident population. Start-

ing in 1984, about 12000 individuals aged above 16 and belonging to

nearly 6000 households have been interviewed on a yearly basis about

subjects such as employment status, personal characteristics, education,

various types of income etc. From 1990 onwards, just six months after

the Berlin wall came down, the survey was expanded to East Germany,

i.e. an additional sub-sample of 2000 East German households and 4500

individuals was added. Since our study is limited to East Germany, we will

only use the latter sub-sample in our analysis. For a detailed description of

the GSOEP see Hanefeld (1987), Projektgruppe Sozio-�okonomisches Panel

(1998) or Wagner et al. (1993).

To generate the outcome variables of interest which describe the

post-training employment performance, namely the duration of unemploy-

ment and employment, we rely on the retrospective monthly employment

calendar that gathers detailed information about the individuals labor force

status in each month of the previous calendar year. In this questionnaire

the individual has to distinguish between up to eight di�erent labor force

states for each month. The states include full-time employed, part-time

employed, vocational education, short time work, registered unemployed,

etc. Information on participation in FRMA comes from a retrospective

monthly income calendar that gives detailed information about the income

sources in each month of the previous calendar year. Analogues to the

employment calendar the individual can give information on up to eleven

di�erent income sources for each month. Participation in FRMA is

identi�ed by the income information provided about maintenance allowance

during further training or retraining.

Due to data restrictions and institutional arrangements (see section 2)

we will consider FRMA courses that began during the time span between

July 1990 and June 1993. To avoid the need to address early retirement
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issues our selected sample consists of individuals who were not older than

50 in 1990. For the purpose of this study the state unemployment is

de�ned by the item "registered unemployment" in the activity calendar.

The state employment comprises the items "full-time employment", "part-

time employment", "vocational education" and "short time work" in the

retrospective activity calendar. Unemployment (employment) spells are

completed if they end through transition into employment (unemployment).

In all other cases unemployment (employment) spells are treated as right

censored. For methodological reasons, left censored unemployment spells

have been excluded from the analysis (see e.g. Vermunt (1997)). The

selected sample consists of individuals who had at least one unemployment

or employment spell during the time span July 1989 to December 1994.2

The di�erent selection criteria used lead to an unbalanced sample of

1632 individuals consisting of 231 trainees and 1401 non-trainees. There

are 1761 unemployment spells and 2107 employment spells. 486 (1402) of

these unemployment (employment) spells are right censored. The average

duration of all unemployment (employment) spells is 8.30 (17.72) months,

whereas the average duration of the completed unemployment (employ-

ment) spells is 7.03 (12.40) months. By comparing all spells (i.e. including

the right-censored spells) and uncensored spells with respect to their

average duration the importance of adequately dealing with the problem

of censoring becomes obvious. The average duration of the uncensored

spells is always lower than the average duration of all spells. Thus the

length-bias sampling e�ect (i.e. short spells will be underrepresented in the

sample of right-censored spells) overrides the counter-directional e�ect that

the recorded duration of right-censored spells underestimates their true

duration. The 231 trainees participated in 256 training measures. 90.5% of

all trainees participated in only one course during the time span considered.

The mean of the course duration is 9.9 months and 20.7% have a duration

of no more than 3 months, 40.2% of no more than 6 months and 73.0% of

all courses in sample are no longer than 12 months duration.

Figures 2 and 3 focus on a pre- post-training comparison of the em-

2In order to control for labor market history before participation in FRMA and to

measure the employment performance after FRMA participation, we use information on

all waves up to 1995. Information on employment status in 1989 (1994) comes form the

retrospective calendar in 1990 (1995).

11



ployment and unemployment duration of trainees. They present product

limit estimates of the survivor function for trainees' unemployment (em-

ployment) spells that take place before and after the training measure. To

inspect whether the di�erence between the two survivor functions is signif-

icant the Wilcoxon and the log-rank test statistics have been computed.3

Both tests check the null hypothesis that the two survivor functions (before

and after) are the same. Considering �rst �gure 2 which

Figure 2 about here

Figure 3 about here

focuses on the outcome variable unemployment duration we observe that

the survivor function for unemployment spells after the training measure

lies considerably above the survivor function for unemployment spells before

the training measure. Both, the Wilcoxon and the log rank test statistics

show that the di�erence between the two survivor functions is signi�cant.

This points to a lengthening e�ect of training on unemployment duration,

i.e. a negative e�ect on re-employment chances, since trainees remain in

unemployment for longer after training than before. For example prior

to the training measure the probability of an average trainee remaining

unemployed for more than twelve months amounts to 8.5% while after

training it rises to 26.1 %. Figure 3 depicts survivor functions for pre- and

post-training employment duration. The fact that the survivor function

for the post-training employment spells signi�cantly exceeds the survivor

function for the pre-training employment spells indicates a positive training

e�ect, i.e. training seems to stabilize (lengthen) the individual employment

duration in East Germany.

However there are several aspects which limit such a pre- post-training

comparison. Note that the post-training development may not simply

be regarded as the result of a positive training e�ect, because it is not

known, how the trainees' post-training labor market situation would have

been, had they not participated in the training measure. For example,

had the trainees invested more e�ort into �nding a job they might have

found one, leading to a similar post-training labor market situation as

3For illustrative reasons the upper and lower points of the 95% con�dence interval

around each survival probability are also given. Note that they only apply to a particular

point in time. The connection between the points is strictly speaking not correct.
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the one observed in the above �gures without the need for training. In

addition it can be argued that the post- and pre-training development

may also be driven by other time varying factors such as changing individ-

ual characteristics (e.g. age) or di�erent demand side conditions due to

business cycles. A detailed analysis under which situations a before-after es-

timator is likely to be biased is given for example by Heckman, Smith (1999).

As is usual for the case of non-experimental data sets the group of non-

trainees is not necessarily a suitable comparison or control group for the

trainees, since there might be substantial di�erences between both groups

regarding various characteristics other than training. Table 1 shows for

a few socio-demographic characteristics in 1991 that there are substantial

di�erences in characteristics such as gender, education or employment sta-

tus between both groups. Trainees are on average older, more likely to be

women and have a higher formal education level than non-trainees. Given

the signi�cant di�erences in characteristics between the group of trainees

and the group of non-trainees, it is obvious that post-training di�erences in

the employment performance can not simply be attributed to the e�ect of

the training program.

Table 1 about here

It should be clear that simple approaches like the before-after comparison

or the comparison of trainees with the (or a random) group of non-trainees

only allow us to evaluate the true (i.e. unbiased) training e�ect in very

speci�c situations. For the situation given in this study more sophisticated

methods that control for a potential selectivity bias with respect to partici-

pation in public vocational training need to be considered.

4. Constructing a control group using matching methods

4.1. The evaluation problem and identifying restrictions

Inference about the impact of a treatment (in our case participating in a

training program) on the response or the outcome of a unit (in our case

post-training employment performance of an individual who participated in

training) involves speculation about how this unit would have responded,

had it not received the treatment (in our case had he/she not participated

in a training program). In the econometric and statistical literature it has
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become common to study this kind of problem within a formal framework

suggested by Roy (1951) and Rubin (1974) and therefore termed as Roy-

Rubin-Model. In this model there are two potential outcomes (Y 1; Y 0) for

each individual, where Y 1 corresponds to the situation with training and

Y 0 without.4 Let D be a dummy variable indicating whether an individual

actually participated in training (D = 1) or not (D = 0). Finally to allow for

a causal analysis it has to be assumed that cross e�ects or general equilibrium

e�ects among potential training participants that could occur because of

their actual participation are ignored, i.e. the potential outcomes for a given

individual are not a�ected by the training status of other individuals. In the

statistical literature this assumption is labeled as the stable unit treatment

value assumption (e.g. Rubin (1978, 1991)). The causal training e�ect for

each individual is then de�ned as the di�erence between his/her potential

outcomes:

� = Y 1
� Y 0: (1)

The fundamental problem of evaluating this causal training e�ect arises

because the observed outcome for each individual is given by

Y = D � Y 1 + (1�D) � Y 0; (2)

i.e. depending on the training status we only observe either Y 1 or Y 0,

but never both. There is always an unobservable component in (1) which,

in the literature, is called the counterfactual outcome. Thus the problem

of evaluating the causal e�ect of training is a missing data problem be-

cause for any given individual one cannot form the di�erence in equation (1).

The parameter that receives the most attention in the evaluation litera-

ture and which is also considered in this study is the average training e�ect

on the trained. It is de�ned as:

E(�jD = 1) = E(Y 1
� Y 0

jD = 1) = E(Y 1
jD = 1)�E(Y 0

jD = 1): (3)

This parameter gives an answer to the following question: What is the

expected, or mean outcome gain to individuals who participated in the

training program compared to the hypothetical situation had they not

4For recent extensions of this two treatment model (e.g. training vs. no training) to

a multiple treatment model with more than two potential states, i.e. where the actual

choice set of an individual contains more than two options, for example participating in

several distinct training programs such as on-the-job-training vs. o�-the-job-training vs.

no training see Brodaty, Cr�epon, Foug�ere (1999), Imbens (1999), Lechner (1999b, 1999c).
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participated? As this question focuses explicitly on actual training par-

ticipants, it determines the realized gross gain from the training program

and is - together with the costs of the program - a central ingredient

required to decide whether to continue or terminate the training program

(Heckman, Ichimura, Todd (1997, 1998), Heckman, LaLonde, Smith (1999)).

The identi�cation and estimation of the mean treatment e�ect on the

treated is still hampered by the fundamental evaluation problem. Using or-

dinary observational data, only the �rst term in the de�nition of (3) can be

identi�ed and estimated consistently from the sample counterparts. In con-

trast the information necessary to estimate the second (counterfactual) term

is unobservable. An intention which is common to many of the approaches

described in both the statistical and econometric literature is to estimate the

unobservable counterfactual term using the observed outcome information

of the non-participants. The estimator which results from taking the mean

outcome of non-participants as a proxy is given by

� = E(Y 1
jD = 1)�E(Y 0

jD = 0): (4)

It can be decomposed into two components:

� = fE(Y 1
jD = 1)�E(Y 0

jD = 1)g+ fE(Y 0
jD = 1)�E(Y 0

jD = 0)g

= E(�jD = 1) +B;

i.e. the true mean training impact in the �rst curly bracket and a sample

selection bias, labeled as B, in the second curly bracket (Heckman, Smith

(1995)). The estimated training impact only represents the true training

impact when the selection bias is zero. The necessary condition for this is

given by

E(Y 0
jD = 1) = E(Y 0

jD = 0); (5)

i.e. when the expected potential outcome without training is equal for

both, the group of participants and the group of non-participants, there

will be no selection bias. In practice this condition will fail to hold under a

number of plausible circumstances, most likely if trainees and non-trainees

have systematic di�erences in their individual characteristics as they do in

our data set (see section 3).

In this study we follow an approach introduced by Rubin (1977) to cope

with the evaluation problem described above. To construct an adequate
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control group the identifying assumption is imposed, that conditional on

all relevant covariates (Z), the potential outcome without training (Y 0)

is independent of the assignment to training (D). The implementation of

conditioning on all relevant covariates is however limited in case of a high di-

mensional vector Z. To deal with this dimensionality problem, Rosenbaum

and Rubin (1983) suggest the use of the propensity score, i.e. the condi-

tional probability of participating in training given the set of all relevant

covariates, de�ned as P (Z = z) � P (D = 1jZ = z). They show that if the

potential outcome without training is independent of the assignment mech-

anism conditional on Z = z, then the conditional independence assumption

can be extended to the use of the propensity score:

Y 0
qDjP (Z): (6)

As a consequence

E(Y 0
jP (Z);D = 1) = E(Y 0

jP (Z);D = 0); (7)

which allows us to rewrite the crucial term in the mean training e�ect as

E(Y 0
jD = 1) = EP (Z)[E(Y

0
jP (Z);D = 0)jD = 1]: (8)

Note that the outer expectation is taken over the distribution of the propen-

sity score in the treated population. The major advantage of the identifying

assumption (6) is that it turns the estimation problem into a much easier

task since one only has to condition on a univariate scale, i.e. on the propen-

sity score. In order to condition on the propensity score the next step has

to be the estimation of this propensity score. This is done in subsections

IV.2. by means of a panel probit model. Since we aim to construct an

adequate control group that does not contain systematically di�erent char-

acteristics from those of the trainee group an appropriate way to condition

on the estimated propensity score is to apply matching methods proposed

by Rosenbaum and Rubin (1985) and Rubin (1991).

4.2. A panel probit model for the estimation of the propensity score

The estimation of the propensity score is a key element of the approach

used to overcome the fundamental evaluation problem. This estimation

has to take into account that the starting dates of the FRMA courses vary

over time among the participants, i.e. we are not evaluating one speci�c
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program that originated at one speci�c date, but rather di�erent starting

dates exist among the training participants. This fact is important to this

study because if relevant time varying covariates exist which are related to

the beginning of the training program, then they are not clearly de�ned for

the non-trainees (Lechner (1999a)).

Lechner (1999a, 2000) solves this problem of adequately dating time

varying covariates when estimating the propensity score by using character-

istics from the beginning of the observation period to explain all subsequent

participation decisions, i.e. he chooses covariates based on the individual's

interview of 1990 to explain whether that individual participated in public

vocational training up to early 1993. Thus the estimation of a simple

cross-sectional probit model is suÆcient to solve the problem. The main

weakness of such an approach obviously is that the distance between the

date of measuring the covariates and the possible beginning of a training

course may become very large, in this case the distance could range between

1 month and 3 years. In such a situation the question arises whether these

covariates are informative enough to explain a training participation which

took place up to 3 years later.

In this study we choose a di�erent solution to the problem of ade-

quately dating time-varying covariates (see e.g. Hujer, Maurer, Wellner

(1999)). The idea is to estimate a panel probit model. Let the relevant

covariates (zit) of an individual i refer to t, the date of the interview in

each year. The dependent variable Dit is de�ned as the beginning of an

actual training participation within the interval (t; t + 1], i.e. whether

the individual is observed as having entered a FRMA course at some

time between two consecutive interviews. According to this de�nition the

time-varying covariates are well de�ned for the non-trainees and always

dated close to but prior to the beginning of a possible training participation.

The panel probit model which will be used to estimate the propensity

score takes the following well known form:

D�

it = z0it� + uit i = 1; : : : ; n; t = 1; : : : ; T; (9)

where the i subscript indicates the individuals of a cross-section and the

t subscript the time period. zit is the m�dimensional vector of relevant
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pre-training covariates and � a corresponding parameter vector. uit is an

unobserved disturbance and D�

it the latent continuous dependent variable.

The relationship between D�

it and the observed training participation Dit is

given as follows:

Dit = I[D�

it > 0] = I[z0it� + uit > 0]; (10)

where I, the indicator function equals one if the expression in the brackets

is true and zero otherwise. In matrix notation the model is written as

Di = I[z0i� + ui > 0]; (11)

where zi = (zi1; : : : ; ziT )
0, ui = (ui1; : : : ; uiT )

0 and Di is the (T � 1)-

vector of observed training participation of individual i. To complete the

speci�cation let si = (Di; zi) be a realization of n independent random

draws of the joint distribution of a corresponding pair of random variables.

Moreover, it is assumed that the error terms are jointly normally distributed

ui � iid N(0;�) and independent of the explanatory variables zi. The

latter assumption implies that the zi are strictly exogenous. In order to

ensure identi�cation of � only one main-diagonal element of the intertem-

poral error covariance matrix (�) has to be set to unity (Heckman (1981)).

However, as we are only interested in scaled estimates of � it is assumed that

all main diagonal elements of � equal one (e.g. Avery, Hansen, Hotz (1983)).

To estimate the above model we adopt the generalized method of

moments (GMM) approach based on conditional moment restrictions as

suggested by Newey (1990, 1993) for a general class of nonlinear estima-

tors and adapted to the panel probit model for example by Bertschek,

Lechner (1998) and Inkmann (1999). We use a particular variant of this

estimator that is based on a nonparametric estimation of the optimal set

of instruments. As shown by the latter authors in Monte Carlo studies,

this estimator turns out to have better properties than its potential

competitors, namely the widely used maximum likelihood (ML) estimator

with equicorrelated residuals (known as random e�ects speci�cation) or an

estimation based on the Simulated Maximum Likelihood (SML) technique.

The selection of relevant covariates for the panel probit model relies on

theoretical hypotheses related to human capital theory. Moreover we have

to consider the institutional arrangements which are relevant for the labor
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oÆces when choosing training participants. According to the regulations of

the Work Support Act applicants for further training and retraining which

is supported through a maintenance allowance are selected on the grounds

of their education, employment history, job speci�c quali�cations, other

quali�cations, personal situation, motivation with respect to a training

measure and motivation with respect to a future employment. Finally, an

e�ort is made to proceed in accordance with relevant variables suggested in

other empirical studies on training participation (e.g. Blundell, Dearden,

Meghir (1994)).

Table 2 shows the GMM estimates of the unbalanced panel probit for

participation in FRMA (for de�nitions of the variables see table A.1 in

appendix). In contrast to human capital theory no signi�cant age in
uence

on the participation probability is observable. This is not surprising if one

considers that in the �rst few years of the transformation process the labor

force in general had to be adjusted to the new requirements of a western

style economy. Consequently training was an equally important investment

into human capital for older and younger individuals alike. This point is

emphasized by the age pro�le of training participants which reveals that

they are older than non-trainees (see section 3, table 1). Given that during

the post-uni�cation period women su�ered far more from unemployment

than men did, it is hardly surprising to �nd that they are more likely to

participate in a public vocational training measure. Variables describing

family situation such as martial status (PartHH) or women with children

(Female�Kids) do not appear to have in
uenced the training probability.

Variables capturing schooling (Abitur) and occupational degrees (Lehre,

Diplom) are signi�cantly positive indicating that earlier accumulated

human capital positively in
uenced readiness to invest in new human

capital during the transformation process. This result also stands in line

with the descriptives in section 3 according to which trainees have an

above average schooling and vocational education. Turning our attention

to variables that re
ect actual labor market history prior to training

we observe that the status of being unemployed signi�cantly increases

participation probability. Di�erent temporal labor force dynamics patterns

are also important participation predictors. Compared to individuals who

were employed for at least the last eleven months prior to the month in
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which the interview took place (reference category) those whose employ-

ment was recently discontinued (Emp ! Unm, Emp ! OLF) have an

increased participation probability, while those who recently managed to

�nd an employment have a reduced participation probability (Unm! Emp).

No evidence is found that that the status of being employed at the

date of the interview (Employed) and in particular variables associated

with job position (BluCollar, WhiCollar) a�ect participation in public

vocational training. An individual working in the occupation he/she was

originally educated for (JobEduc) does not have a reduced probability

of participation. Considering the many �rms that were not able to

survive under the new economic circumstances there was a general threat

of unemployment and thus a nearly equal potential necessity existed

for everybody to participate in training irrespectively of whether he/she

was working in an occupation that he/she was originally educated for or not.

Individuals who are currently highly satis�ed with life in general (Satis-

Life) are less likely to participate in a public vocational training measure

while the fact that an individual is not currently employed but seeking an

employment in the future (FutEmpDes) does not predict the participation

decision. Regarding the macroeconomic factors that might a�ect training

participation we �nd that the regional labor market conditions (RegSitua-

tion) had no in
uence while the yearly dummies proved to be signi�cant.

Compared to the reference year of 1992 a signi�cant positive e�ect for 1991

is observable. This result also stands in line with the oÆcial numbers on

entries into further training and retraining.

Table 2 about here

4.3. Application of matching methods

The aim of the matching method is to select for each trainee non-trainees,

that resemble him/her as accurately as possible in terms of pre-training

characteristics and thus to achieve a conditional independence between the

potential outcome without training (Y 0) and the decision to participate in

training (D). If this is done correctly, we obtain a matched sample con-

sisting of trainees and controls who, on average, - similar to a randomized

experiment - do not systematically di�er in any relevant characteristics.
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Thus, we eliminate the need to take the selection process into training into

account when estimating its impact on individual employment performance.

The matching algorithm that will be applied in this study (see appendix

table A.2) is based on one proposed by Rosenbaum, Rubin (1985) and

Rubin (1991). They �nd that this kind of algorithm appears to produce the

best match quality or bias reduction in terms of balancing the covariates

in the group of trainees and matched non-trainees. Similar matching

algorithms have been applied by Lechner (1999a, 2000) and Hujer, Maurer,

Wellner (2000) for the evaluation of training measures in East and West

Germany, respectively. The central conditioning (matching) variable is the

estimated propensity score. Along the lines of Lechner (1999a, 2000) the

unbounded score z0it�̂ is used as the main matching variable instead of the

bounded propensity score �(z0it�̂). Due to the location and symmetry of

the distribution of z0it�̂ the use of �(z0it�̂) would lead to an undesirable

asymmetry when �(z0it�̂) is close to 0 or 1.

For each trainee the con�dence interval around the propensity score is

used to select a subset of non-trainees who are very similar. Like Lechner

(2000) we do not use a �xed con�dence interval width (caliper width),

but instead allow the width to vary individually with the precision of the

estimation of the propensity score. If no non-trainee can be found with a

propensity score in the range of the trainee's con�dence interval, there is

obviously a lack of common support (see e.g. Heckman, Ichimura, Todd

(1997)). Hence we do not further consider this trainee in our training

evaluation. This is di�erent to the matching procedures suggested by

Rosenbaum, Rubin (1985) and Lechner (1999a, 2000). In such a case their

matching procedure chooses the non-trainee with the nearest available

propensity score. However, if the closest available non-trainee is very

di�erent to the trainee this might strongly decrease the match quality.

Proceeding this way thus stands in contrast with the requirement that

matching only produces meaningful results within the region of common

support (Heckman, Ichimura, Smith, Todd (1996, 1998)).

The estimation of the propensity score incorporates characteristics that

are all based on the date of the yearly interview. As a result potentially

important di�erences such as a particularly bad labor market situation for
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trainees just prior to the public vocational training course, as emphasized

by Lechner (1999a, 2000) for di�erent types of training in East Germany

or by studies like Ashenfelder, Card (1985) or Card, Sullivan (1988)

for the training measures in the US, might not be captured adequately.

To account for these di�erences the matching procedure is extended to

include a set of variables obtained from the retrospective calendar which

describes the monthly employment history just prior to the beginning of a

trainee's training measure. These additional match variables consist of the

unemployment and employment status in the last month before training as

well as the average unemployment and employment rates for the last 4 and

12 months prior to training. Inclusion of such variables in the estimation

of the propensity score is impossible because the relevant date is unknown

for non-trainees. To further enhance its matching quality, the matching

procedure also directly incorporates a subset of variables that were used

in the propensity score estimation. These variables are: Female, Diplom

and BlueCollar. Having found a subset of non-trainees that fall into the

propensity score con�dence interval for a given trainee, nearest available

Mahalanobis metric matching (for the propensity score and the additional

match variables) is used to select the closest non-trainee.

In principal it seems straightforward to match each trainee with

only the closest non-trainee (one-to-one sampling). Thus the matching

procedure is �nished when for every trainee one non-trainee has been

found. However, neglecting the other non-trainees leads to a small sample

size and hence to low degrees of freedom when estimating the impact of

training on individual employment performance. To increase eÆciency we

can extend the one to one sampling to an oversampling matching procedure

that incorporates information about other non-trainees who also closely

resemble the trainees with respect to the relevant matching variables. In

the case of oversampling the matching procedure is repeated a number of

times in order to �nd further non-trainees for each valid trainee. Of course

compared to the one to one sampling the drawback arises that the match

quality and thus bias reduction declines when matching further non-trainees

to each trainee. Note, however that an estimator with a slightly higher

bias but a signi�cantly smaller variance may of course be preferable to

an unbiased estimator whose variance is very large (Rubin (1977)). In

essence we are facing a typical bias-variance trade-o�. In general it is
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diÆcult to determine which point on the trade-o� is desired. Whether

additional non-trainees can be matched to each trainee obviously strongly

depends on the size of the non-trainee pool and on the overlap in the dis-

tribution of the propensity score between the trainee and non-trainee group.

Figure 4 depicts the distributions of the (unbounded) propensity scores

for both, the group of participants and non-participants. A comparison of

the distributions of z0�̂ reveals that despite the

Figure 4 about here

mass of the distribution for the non-trainees being to the left of the trainees'

the requirement of a complete a-priori overlap is ful�lled. Two adequate

control groups will be constructed: One to estimate the e�ects of training

on the post-training unemployment duration, the other to evaluate the

e�ects on post-training employment duration. In order to �nd the adequate

control group we always consider �ve matching procedures, namely the one

to one sampling and the four di�erent oversampling procedures (see table

A.3 and A.4 in the appendix).

5. Publicly sponsored vocational training post-training

employment performance

This section considers the unemployment and employment durations as the

relevant post-training outcome variables. The �rst matched sample consists

of 142 trainees for whom we observe 187 post-training unemployment spells

and of 142 non-trainees for whom 168 post-training unemployment spells

can be observed, the second one contains 123 trainees contributing 159

post-training employment spells and 242 non-trainees for whom we observe

291 post-training employment spells.

One way to assess the impact of public vocational training on unem-

ployment (employment) duration would be to compare the mean post-

training unemployment (employment) duration of trainees and matched

non-trainees. Yet, as Ham, LaLonde (1990, 1996) demonstrate in an ex-

perimental framework which eliminates the necessity to control for selection

into training by randomization, the estimation technique required to evalu-

ate an unbiased training e�ect depends heavily on the particular outcome of

23



interest. If the outcome of interest is the unemployment rate, it is perfectly

suÆcient to compare trainees' and controls' post-training average unemploy-

ment rates. However, if the focus is on the unemployment or employment

duration as it is here, there are three reasons why a simple comparison of

trainees' and controls' average duration would be insuÆcient and would lead

to potentially biased estimates of the training e�ect:

� The �rst problem associated with comparing the trainees' and controls'

average unemployment and employment duration is the existence of

right censored spells.

� A second problem is that trainees' and controls' unemployment (em-

ployment) spells do not necessarily originate at the same time and

consequently time dependent characteristics (e.g. age) and demand

conditions might di�er.

� Finally due to a selective nature of duration data it is necessary to take

into account all other observable and unobservable characteristics that

might a�ect the transition rate into unemployment or employment.

These issues emphasize that even with a matched sample it is required

to additionally rely on an econometric model. An appropriate approach

which considers right censoring, and can take into account other observable

and unobservable characteristics than training that also in
uence the

unemployment (employment) duration, is a hazard rate model.

As the duration in the GSOEP data is only available on a monthly ba-

sis, it is not appropriate to apply a model based on the notion of continuous

time. When using continuous time models with grouped duration data,

a term used by Kiefer (1988), parameter estimates could be meaningless

due to the existence of ties, i.e. equal durations for di�erent observations

(e.g. Kalb
eisch, Prentice (1980), Cox, Oakes (1984)). Assuming that du-

ration data are grouped into J + 1 intervals with the j-th interval de�ned

as [tj ; tj+1); j = 0; 1; : : : ; J , the discrete hazard rate for an arbitrary j is

de�ned as the probability that a spell ends before tj+1, given that it has

lasted until tj. The discrete hazard rate can be expressed in terms of the

survivor function Si as:

hi(j) = P [Ti < tj+1jTi � tj] =
Si(tj)� Si(tj+1)

Si(tj)
: (12)
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Ti, the duration time of observatory i, is a continuous non-negative random

variable with realization t. If we assume that changes in the covariates xi(t)

only occur at the lower bounds of each interval j, i.e. the covariates are

constant within each interval, and substituting 
j = ln
R tj+1
tj

�0(u)du, then

the survivor function takes the following form:

Si(tjj!i) = exp

 
�

j�1P
m=0

tm+1R
tm

�0(u) exp(x
0

i(tm)�) exp(!i)du

!

= exp

 
� exp(!i)

j�1P
m=0

exp[(x0i(tm)�) + 
m]

!
:

(13)

�0 denotes the baseline hazard rate, ! takes account of unobserved het-

erogeneity, � is the vector of coeÆcients to be estimated and 
m =

ln
R tm+1

tm
�0(u)du. To obtain Si(ti) we assume that exp(!i) = �i follows a

gamma distribution with mean one and variance �2. Let f(�i) denote the

corresponding density function, then the integration with respect to �i leads

to:

Sj(tj) =
1R
0

exp

 
��i

j�1P
m=0

exp[(x0i(tm)�) + 
m]

!
f(�i)d�i

=

 
1 + �2 �

j�1P
m=0

exp[(x0i(tm)�) + 
m]

!��2 (14)

To derive the resulting likelihood function we de�ne a dummy variable Æi

indicating whether the i-th spell is right censored (Æi = 0) or not (Æi = 1).

For a sample of N spells we then obtain the the following log-likelihood:

l(
; �; �2) =
PN

i=1 ln

�
Æi �

h
1 + �2 �

Pj�1
m=0 exp(x

0

i(tm)� + 
m)
i
���2

+(1� 2Æi) �
h
1 + �2 �

Pj
m=0 exp(x

0

i(tm)� + 
m)
i
���2

�
:

(15)

Similar models have already been applied by Meyer (1987, 1990) and

Narendranathan, Stewart (1993) to assess the impact of unemployment

bene�ts on unemployment duration.

Because the interest of this study focuses on the e�ects of public voca-

tional training measures on unemployment and employment duration the

complete estimation results of the hazard rate model for unemployment and

employment duration have been referred to the appendix (Table A.5 and

A.6). The following discussion will concentrate on the parameter estimates

that describe the causal e�ects of participating in a FRMA measure. In the
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context of an hazard rate model describing the unemployment or employ-

ment duration the training e�ect could, in principle, be measured by a single

indicator variable that equals one if the individual participated in training

and zero if not:

TR: individual has participated in a public vocational training course at

sometime prior to the current spell (1=yes, 0=otherwise).

However the estimated parameter of this indicator variable may capture a

rather heterogeneous training e�ect. Therefore we have tried to determine

whether any heterogeneous e�ects of public vocational training on post-

training unemployment or employment duration are related to the duration

of the training measure. Two additional indicator variables have been in-

cluded in the hazard rate model to capture public vocational training courses

that lasted for longer than six months (long courses) or for between four and

six months (medium courses). Consequently the reference category refers to

short courses lasting no longer than three months:

TR Dur1-3: short courses, that lasted for no longer than three months (ref-

erence category).

TR Dur4-6: medium courses, that lasted for between four and six months

(1=yes, 0=otherwise).

TR Dur7+: long courses, that lasted for longer than six months (1=yes,

0=otherwise).

Besides considering di�erences in the course duration an attempt is made

here to take into account any in
uence the post-training timing of the un-

employment spell might have on the e�ectiveness of the training measure to

be considered. In this respect, the distance between the end of the training

course and the beginning of the post-training unemployment (employment)

spell may be a relevant factor and therefore two further indicators are incor-

porated in the hazard rate model.5 The �rst indicator variable focuses on

unemployment (and employment) spells that begin within a time period of

between two to twenty four (twelve) months after the conclusion of training,

while the second indicator variable refers to unemployment (employment)

spells that begin no earlier than two (one) years after the training measure

5Another possibility, considered by Gritz (1993), would be to di�erentiate between the

�rst unemployment (employment) spell after training and any subsequent spells.
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ends. Note that the reference category to these two post-training timing

variables covers unemployment (employment) spells that take place imme-

diately after the training course, i.e. if the trainee becomes unemployed

(employed) in the �rst month after the training course ends:

TR 1: the post-training unemployment (employment) spell begins immedi-

ately, i.e. in the �rst month after the training course ends (reference

category).

TR 2-12: the post-training unemployment (employment) spell begins within

a time period of between two and twelve months after the conclusion

of training (1=yes, 0=otherwise).

TR 13+: the post-training unemployment (employment) spell begins no

earlier than two years (one year the in case of East Germany) after

the training course ends (1=yes, 0=otherwise).

Table 3 presents the estimated training e�ects obtained from a maximum

likelihood estimation of the discrete hazard rate model with unobserved

heterogeneity for unemployment duration and employment duration. The

numbers in the non-gray hatched square represent the nine possible com-

pound training e�ects. These allow for a di�erentiated analysis of the e�ects

of a FRMA measure on unemployment or employment duration.

Table 3 about here

Additionally the marginal e�ects of a di�erent course duration and of a

di�erent post-training unemployment or employment spell timing are pre-

sented in the gray hatched column and row respectively. These marginal

e�ects always have to be interpreted with respect to their relevant reference

category and cannot be interpreted in relationship to not participating in

training. Turning now to the estimation results for unemployment dura-

tion we �nd that participating in a FRMA measure does not signi�cantly

decrease the post-training unemployment duration (increases post-training

reemployment chances) irrespective of the training course duration or the

timing of the post-training unemployment spell. However, the signs of the

compound training e�ects indicate that short courses might be more helpful

than longer ones. A claim that is supported if we look at the marginal e�ects

on the course duration. It is found that training measures lasting more than

six months are signi�cantly less e�ective than short courses of a duration of
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no longer than 3 months. This could be seen as a very weak hint that at

least short courses such a the ones according to 41a AFG might have helped

unemployed training participants in East Germany to increase their reem-

ployment chances during the post-uni�cation transformation process. The

estimation results for employment duration show that with regards to the

compound training e�ect the results are just like they are in the case of un-

employment duration: Participation in a FRMA measure has no signi�cant

impact on the duration of any subsequent employment spell. Moreover if we

consider the marginal e�ects we even �nd - in contrast to the case of unem-

ployment duration - that the e�ect of public vocational training measures on

employment stability does not signi�cantly vary with respect to the course

duration. Summing up the results of this section, no evidence is found to

suggest that participation in FRMA either decreases unemployment dura-

tion or increases employment duration. There is only a very weak hint that

at least short courses seem to be more e�ective at reducing unemployment

duration than longer ones are.

6. Conclusion

In this study we have assessed the impact of public sector sponsored

vocational training on individual employment performance in East Ger-

many. To solve the fundamental evaluation problem, i.e. to construct

an adequate control group, in the context of a non-experimental data set

we rely on matching methods. Matching methods restrict themselves to

the situation in which selection into training occurs only on the basis of

observable characteristics. This assumption seems credible given that we

base our analysis on a very informative data set. A comparison between

the group of trainees and matched non-trainees reveals that our matching

procedure eliminates the systematic di�erences that exist between random

non-trainees and trainees. This is a central requirement in order to obtain

credible training estimates that are not a�ected by sample selection bias.

The di�erent labor market outcomes which have been considered are the

unemployment and employment duration. The evaluation of training

e�ects on duration requires the use of an econometric model that takes into

account -amongst other problems- the censoring of the outcome variable

(Ham, LaLonde (1990, 1996)).
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Regarding the outcome variables unemployment duration or employment

duration public vocational training measures did not have any signi�cant ef-

fect at all neither positive nor negative. This raises the question whether

training in East Germany was ine�ective because the labor market condi-

tions are insuÆcient, the courses are of a low quality or training was not

adequately targeted to individuals. Along these lines it would be interesting

to investigate whether positive training e�ects are obtained when the train-

ing measures are further di�erentiated by other characteristics than course

duration, e.g. provider, intensity or topics. Unfortunately, the low num-

ber of trainees in the GSOEP as well as the fact that further information

on course characteristics is not available in the data did not allow such an

analysis in this study.
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Table 1

Means and shares for selected socio-economic characteristics

for trainees vs. non-trainees in 1991a)

Non-trainees Trainees

Number of individuals 1235 223

Age (years) 31.6 32.4

Male (%) 43 32

High school degree (%) 13 18

Apprenticeship (%) 66 68

University degree (%) 19 28

a) Trainees (non-trainees) are those individuals who are observed in 1991 and who

participated in a FRMA measure at least once (did not participate in a FRMA

measure) during the time span under consideration
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Table 2

GMM estimates for participation in public vocational training

in East Germany (unbalanced panel probit, 1990-1993)

Variable CoeÆcient Standard error

Intercept -2.40870 0.61871

Age/10 0.14501 0.28703

(Age/10)2 -0.03343 0.04106

Female 0.30352 0.07489

Female�Kids -0.08943 0.07762

PartHH -0.06762 0.07990

Abitur 0.15467 0.09200

Lehre 0.30129 0.10608

Diplom 0.42200 0.12704

SatisLife -0.06214 0.01418

FutEmpDes -0.20847 0.20779

Unemployed 0.83307 0.11532

Employed 0.14309 0.25918

WhiCollar 0.18157 0.14107

BlueCollar 0.10503 0.14571

JobEduc -0.03293 0.08264

Unm!Emp -0.24650 0.13496

OLF!Emp -0.09075 0.12951

Emp!Unm 0.21636 0.11789

Unm!Unm -0.06938 0.19635

OLF!Unm 0.11409 0.20349

Emp!OLF 0.38029 0.18827

Unm!OLF -0.72129 0.94327

OLF!OLF -0.62763 0.71194

RegSituation 0.00812 0.00303

Year90 -0.16008 0.10678

Year91 0.25480 0.09073

Wald tests of joint restrictions �
2 p-val.

H0: coeÆcients of the year 23.702 0.000

dummies = 0 (�2(1))

H0: coeÆcients of labor force 17.444 1.475

status pattern = 0 (�2(7))

H0: all slope coeÆcients = 0(�2(25)) 223.042 0.000

McKelvey-Zavoina R2 0.222

Cross-validated k 1137

Number of individuals 1632
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Table 3

Maximum likelihood estimation of a discrete hazard rate

model with unobserved heterogeneity based on a matched

sample (1990-1994)

Training effects on the transition unemployment ⇒  employment

Coefficient Duration of the training course

(Standard error) Short course
(TR_Dur1-3)

Medium course
(TR_Dur4-6)

Long course
(TR_Dur7+)

marginal
effects

reference
category

-0.4003
(0.3385)

-0.5867*
(0.3318)

The unemployment spells begins

− in the first month after
training ends (TR_1)

reference
category

0.2177
(0.3375)

-0.1826
(0.2956)

-0.3690
(0.2281)

− within month 2 to 12 after
training ends (TR_2-12)

0.2299
(0.2936)

0.4476
(0.3465)

0.0473
(0.3717)

-0.1391
(0.2922)

− no earlier than 1 years
after training ends
(TR_13+)

-0.0792
(0.2894)

0.1385
(0.3398)

-0.2618
(0.2833)

-0.4482
(0.3040)

Training effects on the transition employment ⇒  unemployment

Coefficient Duration of the training course

(Standard error) Short course
(TR_Dur1-3)

Medium course
(TR_Dur4-6)

Long course
(TR_Dur7+)

marginal
effects

reference
category

0.2504
(0.4647)

0.0578
(0.4560)

The employment spells begins

− in the first months after
training ends (TR_1)

reference
category

0.7709
(0.8154)

1.0213
(0.8977)

0.8287
(0.8346)

− within month 2 to 12 after
training ends (TR_2-12)

-0.8305
(0.8105)

-0.0596
(0.4157)

0.1908
(0.4077)

-0.0018
(0.3112)

− no earlier than 1 years
after training ends
(TR_13+)

-0.8030
(0.8439)

-0.0321
(0.4330)

0.2183
(0.4494)

-0.0257
(0.4549)

� denotes signi�cance at a 10% level.
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Appendix

Table A.1

Definition of Variables
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Table A.2

Nearest available Mahalanobis metric matching within

calipers defined by the estimated propensity score

Step 1 Divide the individuals into two separate groups called trainees and non-trainees
according to whether they have participated in public vocational training during the
given time spana) (trainee group) or not (non-trainee group).

Step 2 Randomly select a trainee (denoted by i) from the trainee group. If this trainee
participated in more than one public vocational training course take the earliest one
as being relevant for the following steps.

Step 3 Based on the estimated unbalanced panel probit model compute the (unbounded)

propensity score ′zit
$β  and its variance ( )Var ′zitβ  for the trainee i in wave t, where t

refers to the date of the interview prior to the beginning of the public vocational

course. Construct the interval (caliper) ( )′ ± ′z c zit it
$ Var $β β  for this trainee, and

choose c such that one obtains a 90%-confidence interval around ′zit
$β .

Step 4 Find observations in the non-trainee group (denoted by j), that obey

( )′ ∈ ′ ± ′



z z c zjt it it

$ $ Var $β β β  in wave t.

Step 5 (a) If there is no non-trainee lying between the given limits of the confidence
interval, trainee i will not be considered further and step 2 has to be repeated.

(b) If there are one or more observations in the confidence interval proceed as
follows: Compute additional match variables related to monthly pre-training
employment status and a subset of variables already included in the estimation
of the propensity score. Denote these variables as ait  and a jt . Evaluate the

distance ( ) ( ) ( )d j i z a z ajt jt it it, $ , $ ,= ′
′
− ′

′
β β  between each non-trainee j and trainee

i. Choose the non-trainee who is the “closest neighbor“ of the trainee i in terms

of the Mahalanobis distance, defined as: ( ) ( ) ( )md j i d j i L d j i, , ,= ′ −1 , where L is

the estimated sample covariance matrix of ( )′
′

z a$ ,β  in the group of non-trainees

in wave t.

Step 6 Remove the trainee and non-trainee (now matched control) from their respective
groups. If there are any observations left in the trainee group, start again with
step 2.

a) The relevant time span refers to 1990 to early 1993
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Table A.3

Trainees versus matched non-trainees for selected

characteristics; matching is conditioned on a post-training

unemployment spell

trainees matched non-trainees all non-trainees

(142)
OTOS
(142)

OVS1
(272)

OVS2
(378)

OVS3
(467)

OVS4
(540) (1401)

Variable mean,
share
in %

mean,
share
in %

mean,
share
in %

mean,
share
in %

mean,
share
in %

mean,
share
in %

mean,
share
in %

Characteristics referring to the date of interview prior to training
′z $β -1.37 -1.38 -1.42 -1.48** -1.52** -1.56** -1.92**

Female 69.7 62.0 64.7 64.0 62.5 60.7** 56.7**
Age 32.8 34.1 34.6* 34.5** 34.2* 34.0 30.6**
PartHH 81.1 78.2 83.5 83.9 82.9 82.6 72.5**
Diplom 26.3 15.0** 17.8* 18.1* 16.4** 15.1** 17.8**
SatisLife 5.3 5.1 5.3 5.5 5.5 5.6 6.3**
FutEmpDes 41.7 43.9 35.0 29.2** 27.0** 23.9** 29.3**
BlueCollar 21.1 26.8 30.5** 32.3** 33.0** 36.3** 30.1**

Unemployment rate at selected months prior to training
month 1 62.0 57.1 43.9** 35.4** 30.0** 26.0** 14.2**
month 1 to 4 (average) 54.1 51.8 39.6** 31.9** 27.2** 23.7** 12.7**
months 1 to 12 (average) 36.4 34.2 25.9** 20.7** 17.6** 15.3** 9.9**
median(sd) - 6.5 28.1 44.4 53.7 61.8 84.7
mean(sd) - 9.5 25.3 38.4 47.4 55.0 73.1

��(�) denotes signi�cance at a 5% (10%) level.
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Table A.4

Trainees versus matched non-trainees for selected

characteristics; matching is conditioned on a post-training

employment spell

trainees matched non-trainees all non-trainees

(123)
OTOS
(123)

OVS1
(242)

OVS2
(358)

OVS3
(462)

OVS4
(550) (1401)

Variable mean,
share
in %

mean,
share
in %

mean,
share
in %

mean,
share
in %

mean,
share
in %

mean,
share
in %

mean,
share
in %

Characteristics referring to the date of interview prior to training
′z $β -1.43 -1.44 -1.46 -1.47 -1.50 -1.53** -1.92**

Female 65.0 63.4 62.8 61.7 61.7 60.7 56.7*
Age 32.8 34.0 34.3 33.5 33.4 32.9 30.6**
PartHH 82.1 77.9 79.7 81.2 80.5 79.6 72.5**
Diplom 30.4 20.6* 18.3** 19.4* 17.9** 16.9** 17.8**
SatisLife 5.4 5.6 5.6 5.7 5.7 5.7* 6.3**
FutEmpDes 38.2 40.0 42.1 38.2 34.6 31.3 29.3*
BlueCollar 20.3 30.1* 29.8** 31.3** 33.1** 34.9** 30.1**

Unemployment rate at selected months prior to training
month 1 60.2 59.4 55.6 49.7** 44.0** 39.4** 14.2**
month 1 to 4 (average) 51.8 51.5 48.9 43.5* 38.2** 33.8** 12.7**
months 1 to 12 (average) 32.8 33.0 31.4 27.7 24.1** 21.1** 9.9**
median(sd) - 2.4 6.5 18.2 29.0 34.0 78.0
mean(sd) - 4.7 8.9 17.4 26.6 34.1 73.8

��(�) denotes signi�cance at a 5% (10%) level.
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Table A.5

Results for transition unemployment!employment: Maximum

likelihood estimation of a discrete hazard rate model with

unobserved heterogeneity based on a matched sample

(1990-1994)

Variable CoeÆcient Standard error

Constant -4.0061 0.6335

Base02 -0.0070 0.6335

Base0304 -0.0867 0.2657

Base0506 0.2671 0.2493

Base0709 0.2642 0.2787

Base10+ 0.7720 0.3283

Age -25yrs 0.3282 0.2569

Age 26-40yrs 0.0231 0.2299

Female -0.4380 0.2504

Female�Kids 0.1358 0.2476

PartHH 0.1205 0.2413

Abitur 0.1158 0.3199

Lehre 0.4773 0.2965

Diplom 0.8011 0.3549

PrvEmployed 1.3330 0.3755

NoUneSp1 0.1254 0.2472

DurUneSp1 -0.1398 0.1720

ReplacementRatio -0.4443 0.1422

RegSituation 0.0074 0.0130

December 0.1927 0.2574

Spring 0.3226 0.1692

Summer -0.1679 0.2189

TR 0.2177 0.3375

TR Dur4-6 -0.4003 0.3385

TR Dur7+ -0.5867 0.3318

TR 2-12 0.2299 0.2936

TR 13+ -0.0792 0.2894

Ln(�2) -1.4257 1.0020

Likelihood Ratio test �
2 p-val.

of joint restrictions

H0: all coeÆcients except intercept 62.3976 0.000

and base line = 0 (�2(22))

Log-Likelihood -725.9337

Number of spells 355
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Table A.6

Results for transition employment!unemployment: Maximum

likelihood estimation of a discrete hazard rate model with

unobserved heterogeneity based on a matched sample

(1990-1994)

Variable CoeÆcient Standard error

Constant -6.8052 1.5630

Base0304 1.0498 0.3836

Base0506 1.1852 0.4115

Base0709 1.5329 0.4355

Base1012 1.2983 0.5377

Base1315 1.7233 0.5940

Base16+ 0.4272 0.7414

Age -25yrs 1.1338 0.3823

Age 26-40yrs 0.3638 0.2855

Female -0.0067 0.3262

Female�Kids -0.0115 0.3257

PartHH 0.0171 0.2956

Abitur 0.0432 0.4148

Lehre -0.1943 0.3576

Diplom -0.3274 0.5106

PrvUnemployed 2.6401 1.1431

SatisLife -0.2197 0.0579

FirmSize 0.0255 0.1341

PublicSector 0.2779 0.2382

WhiCollar 0.3814 0.4674

BlueCollar 0.9209 0.4852

RegSituation 0.0008 0.0168

December 0.6466 0.3027

Spring -0.4392 0.3183

Summer -0.0676 0.2528

TR 0.7709 0.8154

TR Dur4-6 0.2504 0.4647

TR Dur7+ 0.0578 0.4560

TR 2-12 -0.8305 0.8105

TR 13+ -0.8030 0.8439

Ln(�2) -0.6150 1.4347

Likelihood Ratio test �
2 p-val.

of joint restrictions

H0: all coeÆcients except intercept 76.3352 0.000

and base line = 0 (�2(24))

Log-Likelihood -559.8553

Number of spells 450
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