Estimating the Effect of

Training on Unemployment Duration in West Germany

˘ A Discrete Hazard-Rate Model with Instrumental Variables ˘ by

Reinhard Hujer, Kai-Oliver Maurer and Marc Wellner

Department of Economics

Johann Wolfgang Goethe-University, Frankfurt am Main

February 1997

Financial support from the Deutsche Forschungsgemeinschaft (#Hu 225/7-1; "Weiterbildung und

Erwerbsverläufe") is gratefully acknowledged.

Reinhard Hujer, Kai-Oliver Maurer and Marc Wellner

Department of Economics

Johann Wolfgang Goethe-University

Mertonstraße 17

D-60054 Frankfurt am Main

Phone: +49 (0)69 798-28115

Fax: +49 (0)69 798-23673

E-Mail: hujer@wiwi.uni-frankfurt.de/K.Maurer@em.uni-frankfurt.de/Wellner@em.uni-frankfurt.de

WWW: http://www.wiwi.uni-fran kfurt.de/professoren/empwifo/

˘ 2 ˘

A BSTRACT

We estimate a semiparametric single-risk discrete-time duration model to assess the effect of vocational training on the duration of unemployment spells. The data basis used in this studyis the German Socio-Economic-Panel (GSOEP) for West Germany for the period from 1986 to 1994. To take into account a possible selection bias ac - tual participation in vocational training is instrumented using estimates of a randomeffects probit model for the participation in qualification measures. Our main results show that training does have a significant short term effect of reducing unemploy - ment duration but that this effect does not persist in the long run.

Keywords: discrete hazard models, training, selection bias, instrumental variables

JEL classifications: C41, J20, J64

˘ 3 ˘

I. Introduction 1

In view of persistent high unemployment and ˘ at least during the eighties ˘ lengthening unem - ployment durations in most developed countries and the ever accelerating technical and techno - logical change affecting societyin general and the labour market in particular, education and onthe-job resp. off-the-job training are more and more often considered to be of utmost importance for individual labour market prospects. At the same time, firms and public institutions are re - ducing their expenditures, including those for qualification measures, to save costs and lower budget deficits.

In Germany, the budget of the Bundesanstalt für Arbeit (Federal Employment Agency), which is responsible for the payment of unemployment benefits and for the implementation of active la - bour market policy, including the financing of further vocational training ( Fortbildung ) and re - training ( Umschulung ), is criticallyreviewed bypoliticians. In addition, an amendment of the

Work Support Act ( Arbeitsförderungsgesetz ) is currentlybeing discussed which ˘ among other aims ˘ should improve the reemployment prospects of those unemployed byencouraging the use of training measures ( D

EUTSCHER B UNDESTAG

(1996), p.144). This trade-off, the need to lower unemployment while being compelled to cut back public expenditures, explains the great interest in the evaluation of the effectiveness of training programs in general.

In principle, there are various outcome variables that could serve as an indicator for the impact of training. The empirical literature so far mainlyevaluates effects on individuals´ income or em - ployment probabilities but other outcomes like employment duration (as an indicator of employ - ment stability), unemployment duration or promotion/seniority effects are also important.

Despite the notable public interest, there are onlya few recent empirical studies for Germany concerned with the impact of training and most of them concentrate on East Germany. 2 , 3

1 T he authors want to thank especiallyDr. Hilmar Schneider, Institute for Economic Research Halle, for the permission to use his GAUSS libraryfor the estimation of discrete hazard models. We also profited fromhis helpful comments and suggestions and those of Dr. Joachim Grammig and Ralf Grossmann, both Universityof

Frankfurt.

2 For a more detailed discussion, also including studies for other countries, see D

OLTON (1994) and

H UJER / M AURER / W ELLNER (1996 B ) .

˘ 4 ˘

F ITZENBERGER /P REY (1995) estimate a simultaneous random-effects probit model based on the

Arbeitsmarktmonitor (Ost), a panel labour market surveyrun bythe Federal Employment

Agencyin East Germany. Their data allow them to distinguish between two types of training:

training within and training outside a firm. For the period from 1989 to 1992 their results indicate that training outside the firm has a positive effect on the employment probability, whereas train - ing within the firm onlyhas a positive short run effect, the long run effect is actuallynegative.

Refining their first model byalso looking at wage effects and further differentiating training measures, F

ITZENBERGER /P REY (1996) find mostly positive effects on employment or wages.

L ECHNER (1995) concentrates his analysis of training effects on the evaluation of off-the-job training. Using the German Socio-Economic Panel (GSOEP) for East Germany1990-1994 and a statistical approach that incorporates a matching procedure his results show no robust positive effects of training on employment and income. However, his results are based on a fairlysmall number of trainees. In two later papers, L

ECHNER (1996 A , 1996 B ) evaluates public sector spon - sored and enterprise related vocational training. Basically, his earlier results carryover with the exception that enterprise related vocational training seems to have a positive effect on earnings.

These all are short term effects, long term effects cannot yet be observed, as L

ECHNER (19 95, p.55) stresses.

Although not strictlydealing with training, the studyby S

TEINER / K RAUS (1995) should be men - tioned as well as it tries to answer a similar question. The authors examine, whether participation in employment schemes ( Arbeitsbeschaffungsmaßnahmen ), which have been an important in - strument of labour market policyin East Germanyso far, has anyreemployment effects. Also using data from the Arbeitsmarktmonitor the authors find a positive short-run effect for men and a negative effect for women.

The results of all the studies reviewed so far cannot simplybe transferred to the case of West

Germanyas the situation in East Germanyis still verydifferent from that in the western part be - cause of the on-going transformation process after reunification in 1990. As mentioned before

3 T he main reason for the relative popularityof East Germanyas opposed to West Germanyis that the labour market situation since reunification in 1990 has rapidlydeclined in East Germanyand qualification measures were a major counteraction used bythe Federal Employment Agency. T hus, data sets for East Germanyshowa much higher proportion of participants than those for West Germany.

˘ 5 ˘ there are onlya few recent studies for West Germanythat tryto assess the impact of training. The analysis of H

UJER /S CHNEIDER (1990) is based on the first four waves of the GSOEP for West

Germanycovering the time period from 1983 to 1986. Theyestimate a parametric hazard model of a Weibull type and their results show a positive short run reemployment effect of training for unemployed men. However, their studyis severelylimited bythe number of observations.

B ECKER (1991) examines three cohorts of West Germans using a simple Cox-model and notices positive effects for successfullycompleted training programs on seniority. P

ISCHKE (1994) con - ducts a detailed analysis of vocational training activities and effects for West Germanybased on the GSOEP for 1986-1989. His results show that prior participation in vocational training fails to have anysignificant effect on wages. In a verycomprehensive studyfor both West and East

Germany, P

ANNENBERG (1995) analyses the effects of training on different outcomes like in - come, reemployment probabilities and mobilitywithin and between firms and finds mostlyposi - tive effects for both regions.

However, all four studies for West Germanyfail to take into account the intriguing problem of sample selection bias that affects everyempirical studyof (training) program effects that uses nonexperimental data: The groups of program participants (trainees) and non-participants may not be random samples from the population of interest. If, for instance, typicallypeople, who experience longer unemployment spells, participate in a training program, a simple post program comparison of mean unemployment durations of trainees and non-trainees is likelyto underesti - mate the true program effect.

Concluding this short overview, one can saythat there is still a great need for evaluations of training effects in West Germany. In the remainder of this paper, we will tryto assess these ef - fects. Our studyis based on the Socio-Economic Panel (GSOEP) for West Germanyand spans the time period between 1986 and 1993. As the lengthening of unemployment durations is one of the main labour market problems we concentrate our analysis on the reemployment effect of training, i.e. the effect of qualification measures on the duration of unemployment. The outcome

"unemployment duration" as opposed to employment probabilities, for instance, has the addi - tional advantage of providing a continuous longitudinal information. We estimate a semi - parametric single-risk discrete time hazard model for the transition from unemployment into em - ployment. This method is also used e.g. by M

EYER (1990) , N

ARENDRANATHAN /S TEWART (1993) and more recently H

UJER /S CHNEIDER (1996) . To take into account the sample selection problem

˘ 6 ˘ we propose an instrumentation of actual participation in a training measure using the estimates from a random-effects probit model for participation in training.

The remainder of the paper is organised as follows: The next section gives some stylized facts about the labour market and qualification measures in Germany. Methodological aspects, i.e. the econometric models used in this paper and the sample selection problem, are discussed in section

3. The empirical analysis can be found in section 4. There, we describe the data basis of our analysis and the process of generating the instrumental variables and present the results of the estimation of the training impact on unemployment duration. The last section contains a sum - mary and an outlook for future work.

˘ 7 ˘

II. Some Stylised Facts about West German Labour Markets and

Qualification Measures

Figure 1 shows the monthlylevel of unemployment in West Germanyfor 1986 to 1996. For every year the typical seasonal variation can readilybe observed. In the first three years of the observation period in this paper the level of unemployment changed little. In contrast, the years

1989, 1990 and 1991 show a quite significant drop in unemployment figures mainlyresulting from German reunification. As this special effect died awayin later years and the negative reuni - fication influences began to emerge, unemployment rose almost continuouslywith the increase during 1992 and 1993 being quite dramatic.

Figure 1: Unemployment in West Germany 1986-1996

0

0,5

1

1,5

2

2,5

3

J F M A M J J A S O N D

unemployed individuals (millions)

1987

1986

1988

1989

1990

1991

0

0,5

1

1,5

2

2,5

3

J F M A M J J A S O N D

1992

1993

1994

1995

1996 month of respective year

Source: B

UNDESANSTALT FÜR A RBEIT : Amtliche Nachrichten der Bundesanstalt für Arbeit, various issues.

Figure 2 presents the development of the average of the outcome variable of interest in this paper during the studyperiod in West Germany. Comparing the average unemployment duration with the results from figure 1 it seems that the average duration is lagging behind the level of unem - ployment. For example, whereas unemployment fell during 1990 and 1991, unemployment dura - tions decreased onlywell after 1990. Note that the average durations also include ongoing unem - ployment spells so that this statistic will be influenced bythe relative inflows in and outflows out

˘ 8 ˘ of unemployment. One central instrument of active labour market policyin Germanythat is pro - vided bythe Work Support Act is the financing of vocational training, and further vocational training and retraining in particular, through the Federal Employment Agencyfor those currently unemployed or in danger of becoming unemployed. Therefore, figure 2 also has the development of total expenditures of the Federal Employment Agencyfor vocational training and retraining in

West Germany. It can be argued that expenditures are a good indicator for the scale of vocational training thus provided. At least for the years after 1990 we observe a significant increase in vo - cational training that coincides with a decrease in mean unemployment duration. But, of course, this does not allow any causal interpretations.

Figure 2:

Average Unemployment Duration and

Expenditures of the Federal Employment Agency for Vocational Training and Retraining

(West Germany only)

10,5

11

11,5

12

12,5

13

13,5

14

1986 1987 1988 1989 1990 1991 1992 1993

average unemployment duration

0

1000

2000

3000

4000

5000

6000

7000

8000

total expenditures (million DM) duration expenditures

Source: B

UNDESANSTALT FÜR A RBEIT (1994) , p.77; B

UNDESANSTALT FÜR A RBEIT

(1995) , p.72; B

UNDESANSTALT FÜR A RBEIT (1996) , p.87

The Federal Employment Agencyis far from being the most important patron of vocational training in Germany. As figure 3 shows, 74.24% of total training expenditures in West Germany in 1988 were due to employers (including those in the public sector). Estimates by

A LT /S AUTER /T ILLMANN

(1994) for 1991 indicate that the public sector contributes a fifth of that share. However, this estimate is based also on figures from East Germany. The 2.9 billion DM paid for byfederal resp. state governments and communities include items like expenditures for adult education centres ( Volkshochschulen ). More than half of the costs paid bythe participants

˘ 9 ˘ themselves are travel costs and costs for learning materials ( A LT /S AUTER /T ILLMANN (1994) , p.78). All in all more than 50 billion DM or 2.4% of the gross national product were spent for training in 1988.

Figure 3: Training Expenditures in West Germany 1988 (billion DM)

Total:

52.4

Employers

(incl. Public Sector)

Federal Employment Agency

(BA)

Federal and State

Governments,

Communities

Participants

2.5

8.1

2.9

38.9

Source: I

NSTITUT DER DEUTSCHEN W IRTSCHAFT (1990), p.7.

˘ 10 ˘

III. Methodological Considerations

III.1 The D iscrete Hazard-Rate Model

The dependent variable we are interested in is the duration of time an individual spends in the state of unemployment. However, the problem of censoring prohibits the straight use of duration as the dependent variable in an econometric model. There are a number of spells who were al - readyin process at the beginning of data collection. For those spells the actual duration is un - known because the true inception of the spell generallycannot be observed ( left censoring ). Also, at the end of the observation period (or at the point where an individual drops out of the study) one does not necessarilyobserve a transition out of unemployment ( right censoring ). Hence, one analyses hazard rates instead of durations.

Basically, hazard models are concerned with observation i´s instantaneous rate of leaving a cer - tain state of interest (here: unemployment) per unit time period at t ( L

ANCASTER (1990, p .7) ):

( ) ( )

( ) l i i dt

i i

t x P t T t dt t T x dt = £ < + £ ×

® +

- lim ,

0

1 , i.e. the hazard or transition rate . 4 In the simple case of continuous hazard models the duration T i

spent byobservation i in the state of interest is said to be a continuous random variable. The probabilityof survival to t is given bythe corre - sponding survivor function

( )

( )

S t x u du i i i

t

= - ò exp l

0

.

However, as the duration in the GSOEP data is onlyavailable on a monthlybasis, it is not ade - quate for us to applya model based on the notion of continuous time. When using continuous time models with grouped duration data, a term used by K

IEFER (1988) , parameter estimates are possiblyuseless due to the existence of ties , i.e. equal durations for different observations

( K ALBFLEISCH /P RENTICE (1980), C OX /O AKES (1984) ). It is then necessaryto formulate the model in discrete time.

To specifythe discrete hazard model, we consider the case where individual duration data are grouped into J intervals with the j-th interval defined as

[ ) t t j j

,

+ 1

, j J = 0 1 , ,

� . For an arbitraryj

4 Generally, observations mayeither be spells or individuals. In a single spell framework, however, this distinction

is redundant.

˘ 11 ˘

the discrete hazard rate ( )

( )

h j x t

i i is defined as the probabilitythat a spell ends before t

j + 1

, given

that it has lasted at least until t

j and a set of time-varying covariates

( )

x t

i

: 5

( )

( )

( )

[ ]

( )

( )

( )

( )

h j x t P T t T t x t S t x t S t x t

i i i j i j i i j i i j i

= < ³ = - ×

+ +

-

1 1

1

1 , (1).

To further specifythe discrete hazard rate-model we use the Mixed Proportional Hazards Model

as a starting point, a well known and widelyapplied model for continuous time transition data

that is based on a model proposed by C OX (1972) : 6

( )

( )

( ) ( ) ( )

l l b

i i i i i t x t v t x t v

, exp

= ¢ +

0

(2),

where l

0 is the so called baseline hazard as it gives the hazard rate for

( )

exp 0 and b is the vec -

tor of the coefficients to be estimated. To avoid a possible source of misspecification we estimate

l

0 nonparametrically. v

i is a time-invariant and observation-specific error term that is not cor -

related with the covariates byassumption. It controls for unmeasured heterogeneityacross obser -

vations to prevent spurious time dependence ( E

LBERS /R IDDER

(1982) ).

If we assume that changes in the covariates

( )

x t

i onlyoccur at the lower bounds of each interval

j, i.e. the covariates are constant within each interval, and substitute

( ) g l

j t t

u du

j j = + ò

ln

0

1 , the

discrete time survivor function corresponding to (2) is given by:

( ) ( )

( ) ( ) ( )

( ) ( ) ( )

S t x t v u x t v du

v x t i j i j i i m i t t

m j

i i m m

m j m m , exp exp

exp exp exp

= - ¢ + æ

è ç ö

ø

÷

= - ¢ + æ

è ç ö

ø

÷

+ ò å

å

=

-

=

- l b

b g

0

0

1

0

1

1

(3a).

5 For a thorough survey on discrete hazard models see, for instance, H UJER / M AURER / W ELLNER

(1996 A ).

6 T he name of the model derives from C OX ’s (1972) original Proportional Hazards model where the hazards for

two individuals with vectors of covariates x

1 and x

2 are in the same ratio for all t ( L ANCASTER

(1990) ), which is

a quite strong assumption. T his propertyof the model vanishes if individual covariates are allowed to varyover

time.

˘ 12 ˘

H ECKMAN /S INGER

(1984) propose nonparametric methods to assess the distribution of the het -

erogeneitycomponent v

i

. Theyshow that parameter estimates are sensitive to different paramet -

ric assumptions regarding the distribution of v

i

. Yet, as T RUSSELL /R ICHARDS

(1985) point out,

much of the parameter instabilityfound by H ECKMAN /S INGER

(1984) might be the result of their

parametric baseline hazard. Therefore, when estimating ( ) l

0 t nonparametrically, the functional

form of the heterogeneitydistribution mayas well be unimportant. N ARENDRANATHAN /S TEWART

(1993) compare a two mass point mixing model using the Heckman-Singer procedure with a

normal mixture model and get verysimilar results. Thus, in our model we assume that

( )

t

i i v = exp is a gamma-distributed random variable with mean one and variance s 2 . If

( )

f

i t

denotes the corresponding densityfunction we obtain the following expression for the survivor

function ( L ANCASTER

(1979) ):

( ) ( )

( ) ( ) ( )

( ) ( )

S t x t x t f d

x t i j i j i i i m m

m j

i i

i m m

m j

, exp exp

exp t t b g t t

s b g s

= - ¢ + æ

è ç ö

ø

÷

= + ¢ + é

ë ê ù

û ú

=

-

¥

=

- - å ò

å

-

0

1

0

2

0

1

1

2

(3b)

To derive the resulting likelihood function define a dummyvariable d

i

, indicating whether the i-

th observation is right-censored ( d

i

= 0 ) or not ( d

i

= 1 ). k

i is either the interval, in which an

event for individual i can be observed ( d

i

= 1 ), or the censoring interval ( d

i

= 0 ). For a sample of

N observations the likelihood function then is:

( ) ( ) ( ) ( ) ( ) ( ) ( )

L S t x t S t x t S t x t

i i k i k i i k i k i i k i k i

i

N

i i i i i

i i g b t t t t d

, , , , ,

= - × é

ë ê ù

û ú

×

+ +

-

=

Õ

1

1 1

1

1

(4).

Inserting (3b), rearranging terms and taking logarithms we have for the log-likelihood ( M EYER

(1990 )):

( ) ( ) { }

( ) { } l x t

x t i m m

m k

i

N

i i m m

m k i

i g b s s b g

d s b g s

s

, , ln exp

exp

2 2

0

1

1

2

0

1

1

2

2

= + × ¢ + é

ë ê ù

û ú ì

í ï

î ï

- + × ¢ + é

ë ê ù

û ú ü

ý ï

þ ï

=

- -

=

=

- å å

å

-

-

(5).

˘ 13 ˘

Similar models have alreadybeen applied by M EYER

(1990) and N ARENDRANATHAN /S TEWART

(1993) to assess the impact of unemployment benefits on unemployment duration.

III.2 The Fundamental Evaluation Problem: Sample Selection Bias

The aim of anyevaluation of (training) program effects is to assess the difference between the

level of the outcome variable at time t for a given participant having received training at some

prior date and the level of that variable at time t for the same individual without participation. A

problem arises because, naturally, the latter situation is a hypothetical one and we cannot directly

observe the corresponding outcome level. The level of the outcome variable without participation

is onlyavailable for non-trainees. If both the group of participants in the program and the group

of nonparticipants are random samples from the population of interest a consistent estimate of

the average treatment effect could be obtained bycomparing the expected level of the outcome

variable for the two groups.

This is the case for data based on social experiments where the applicants for a training program

are randomly selected into a group of actual participants and a control group of non-participants.

The recent studyof H AM /L ALONDE

(1996) , for instance, uses such an experimental data set. In

nonexperimental settings as ours, however, it is possible that both groups are nonrandom samples

from the population, i.e. trainees maybe different from non-trainees just because theyare train -

ees. Trainees might be more aware of the importance of training ( M OFFITT

(1991), p.294), they

maybe better educated, theymayhave experienced a ’shock’ (e.g. a decline in earnings

( A SHENFELTER /C ARD

(1985) ) or employment probabilities ( C ARD /S ULLIVAN

(1988) )) prior to

participation, etc. Hence, the selection process into training maydepend on observable as well as

unobservable characteristics. In both cases this will result in a stochastic dependence between the

dummyvariables for the actual participation that are included in the vector of covariates

( )

x t

i

and the heterogeneity component v

i in (2) ( H ECKMAN /R OBB

(1985) , p.162-163).

As a consequence, nonexperimental methods are often considered to be less reliable than evalua -

tions based on an experimental design (e.g. B JÖRKLUND

(1989) , H AM /L A L ONDE

(1996) ). How -

ever, experimental designs also have specific problems. Apart from ethical reservations, these

problems are, for instance,

˘ 14 ˘

· the possibilityof a substitution bias as it cannot be ensured that members of the control

group do not participate in an alternative program ( H ECKMAN /S MITH

(1995) );

· that subsequent employment and unemployment spells do not have to be random subsets of

the experimental samples ( H AM /L ALONDE

(1996) );

· the fact that typicallyall left censored spells belong to control group members ( initial con -

dition problem ; H AM / L A L ONDE

(1996)).

Since the GSOEP is a nonexperimental data set, we are forced to cope with the potential sample

selection problem. The solution applied by F ITZENBERGER /P REY

(1995, 1996 ), for instance, is to

simultaneouslyestimate the equation for participation in training and the outcome equation(s) of

interest. L ECHNER

(1995, 1996 A , 1996 B ) favours a different approach as he constructs a control

group of non-trainees who are as similar to his sample of trainees as possible with regard to rele -

vant characteristics. 7 In this studywe are using an instrumental variable approach that is also

suggested by M OFFITT

(1991) , i.e. we are substituting actual participation with a variable that is

correlated with actual participation but not with v

i

. We propose the propensity (likelihood) to

participate in a training program as a suitable variable.

III.3 Econometric Model for Generating the Instruments

The propensities are the result of the estimation of an unbalanced, random-effects probit model

with the actual training participation of individual i in wave t, Q

it

, as the dependent variable:

Q if Q

else it it =

³ ì

í

î

1 0

0

*

, i N = 1 , , � ; t T = 1 , , � (6)

where the latent variable Q

it

* is defined as a function of a vector of exogeneous variables, z

it

,

and an one-wayerror component e m k

it i it

= + . m

i captures the individual-specific effect and

7 T his method of �matching^ trainees and non-trainees with regard to relevant characteristics is utilised in a

separate paper ( H UJER / M AURER / W ELLNER

(1997) ).

˘ 15 ˘

( )

m s

m i

N ~ ,0 2 , k

it is the "true" error component and

( )

k s

k it

N ~ ,0 2 , and the usual assumptions

about the structure of its variance-covariance-matrix are made (e.g. H

SIAO

(1996 ), p.412-413):

Q z z

it it it it i it

* = ¢ + = ¢ + + x e x m k (7).

Conditioning on m

i and defining a dummyvariable w

it

, that equals one if individual i is present

at wave t, we obtain the following likelihood function:

( ) ( ) ( )

L f d

it

Q

it

Q

i i

t

T

i

N

it it it it = - ì

í

î ü

ý

þ

-

= - ¥

+¥

=

Õ ò Õ

F F w w m m 1

1 1

(1 )

*

(8)

where N * is the number of individuals,

( ) ( )

F F

it it i z = ¢ + x m s

k and

( )

f

i m is the densityfunc -

tion of m

i

. To simplifythe computation we use the Gaussian quadrature formula as suggested by

B UTLER /M OFFITT

(1982).

˘ 16 ˘

IV. Empirical Analysis

IV.1 Description of the Data Basis

The G erman So cio- E conomic P anel (GSOEP) is a panel studycollected in the Federal Republic

of Germanysince 1984. 8 In the year of German reunification, 1990, an additional subsample for

the eastern part of Germany, i.e. the former German Democratic Republic, was added. As our

study is limited to West Germany this subsample was excluded from our analysis.

The spell data set used in the analysis comes from the individual employment histories that are

collected retrospectivelyfor the previous calendar year. During each interview, the individual is

presented a list of possible employment states (full-time employed, part-time employed, unem -

ployed, etc.) and is asked to specifyfor each month of the previous calendar year which of the

listed states are applicable for that month. Information on training activities stem from special

questionnaires regarding vocational training activities in the previous three years and were col -

lected two times since 1984, in 1989 (wave F) and in 1993 (wave J). As there is no later infor -

mation on vocational training than 1993 and because of the three year time frame of the ques -

tionnaire we are onlyable to use data for the years 1986 to 1993 in this study. Because the infor -

mation on the individual employment histories is collected retrospectivelyfor the previous year,

this means that the spell data set is based on waves D (1987) to wave K (1994). All other, cross-

sectional information come from waves C (1986) to J (1993).

To model the participation in training the set of covariates for the hazard model includes two

dummyvariables, separatelycapturing the short-run or transitoryand the long-run or permanent

effect of participation:

8 T he SOEP and its concept have been widelydescribed see, for instance, H ANEFELD

(1987) or P ROJEKTGRUPPE

S OZIO - ÖKONOMISCHES P ANEL

(1995) . A good source in English is W AGNER / B URKHAUSER / B EHRINGER

(1993),

who, though concentrating on a special English language version of the Public use file, do also give information

on the SOEP in general.

˘ 17 ˘

TR_S: participation in a vocational training measure during the last twelve months prior to

spell begin (1 = yes, 0 = otherwise)

TR_L: individual has participated in vocational training sometime between thirteen and

thirty-six months before spell begin (1 = yes, 0 = otherwise)

As both variables cover a retrospective time period of three years altogether, we use the first

three years (1986-1988) of the spell sample to avoid an initial condition problem regarding the

two most important regressors.

As our analysis concentrates on the duration of unemployment spells the selected sample consists

of all individuals who had at least one unemployment spell. Theycontribute all their unemploy -

ment spells between 1989 and 1993. The standard assumption in hazard rate models is that mul -

tiple unemployment spells of the same individual are independent observations. Left censored

spells have been excluded from our analysis for methodological reasons ( H UJER /S CHNEIDER

(1996) ). A spell is completed if it ends through a transition into employment, where the term

employment covers the states of full-time and part-time employment in the GSOEP calendar,

otherwise it is treated as right-censored. Descriptives for the resulting spell data set can be found

in table 1 .

Table 1: Descriptives for Sample of Unemployment Spells

absolute number:

individuals 827

spells 1114

completed spells 555

mean duration in months: a)

all spells 5.16

spells of trainees b) 3.86

spells of non-trainees b) 5.38

a) completed spells only

b) spells of trainees are spell with TR_S = 1 and/or TR_L = 1; all other spells are

spells of non-trainees

˘ 18 ˘

The descriptive analysis of the spell data set shows that at the most 34.70% of the individuals

contribute more than one unemployment spell between 1989 and 1993. 49.82% of the spells in

the data set are completed, the rest are right-censored. Prior participation in a qualification

measure seems to have a negative influence on the duration of unemployment. However, the dif -

ference in the mean duration of spells of trainees and non-trainees must be examined carefully

for two reasons: First, it neglects the additional information gained through an analysis of right-

censored spells and in the second place it might be subject to selection bias as outlined above.

Table 2 presents some characteristics for trainees and non-trainees in 1993. Though it is re -

stricted to onlya few and only observable characteristics, this simple comparison alreadyshows

that there are significant differences between both groups: Individuals who participated in voca -

tional training in 1993 are younger, more satisfied with their life in general and are better edu -

cated. In addition, German nationals and employed persons are more likelyto have participated

in vocational training in 1993.

Table 2: Individual Characteristics for Trainees vs. Non-Trainees (1993) a)

trainees non-trainees

number of individuals 100 1996

mean age (years) * 32.52 38.82

males (%) 0.55 0.52

foreigners (%) * 0.13 0.34

current satisfaction with life in general b), * 7.30 6.75

education/occupational skills (%):

Abitur (high school degree) * 0.31 0.13

Lehre (apprenticeship) 0.65 0.58

Diplom (university degree) * 0.18 0.06

employed (%) * 0.80 0.57

a) Cross section for people with at least one unemployment spell 1983-1993. Trainees are those individuals

who participated in a vocational training measure in 1993. Non-trainees did not participate in such a

measure.

b) Satisfaction is measured on a scale from 0 to 10 (0 = totally dissatisfied, 10 = totally satisfied).

* denotes 95%-significance of difference in sa mple means

˘ 19 ˘

IV.2 Generating the Instrumental Variables

As the short descriptive analysis in the preceding subsection shows, sample selection is indeed an

important issue in our data set. Therefore, we use instrumental variables for actual participation

in a vocational training measure to control for the possibilityof a selection bias in the specifica -

tion of the hazard rate model. The dummyvariables TR_S and TR_Lin the vector of covariates

( )

x t

i in log-likelihood function (5) that represent prior participation in vocational training are

replaced with the propensity of having participated. To obtain the propensities we estimate the

unbalanced, random-effects probit model outlined in subsection III.3 for the eight waves with

information on vocational training activities (1986-1993).

B LUNDELL /D EARDEN /M EGHIR

(1994, p.3 ) identifyimportant determinants of training, also sug -

gested byother studies, like age, sex, caring for children, belonging to minoritygroups (e.g. for -

eigners or disabled people), educational degrees, occupational status and certain job characteris -

tics. The relevance of some of these determinants has alreadybeen confirmed bythe descriptive

analysis underlying table 2. The choice of regressors in our empirical specification is mainlymo -

tivated bythese results. However, we augmented the set of job characteristics. We also wanted to

test the hypothesis that certain aspects of future plans of those not currentlyemployed are im -

portant factors for the decision to participate in vocational training.

The anticipated effects of the more important variables are as follows: Human capital theory

leads us to expect a negative influence of age because the period where the investment can pay

off declines with increasing age. The same reason, namelya limitation of pay-off opportunities,

also makes a negative effect of part-time employment sound reasonable. Discrimination should

be the driving force behind gender and minoritygroup effects. Variables related to the familiy

context might influence the participation probabilitythrough their effect on marginal value of

non-market time ( B LUNDELL / D EARDEN / M EGHIR

(1994, p.20 )). Employment status and firm size

are important factors with respect to accessibilityof training, i.e. employed individuals and indi -

viduals in larger firms generallyhave a better access to vocational training. It could be argued

that the better people are educated and the higher their occupational status the greater the prob -

abilityof participation for the reasons of awareness regarding the relevance of training and the

relevance itself. Wealth effects could also be reflected in these variables

( B LUNDELL / D EARDEN / M EGHIR

(1994, p.20 )).

˘ 20 ˘

Previous employment historyis controlled for bya dummyvariable that equals one if the indi -

vidual has been employed sometime within the last two years. As the special questionnaire on

vocational training is collected retrospectivelyfor the previous three years it is subject to a mem -

orybias, i.e. the number of participations in a given year is decreasing with the distance of that

year to the relevant special questionnaire. A special variable controls for this bias. Exact defini -

tions and descriptions of all variables used in this paper are given in table A.1 in the appendix.

Table 3 shows the estimation results which are broadlyconsistent with the effects identified by

B LUNDELL / D EARDEN / M EGHIR

(1994) . The age profile shows that age has a negative effect be -

yond the age of 32. However, sex (MALE) and caring for children (KS, KM, KL) turn out to be

insignificant. Minoritystatus is important with respect to nationality(FOREIGNER), but not

with respect to disability(DISABLED). Also, job tenure does not have the negative effect found

in other studies (JOBTENURE). The additional variables included in our analysis are plausible

as well: Blue collar workers have a lower probabilityof participating in vocational training than

white collar workers or the reference group (WHICOLLAR, BLUCOLLAR). Individuals with

jobs that require a certain degree of previous experience or knowledge are more likelyto partici -

pate (JOBQUALIF). These jobs mayalso be those with the greatest need to stayin touch with

technological progress, for example. Yet, the fact of working in an occupation one was originally

educated for mayprovide a (deceptive) feeling of safetyas it lowers the probabilityof participa -

tion (JOBEDUC). Individuals not currentlyemployed are most likelyto participate in a training

measure if theyare looking for employment in the near future (FUTEMPIMM) and do not ex -

plicitly want to work part-time (FUTPARTTIME).

These estimation results are used to compute the propensityfor individual i to participate in a

vocational training measure in wave t, ¢ z

it

� x . These propensities in turn are used to obtain instru - ments for the variables of interest, TR_S and TR_L, denoted TR_S* and TR_L* respectively:

TR_S* is the maximum of the propensities of the current and the previous year, TR_L* is the maximum of the propensities of the preceding three years, in each case measured with regard to the beginning of the respective spell. We use the propensityrather than the probabilityof partici - pating because of the greater variation in the propensity.

˘ 21 ˘

Table 3:

Maximum Likelihood Estimates for Participation in Vocational Training

Unbalanced Random-Effects Probit for 1986-1993

Variable Coefficient t-value

Constant -4.87399 -10.14761

Age/10 1.15264 4.75078

(Age/10) 2 -0.18016 -5.50048

Male 0.05331 0.75811

Foreigner -0.57477 -6.31847

PartHH -0.03662 -0.52753

Disabled -0.05043 -0.36206

KS -0.05159 -1.00383

KM -0.09026 -1.27089

KL 0.07993 1.30082

Abitur 0.06172 0.57511

Lehre 0.34264 4.53386

Diplom 0.43635 3.04987

Employed 1.19240 4.07986

WhiCollar -0.10979 -1.13758

BluCollar -0.59529 -5.65472

JobTenure -0.00448 -0.58912

JobQualif 0.67372 8.13176

JobEduc -0.24058 -3.42499

Firmsize 0.10210 3.52332

Public Sector 0.30508 3.82953

FutEmpDes 0.48695 1.54715

FutPartTime -0.26169 -1.91767

FutEmpImm 0.90079 5.60821

Emp2yrs 0.23499 2.05908

SpecQuest -0.24492 -12.13688 s m

/ s k

0.82660 17.63083

N 3131

Log-Likelihood -2531.71680

˘ 22 ˘

IV.3 Main Estimation Results

In this section we finallyassess the impact of training on unemployment duration bymeans of the discrete hazard rate model outlined in subsection III.1 above. We use the instrumental vari - ables that were generated in the last subsection to correct for the possible selection bias. In order to confirm that the specification with instrumental variables is indeed preferable to the specifica - tion with " exogeneous" training variables, a Hausman-Test for a parsimonious discrete hazardrate model without unobserved heterogeneityhas been performed following W

HITE (1982) . With a c 2 -test statistic of 178.5554 and 15 degrees of freedom we reject the exogeneous specification in comparison to the instrumented one. The complete specifications and estimation results are given in table A.2 in the appendix.

With these results in mind we now turn to the specification of the semiparametric discrete haz - ard-rate model with a gamma-distributed heterogeneitycomponent as specified in log-likelihood function (5) and substitute the dummyvariables for actual participation in vocational training,

TR_S and TR_L, with their instruments, TR_S* and TR_L*.

To nonparametricallyestimate the baseline hazard and controlling for the time-dependencyof the hazard rate the specification includes dummyvariables for the respective month(s) of spell dura - tion (BASE

� ). As has been depicted in figure 1 , the labour market shows a seasonal pattern

which should be taken into account to model market restrictions. Thus, we include a set of cor -

responding dummyvariables. It should be mentioned that the DECEMBER-variable, besides

controlling for the typical winter slump on the labour market, will also capture heaping effects

that result from the fact that the employment calendar in the GSOEP is spanning the period from

Januaryto December of the previous year. Thus, the December is a natural join between the em -

ployment calendars of consecutive interviews and individuals typicallylet their spells end in that

month of the year (H UJER /S CHNEIDER

(1996 ), p.63). T ORELLI /T RIVELLATO

(1993 , p.205-206)

criticise the inclusion of dummyvariables in order to explicitlycontrol for such heaping effects.

As the true end (and beginning) of the respective spell cannot be identified from the data at hand

their argument seems reasonable. However, the results of K RAUS /S TEINER

(1996 ) for the GSOEP

show that different ways of incorporating heaping effects hardlyaffect the coefficients of the

explanatoryvariables. In particular, theycompare ˘ among other specifications ˘ the inclusion of

estimates for the heaping probabilities derived bycomparing their data with inflow and outflow

˘ 23 ˘

data from official labour market statistics and the dummyvariable approach. 9 K RAUS /S TEINER

(1996, p.23) therefore propose the use of dummyvariables, as it "has the great advantage of fa -

cilitating estimation of more complicated duration models."

Additional variables include usual socio-demographic characteristics like age (AGE � ), nation -

ality(FOREIGNER), disabilitystatus (DISABLED) and qualification (ABITUR, LEHRE,

DIPLOM). It is widelyaccepted that younger, native, non-disabled, better educated and more

qualified individuals have higher chances of finding a new job. We also control for sex (MALE)

and familycontext (PARTHH). The inclusion of a variable measuring individual´s current satis -

faction with life in general (SATISLIFE) is causallyrelated to the assumption that it is highly

correlated with the individual´s motivation and self-commitment in finding a new job. Public

employment agencies are often considered to be rather inefficient. In addition, a substantial

commitment of the individual itself could be an important screening factor of firms when consid -

ering applicants. The variable is based on a scale from 1 to 10 with 1 being totallydissatisfied

and 10 being totally satisfied and corresponds to a question in the yearly GSOEP questionnaire.

Likewise, the situation of the individual in the past, i.e. prior to the unemployment spell, and his

future plans are relevant determinants of unemployment duration. The number (NOUNESP3)

and cumulated duration (DURUNESP3) of unemployment spells in the past and the employment

status prior to the unemployment spell (PRVEMPLOYED) control for the individual´s employ -

ment history. Duration (PRVTENURE) and occupational status (PRVWHICOLLAR,

PRVBLUCOLLAR) further characterise a possiblypreceding employment. To allow for the pos -

sibilitythat an individual is onlyregistered as being unemployed in order to reap unemployment

benefits but, in fact, is not looking for a new employment, a dummyvariable for plans for a fu -

ture employment is included (FUTEMPDES). As it might be much more difficult to find a part-

time job than a full-time job, a dummyvariable covering the case that the individual is explicitly

looking for a part-time occupation is also part of the set of covariates (FUTPARTTIME). The

importance of the level of unemployment benefits for unemployment duration is the focus of

manyempirical studies. For Germany, lately S TEINER

(1994) and H UJER /S CHNEIDER

(1996) find

significant whereas the results of W URZEL

(1993) show insignificant effects. We allow for an

9 Parameterisation of the heaping process as proposed by T ORELLI / T RIVELLATO

(1993) failed because of numerical

difficulties due to the small number of observations in particular duration groups ( K RAUS / S TEINER

(1996, p.12-

13).

˘ 24 ˘

influence of the level of unemployment benefits byinclusion of the replacement ratio defined as

the level of unemployment benefits in relation to the last labour market income.

To test for remaining sample selection effects in their model, F ITZENBERGER /P REY

(1995) include

a dummyvariable that follows the idea of the preprogram test of H ECKMAN /H OTZ

(1989 , p.366).

H ECKMAN /H OTZ

(1989) analyse sample selection issues in the context of a particular training

program 10 and advocate the use of a dummyvariable that equals one if an individual is a future

participant and zero if it is from the control group of non-participants. The estimated coefficient

for that dummyvariable �should not be statisticallysignificantlydifferent from zero for anycor -

rectlyspecified selection-correction model^ ( H ECKMAN /H OTZ

(1989) , p. 366). Incorporation of

such an ideal dummyvariable (which will be called HH-dummy throughout the rest of this paper)

represents a simple wayto test for sample selection effects and we thus implement this idea in

our model as well. However, the empirical application of this dummyvariable is not without

problems, especiallyin the context of longitudinal studies as ours. The distinction between train -

ees and non-trainees for a particular program as in H ECKMAN /H OTZ

(1989) is not difficult. It is

clear, at least afterwards, who participated in that program and who not. In a longitudinal survey,

however, one observes a number of people who participate in a great varietyof training programs

and some who do not participate in anyprogram during the observation period . The keyproblem

is if the latter are true controls or not.

If it is the single program that matters for sample selection issues ˘ and nobodycan denythat for

sure ˘ one would ideallyhave to include a separate HH-dummyfor everyprogram in the data

that equals one if an individual will participate in that program in the future. But, neither is it

verylikelythat more than one individual will participate in a given program nor can individual

programs be identified. Of course, the sheer number of different programs will also prohibit this

practice.

If it is participation in a training measure in general that matters for sample selection issues,

however, it suffices to include a single HH-dummythat equals one if an individual participates in

anytraining program in the future (and has not done so in the past). This is done in F ITZEN -

BERGER /P REY

(1995) . Yet, in this case we have two other problems: First, it remains unknown if

10 The example they use is the National Work Demonstration project implemented in the U.S. in 1976/1977.

˘ 25 ˘

someone, who has not participated in a program during the period of observation, has not partici -

pated in the past or will not do so in the future and, consequently, should be counted as a trainee

for sample selection purposes. Thus, members of the �control group^ (HH-dummy=0) can be

actual �future trainees^ (HH-dummy=1) and vice versa. Second, especiallyif the dummyvariable

is conditioned on the past, the dummyvariable will be time dependent as there will be less per -

sons, who will participate in the future and who have not done so in the past, the nearer the end

of the period of observation. Hence, a part of the effect of the HH-dummyis a pure time-effect.

This second problem is the motivation for the inclusion of a variable (MONTHSEND) that

equals the number of months from spell begin till the end of the period of studyand should cap -

ture this time effect. Indeed, our estimations showed sensitivityof the significance of the HH-

dummy to inclusion/exclusion of this variable.

The HH-dummyhas further problems, namelyits own possible endogeneity( F ITZENBER -

GER /P REY (1996), p.20), the underlying assumption of time-constancyof selection effects

( L ECHNER

(1995) , p.63) and the issue of testabilityin general ( L ECHNER

(1995) , p.5). Consider -

ing the delicacyof the selection problem it remains unclear if it actuallycan be adequatelyrepre -

sented bya somehow inaccurate variable. One should keep those caveats in mind when inter -

preting the coefficient of this dummyvariable. We tryto alleviate the problems described above

byintroducing year-specific HH-dummies 11 (TRHH � ) and controlling for time effects with the

variable MONTHSEND. Thus, we think that inclusion and interpretation of the HH-dummies is

still helpful. However, we would not go as far as rejecting or accepting a certain model or speci -

fication solely on the significance or insignificance of the HH-dummy variable.

Table 4 has the estimation results. Considering time dependency, a long unemployment duration

of more than 26 months significantlyreduces the transition probability. The earlier a spell lies

within the observation period the higher the transition probability. The seasonal effects for spring

and the month of December have the expected signs and are significant. Thus, the usual stimula -

tion of the labour market during spring time is reflected in our sample as well. For the winter

time one would expect to find a negative effect but this is more than offset bythe described

heaping effects. The effect for summer does have the expected sign but is insignificant.

11 We could not obtain a reliable estimate for a HH-dummyvariable for 1993 because of the small number of rele -

vant training participations in that year.

˘ 26 ˘

Table 4:

Maximum Likelihood Estimates for Transition Unemployment