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1 Introduction

In several studies evidences were found that the experience of unemployment in the past has
a genuine effect on the employment prospects, hence it increases the risk of staying unemployed
(Arulampalam et al., 2000; Gregg, 2001; Knights et al., 2002; Biewen and Steffes, 2010). There
exist several theoretical explanations for the cause of the persistence in unemployment. One
source for state dependence in unemployment could be the disincentive effect of unemployment
insurance (Mortensen, 1986). Pissarides (1992) names as another explanation the deterioration of
human capital due to unemployment, which will reduce the number of job offers. Another source
might be that unemployment could be (falsely) interpreted by the employer as a signal for true
low productivity (Vishwanath, 1989). Additional explanation is that unemployed might be more
willing to accept low quality jobs which goes along with a higher risk of becoming laid-off which
makes it more likely to return into unemployment (Arulampalam et al., 2000).

Besides the effect of unemployment on future employment prospects, there are also evidences
that unemployment has a psychological impact. Clark et al. (2001) found in their analysis that life
satisfaction is negatively influenced by the experience of unemployment. Not only does current
unemployment have a negative effect on life satisfaction but also “past unemployment (. . . )

reduces the wellbeing of those who are currently at work” (Clark et al., 2001, p. 237). Ayllón
(2013) shows that unemployment has a discouraging effect. The results indicate that “in years
when the unemployment rate rises, people become aware that finding a job is more difficult and
hence feel more discouraged” (Ayllón, 2013, p. 70).

In this study the discouraging effect of unemployment on the searching schemes is analyzed,
which itself might reduce the labor market prospects. Following the ILO definition, the search
scheme of non-employed is used to identify discouraged persons. It is assumed that one feature of
discouragement is that an unemployed stops looking for work or/and is not ready to pick up work.
Consequently, this person is labeled as out of the labor force or inactive1. The focus of this study
is to analyze the relationship between unemployment and the risk dropping out of the labor force
and their differences in future employment prospects. Beside the well known fact that compared
to being employed, unemployed not only suffer from an increased risk of staying unemployed, it
is shown that they are also more likely to drop out of the labor force. Evidences are found that
dropping out of the labor force is like entering a vicious circle: compared to unemployed the risk
of staying out of the labor is increased and employment prospects reduced.

1Note that for the remainder of this article the terms “out of labor force” and “inactive” are treated as synonyms.
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Investigating the effect of unemployment on future employment prospects has several political
implications. On the one hand, it emphasizes the urgency to keep the time period of unemploy-
ment as short as possible. Useful tools in Germany for unemployed might be active labor market
policies, like training programs (Kluve et al., 2012), or “atypical” employment, such as marginal
employment (Caliendo et al., 2012) or low-wage jobs (Knabe and Plum, 2012) or the reduction of
hiring burdens. On the other hand, is must be taken care of that the unemployed are not falling
out of the labor force. Measures to prevent unemployed to drop out of the labor force might be
various, like starting motivation incentives (e.g. training measures) or punitive measures, such as
temporary reduction of social transfer.

There are several studies that analyzed the state dependence of unemployment. Flaig et al.
(1993) used the German Socio-Economical Panel (SOEP) and applied a random-effects probit
model. They found for unemployed West German men evidences for state dependence. Muhleisen
and Zimmermann (1994) also used the SOEP data and their estimation is based on a binomial
probit model. They concluded that “ here is strong evidence that past unemployment causes future
unemployment” (Muhleisen and Zimmermann, 1994, p. 800). Arulampalam et al. (2000) used
the British Household Panel (BHPS) and applied different random effects probit models. In their
estimations they found strong evidences for state dependence. Stewart (2007) also used the BHPS
and different random and fixed effects estimators. He compared the employment prospects of
low-paid employed and unemployed. He concludes that “low-wage employment is found to have
almost as large an adverse effect as unemployment on future prospects and the difference in their
effects is found to be insignificant” (Stewart, 2007, p. 511). Based on SOEP data, Knabe and
Plum (2012) analyzed the labor market prospects of low-paid and unemployed with the help of a
bivariate random effects probit model. They found a significant improvement on the probability to
obtain a high-paid job for unemployed that picked up a low-paid work in the meantime.

Existing research is extended by explicitly modeling the employment prospects of inactive and
their causal dependency with unemployment. To identify the discouraging effect of unemploy-
ment (Hypothesis 1) and going along with it the diminishing labor market prospects of inactives
(Hypothesis 2 & 3) the following three hypothesis are proposed and analyzed in the following
study:
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Hypothesis 1 Unemployed have a higher risk to drop out of the labor force than

employed, i.e. the conditional probability to become inactive in time

period t is higher for someone unemployed in time period t− 1 than

for someone employed:

P (Inactivet|Unemployedt−1) > P (Inactivet|Employedt−1).

Hypothesis 2 Inactive persons have a higher risk staying inactive than unem-

ployed becoming inactive, i.e. the conditional probability to become

inactive in time period t is higher for someone inactive in time pe-

riod t− 1 compared to someone unemployed:

P (Inactivet|Inactivet−1) > P (Inactivet|Unemployedt−1).

Hypothesis 3 Referring to the probability to become employed, inactive persons

have lower chances compared to unemployed, i.e. the conditional

probability to become employed in time period t is lower for some-

one inactive in time period t−1 compared to someone unemployed:

P (Employedt|Unemployedt−1) > P (Employedt|Inactivet−1).

When analyzing labor market dynamics several aspects must be taken care of. Labor market
processes are not solely influenced by observable characteristics, like age, education etc., but
also by unobservable ones, like motivation and ability (Heckman, 1981a). Not taking care of
unobservable heterogeneity might cause spurious state dependence with biased estimators (see
for instance Stewart and Swaffield (1999); Arulampalam and Stewart (2009)). Furthermore, as
these unobservable characteristics might be correlated with the initial period of the analyzed
time interval the distribution of the labor market status in the first period might be endogenous
(Heckman, 1981b).

This study applies a modified version of the bivariate random effects probit model as proposed
by Stewart (2007). It takes care of correlated unobserved heterogeneity by including correlated
random effects parameters. To allow for correlated random effects a correlated simulated
multivariate random effects (CSM RE) probit model is developed. As data base, the German
Socio-Economical Panel with the time interval 2002 to 2007 is used. Due to differences in the
labor market participation of men and women and due to still ongoing economical differences
between East and West Germany, the sample is restricted to West German men. Main focus of
this study is the analysis of the employment prospects of unemployed and inactive, hence those
observations are kept that were unemployed or inactive in the initial period. Evidences are found
which give support for the three hypothesis: unemployment increases the risk of dropping out of
the labor force, which itself lowers future employment prospects. Furthermore, it is shown that
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by not respecting for correlated random effects, the effect of dropping out of the labor force is
underestimated.

2 Data

Unemployment might cause discouraging effects by increasing the risk to stop search-
ing for employment and/or not to be ready to pick up work (Hypothesis 1). Compared to
unemployment becoming inactive might go along with an increased risk staying out of the
labor force (Hypothesis 2) and deteriorated employment prospects (Hypothesis 3). To derive
the labor market dynamics of unemployed and inactive the German Socio-Economical Panel
(SOEP)2, for the years 2002 to 2007, is used. The SOEP is a nationally representative survey
in which the households are annually repeated interviewed (Wagner et al., 2007). As the
East German labor market is still characterized by a transformation process, focus is put on
West Germany. Labor market participation between men and women do differ - especially in
reference to dropping out of the labor force - and therefore only men are considered. Due to
educational and retirement schemes the sample is restricted to men in the age between 25 and
55. Those being self-employed or not being able to work are also dropped. Also, those men
are dropped that died during the surveyed time period. Observations must be at least sample
member for three consecutive waves, without allowing for reentry. Those men that receive their
college degree or finish their vocational training during the observed time interval are also dropped.

In this study three labor market states are defined. Men with a positive number of working
hours and income are defined as employed. Related to the ILO definition, non-employed men are
differentiated according to their job searching scheme: those who have actively searched for work
in the past four weeks and are ready to start working in the next 2 weeks are defined as unem-
ployed, otherwise as inactive. Focus of the study is the analysis of the labor market prospects of
unemployed and inactive and their interdependencies. As can be seen in Table I, those men who
were employed in the initial period are in their vast majority employed in the consecutive time peri-
ods (93.56%). In contrast, those unemployed or inactive in the initial period are affected in a much
higher intensity from unemployment or inactivity in the consecutive time periods. Therefore, those
observations which were employed in the initial period are dropped, which reduces the number of
observations strongly. The total number of observations is 892, with N = 529 (N = 363) which
were unemployed (inactive) in the initial period.

2The SOEP is provided by the German Institute for Economical Research Berlin (DIW Berlin).

5



Table I: Labor Market Status1

Employedt=1 Unemployedt=1 Inactivet=1

Employedt 93.56 36.66 39.29

Unemployedt 3.52 45.28 16.67

Inactivet 2.92 18.06 44.05

N 7 820 371 252

1 Differentiated according to the initial period (t = 1), share of observa-
tions. Note that observations referring to the initial period (t = 1) are
dropped. Source: SOEP, waves 2002-2007.

A first impression on the relationship between the three labor market states can be derived
by looking at a transition matrix (Table II). Referring to Hypothesis 1, it can be noted that the
conditional probability of becoming inactive in time period t is much higher for someone who was
unemployed in the previous period t− 1(16.50%) compared to someone who was employed in the
meanwhile (5.69%). Furthermore, Table II shows that the conditional probability to be inactive
in t is higher for someone inactive in t − 1 (64.46%) than for someone who was unemployed
(16.50%). This seems to support Hypothesis 2. Also, evidence for Hypothesis 3 can be found
as the probability becoming employed in t is much lower for someone who was inactive in t − 1

(13.59%) than for someone being unemployed t− 1 (26.40%).

Table II: Transition Matrix

Employedt Unemployedt Inactivet Totalt−1

Employedt−1 79.15 15.17 5.69 23.65

Unemployedt−1 26.40 57.11 16.50 44.17

Inactivet−1 13.59 21.95 64.46 32.17

Totalt 34.75 35.87 29.37 100.00

Source: SOEP, waves 2002-2007.

However, it must be noted that it is unclear what the source that drives the differences in the
conditional probabilities is. The differences might be a consequence of the different labor market
positions or might be caused by observed or unobserved heterogeneity between the groups. To
take care of the effect of observable characteristics, the control variables as presented in Table III
are used for the estimation.
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Table III: Control variables

Variables Description

vocational1
dummy: 1 if observation has a
a vocational training (ISCED2 3 or 4), 0 otherwise

college degree1
dummy: 1 if observation has at least
a college degree (ISCED2 5 or 6), 0 otherwise

young dummy: 1 if observation is 30 years or younger, 0 otherwise

married dummy: 1 if observation is married, 0 otherwise

handicap dummy: 1 if observation is handicapped, 0 otherwise

unemployment rate state-level unemployment rate; annual averages; in percent

child
dummy: 1 if a child at the age of 16 or younger is
living in the household, 0 otherwise

German citizen dummy: 1 if person is German citizen, 0 otherwise

1 Only the highest ISCED level is considered. 2 ISCED=International Standard Classification of
Education. Index is running from 0 (insufficient) to 6 (highest level).

In Table IV summary statistics for the control variables, also differentiated according to the la-
bor market state, are presented. As can be seen, the distribution of the characteristics differ between
the three groups. The number of employed men with at least a college degree (29.03%) is above
the sample mean (20.96%). Furthermore, the share of married men is among the employed with
52.25% the highest, compared to 49.68% among unemployed and 39.69% among inactive. Hence
it must be doubted that by looking at the transition matrix in Table II solely save conclusions about
the interdependencies between unemployed and inactive and the employment prospects of the lad-
der one can be drawn. Furthermore, it must be noted, that beside these observables charateristics
also unobservables characteristics, like motivation or ability, might have an effect on the labor mar-
ket participation. Therefore, an econometric model that takes care of observable and unobservable
characteristics is applied, which will be described in the subsequent section.
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Table IV: Descriptive Statistics

Full Samplet Employedt Unemployedt Inactivet

vocational training∗ 59.64 58.70 59.06 61.45
college degree∗ 20.96 29.03 19.37 13.35
young∗ 20.51 20.00 15.00 27.86
married∗ 47.64 52.25 49.68 39.69
handicap∗ 11.43 7.41 9.68 18.32
unemployment rate∗∗ 10.95 (3.48) 10.25 (2.90) 11.58 (3.77) 11.00 (3.61)
child∗ 38.45 42.25 41.56 30.15
German citizen∗ 80.38 85.48 74.37 81.67

Observations 892 310 320 262

* Share of observations in the respective group. ∗∗ Standard deviation in parenthesis. Source: SOEP,
waves 2002-2007.

3 Econometric Specification

The underlying assumption in this study is that the labor market position in the past has a
genuine effect on the present labor market position. In this study the effect of past unemployment
on todays probability becoming inactive and the employment prospects of men that are out of
the labor force are analyzed. A Markov model of first order is applied, hence it is assumed that
the labor market position in the previous year (t − 1) has a genuine effect on today’s (t) labor
market position. When dynamic models are applied, it must be taken care of several aspects such
as unobserved heterogeneity (Heckman, 1981a) and their correlation with the initial conditions
(Heckman, 1981b). As Stewart and Swaffield (1999) and Arulampalam and Stewart (2009) have
pointed out not respecting for these aspects might cause spurious state dependence. To take care
of the unobserved heterogeneity random effects parameters are included into the estimation. The
two binary outcome variables are defined as:

y1it =

1 if the person is unemployed,

0 otherwise,
(1)

and if y1it = 0, y2it =

1 if the person is inactive,

0 otherwise,
(2)
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with the subscripts i ∈ {1, . . . , N} indicating the individuals and t ∈ {1, . . . , T} the time peri-
ods. Note, that the labor market states are mutually exclusive, e.g. someone who is unemployed
(y1it = 1) must not be inactive (y2it = 0). For the time period t ≥ 2, the latent variables ỹjit with
j ∈ {1, 2} are specified by:

ỹ1it = x′1itβ1 + γ12y2i(t−1) + γ13y3i(t−1) + α1i + ε1it, (3)

ỹ2it = x′2itβ2 + γ22y2i(t−1) + γ23y3i(t−1) + α2i + ε2it. (4)

Explanatory variables are exogenous regressors x′jit and lagged dependent variables y2it−1 and
y3it−1. Referring to the lagged dependent variables, note that being unemployed in t− 1 is chosen
as reference category. The time-invariant error terms αji captures individual-specific effects like
motivation or ability and εjit is a time-specific idiosyncratic shock. Assumption by now is that
the random effects error terms and the explanatory variables are uncorrelated. This assumption
might easily be violated, therefore it is relaxed by applying the approach of Mundlak (1978) and
Chamberlain (1984) and the time-means of the explanatory variables are included:

α1i = x′1iδ1 + κ1i, (5)

α2i = x′2iδ2 + κ2i. (6)

The labor market position in the first period of the observed time interval might not be randomly
distributed, caused by a correlation between the time-invariant error term and the initial condi-
tions.3 This problem is mitigated by reducing the sample to those observations that were not
employed in the initial period. There exist two approaches to handle this problem: estimating a
static equation, which includes instrument variables that only have an effect on the initial period,
for the first time period (Heckman, 1981b) or conditioning the estimation on the initial period value
(Wooldridge, 2005). One advantage of the approach of Wooldridge (2005) is that the number of
estimated parameters is lowered compared to the approach of Heckman (1981b), which reduces
estimating time notably. As the sample is restricted to men that were non-employed (hence, un-
employed or inactive) in the initial period t = 1, only one additional parameter for each equation
is needed. Being unemployed in the initial period is chosen as reference category. The final latent
variables, which also contain the time-means of the explanatory variables x′ji, are now defined as:

ỹ1it = x′1itβ1 + γ12y2i(t−1) + γ13y3i(t−1) + η1y2i1 + x′1iδ1 + κ1i + ε1it, (7)

ỹ2it = x′2itβ2 + γ22y2i(t−1) + γ23y3i(t−1) + η2y2i1 + x′2iδ2 + κ2i + ε2it. (8)

3Also known as the “initial condition problem” in economic literature.
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The observed binary outcome variable is defined as:

y1it =

1 if ỹ1it > 0,

0 else,
(9)

and if y1it = 0, y2it =

1 if ỹ2it > 0,

0 else.
(10)

For the idiosyncratic shock the normalization εjit ∼ N(0, 1) and for the random effects κji ∼
N(0, σ2

κj
) is chosen. The composite error term is νjit = κji + εjit and due to the time-invariant

error term correlated over time with:

corr(ν1it, ν1is) =

σ2
κ1

if t 6= s,

σ2
κ1

+ 1 if t = s,
(11)

corr(ν2it, ν2is) =

σ2
κ2

if t 6= s,

σ2
κ2

+ 1 if t = s,
(12)

and t, s ∈ {2, . . . , T}. The proportion of the time-invariant error term on the composite error term

is expressed by the term λj =
σ2
κj

σ2
κj

+σ2
εj

. Furthermore, it is assumed that the composite error terms
ν1it and ν2it are correlated in the following way:

corr(ν1it, ν2is) = ρκσκ1σκ2 (13)

and t, s ∈ {2, . . . , T}.4 For estimation a correlated simulated multivariate random effects (CSM
RE) probit model is developed. Based on a simulation, in the multivariate model the complete
variance-covariance matrix Ωi is estimated at once.5 As described above, dependency between
different time points is caused by the random effects and their correlation.6 As noted above, y2it

is only considered when y1it = 0, there exist various variance-covariance matrices with different
dimensions. Main challenge of this estimation technique is the identification of the order Ψ of the
cumulative multivariate normal distribution function ΦΨ. The order Ψ depends on the number of

4As can be seen it is assumed that the idiosyncratic shocks are uncorrelated, hence ρε = 0.
5In contrast, in Stewart (2007) the individual likelihood is estimated by a bivariate random effects model for

each time period and the product of it is taken for the total observed time sequence (and finally summed up over all
individuals).

6Assuming uncorrelated random effects would allow to apply an uncorrelated simulated multivariate random
effects probit model as described in Plum (2013).
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observed time periods T ∈ {3, . . . , 6} and the number of unemployment periods in t ∈ {2, . . . , T}:

Ψ = 2(T − 1)−
T∑
t=2

y1it (14)

Hence, Ψ ∈ {2, . . . , 10} (see Table A.1 in the Appendix for the actual distribution) with Ψ = 2

referring to a person with T = 3 and always been unemployed in the observed time interval and
Ψ = 10 referring to a person with T = 6 and never been unemployed in the observed time period.
The likelihood contribution of each individual is:7

ΦΨ = (k1i2x
′
1i2β1, . . . , k1iTx

′
1iTβ1, (1− y1i2)k2i2x

′
2i2β2, . . . , (1− y1iT )k2iTx

′
2iTβ2;

k1i2k1i3Ω2,1, . . . , k1i(T−2)k1i(T−1)ΩT,T−1, (1− y1i2)k1i2k2i2ΩT+1,2, . . . ,

(1− y1i(T−1))k1i2k2i2ΩT,Ψ, (1− y1i2)k2i2k2i3ΩT+1,T+1, . . . ,

(1− y1i(T−1))k2i(Ψ−1)k2i(Ψ−1)ΩΨ−1,Ψ).

(15)

ΦΨ is the cumulative multivariate normal distribution function of order Ψ and Ω is the variance-
covariance matrix. Ωp,q refers to row p and column q of the variance-covariance matrix Ω. In
general the variance-covariance matrix Ω of size Ψ×Ψ is defined as:

ΩΨ×Ψ =



ν1i2, ν1i2

... . . .

ν1i2, ν1iT . . . ν1iT , ν1iT

(1− y1i2)ν1i2, ν2i2 . . . (1− y1i2)ν1i2, ν2iT (1− y1i2)ν2i2, ν2i2

... . . . ...
... . . .

(1− y1iT )ν1i2, ν2iT . . . (1− y1iT )ν1iT , ν2iT (1− y1i2)ν2i2, ν2iT . . . (1− y1iT )ν2iT , ν2iT


(16)

Note that those lines/rows of the variance-covariance matrix referring to y2it are dropped when the
person is unemployed in the respective time point, hence 1− y1it = 0. The model has Ψ levels of
explanatory variables and Ψ(Ψ− 1)1

2
covariance parameters. There are Ψ sign variables kjit with

7To simplify notation the lagged dependent variable, the time mean of the explanatory variables and the labor
market of the initial period are incorporated into x′jit.
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j ∈ {1, 2} , where:

k1it =

1 if y1it = 1,

−1 else.
(17)

and if y1it = 0, k2it =

1 if y2it = 1,

−1 else.
(18)

Note that k2it will only be respected for if y1it = 0. The log likelihood to be maximized is the sum
of the individual log likelihood contributions:

lnL = ln
N∑
i=1

ΦiΨ(µ; Ω), (19)

where µ = (k1i2x
′
1i2β1, . . . , (1− y1iT )k2iTx

′
2iTβ2) and referring to the variance-covariance matrix

Ω =
(
k1i2k1i3Ω2,1, . . . , (1− y1i(T−1))k2i(Ψ−1)k2i(Ψ−1)ΩΨ−1,Ψ

)
. To derive the likelihood multivari-

ate normal probability functions of order Ψ are required. Following the suggestion of Train (2003)
and Cappellari and Jenkins (2006), Halton draws are applied for simulating multivariate normal
probabilities. The total number of generated Halton draws isR and with each draw r ∈ {1, . . . , R}
multivariate normal probabilities are simulated and the average of these simulations is derived.
Hence, the logarithm of the simulated likelihood is:

lnSL = ln
1

R

R∑
r=1

N∑
i=1

Φr
iΨ(µ; Ω). (20)

One advantage of applying a simulated multivariate random effects probit is the high accuracy
(Plum, 2013). For this estimation 100 Halton draws are applied.

4 Results

For estimation a CSM RE probit model with 100 Halton draws is applied. To analyze
the employment prospects of unemployed and inactive, the sample is restricted to those who
were unemployed or inactive in the initial period. To take care of unobserved heterogeneity
correlated random effects are included (Heckman, 1981a). As the random effects could be
correlated with the labor market position in the initial period (Heckman, 1981b), we follow the
approach of Wooldridge (2005) by conditioning the estimation on the initial conditions. Note
that normalization of the composite error term is σ2

εjit
+ σ2

κji
6= 1, hence the parameters of the

CSM RE probit model must be adjusted to be compared with those of the pooled probit model by
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multiplying them with (1− λ̂j)1/2 (Arulampalam, 1990).

Table V depicts in the first three columns estimation results of an uncorrelated random effects
(RE) probit model8 and in columns 4-6 the estimation results of the CSM RE probit model. In both
models it can be seen that both parameters that refer to the random effects (lambda1), lambda2

have a highly significant influence. This indicates that it is necessary to control for unobserved
heterogeneity.Furthermore, it must be noted that for the CSM RE probit model the proportion of
the time-invariant variance compared to the total variance is higher in the case of unemployment
dynamics (CSM RE probit model: 0.399, uncorrelated RE probit model: 0.348) and lower in the
case of inactive dynamics (CSM RE probit model: 0.629, uncorrelated RE probit model: 0.774).
Independent of the model, the difference in the proportions gives some hints that the unobserved
heterogeneity has a greater influence in the case referring to the probability becoming inactive
than in the model referring to the probability becoming unemployed, indicating that there might
be a higher state dependency in inactivity. In the CSM RE probit model it is also controlled for
correlated random effects parameter. As presented in Table V, the correlation parameter ρε is
negative but not significantly different from zero. Furthermore, it can be seen that independent
of the applied model, both variables that refer to the labor market position in the initial period
(inactivet=1) have a significant influence. Comparing the log likelihood of both models it can be
noted that in the CSM RE probit model it is higher than in the case or the RE probit model.

Independent of the applied model, Table V shows that the best antidote against unemployment
or inactivity in t is being employed in the previous period t − 1: in both cases the probability is
significantly reduced. Referring to unemployed and inactive ones in t−1, no significant difference
can be found in their influence on the risk becoming unemployed in t. But for those who did
not become unemployed, the risk to become inactive is significantly increased if the person was
inactive and not unemployed in the previous period. Hence, it must be noted that the coefficients
referring to the labor market position in the previous period do differ between the models. For
example, referring to the risk of becoming inactive, the effect of employment in the previous
period is much stronger in the CSM RE probit model (−1.463 × (1 − 0.629)1/2 = −0.891) than
in the RE probit model (−0.698× (1− 0.774)1/2 = −0.332).

Relating to the three hypothesis presented in the first section, partial effects are calculated to
facilitate the interpretation. The estimated probability to become inactive (p̂iat), conditioned on the

8Standard econometric software (xtprobit in Stata) was applied.
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Table V: Regression results (Men, initially non-employed, 2002-2007)

Uncorr. RE probit model CSM RE probit model

coeff. std. err. p> |z| coeff. std. err. p> |z|
dependent variable unemployed in t
employedt−1 −0.649 0.207 0.002 −0.624 0.223 0.005
unemployedt−1 reference category
inactivet−1 −0.065 0.208 0.756 0.038 0.220 0.863
unemployedt=1 reference category
inactivet=1 −1.021 0.233 0.000 −1.146 0.248 0.000
college-degree 0.089 0.230 0.697 0.103 0.247 0.676
vocational 0.108 0.190 0.570 0.145 0.204 0.477
handicap −0.661 0.492 0.180 −0.592 0.516 0.252
married 0.106 0.386 0.784 0.156 0.412 0.705
child 0.611 0.324 0.059 0.598 0.335 0.074
young 0.017 0.483 0.972 −0.008 0.502 0.987
German citizen −0.296 0.189 0.117 −0.312 0.202 0.123
local unem. rate 0.092 0.101 0.36 0.105 0.104 0.313
individual averages (x1i) included
year dummies included
constant 0.103 0.360 0.775 0.07 0.383 0.855
dependent variable inactive in t, conditioned on not being unemployed in t
employedt−1 −0.698 0.397 0.078 −1.463 0.381 0.000
unemployedt−1 reference category
inactivet−1 0.896 0.340 0.008 1.084 0.337 0.001
unemployedt=1 reference category
inactivet=1 1.237 0.583 0.034 0.976 0.428 0.022
college-degree −1.693 0.687 0.014 −1.238 0.485 0.011
vocational −0.593 0.471 0.207 −0.467 0.357 0.191
handicap 1.821 1.084 0.093 1.534 0.939 0.102
married 1.205 0.705 0.087 1.044 0.669 0.119
child −0.308 0.562 0.584 −0.198 0.534 0.711
young 1.056 0.976 0.280 1.044 0.868 0.229
German citizen −0.592 0.481 0.218 −0.539 0.372 0.148
local unem. rate −0.085 0.248 0.732 −0.058 0.209 0.780
individual averages (x2i) included
year dummies included
constant −0.858 0.851 0.313 −0.926 0.67 0.167
λ1 0.348 0.099 0.000 0.399 0.092 0.000
λ2 0.774 0.109 0.000 0.629 0.115 0.000
ρε − −0.148 0.248 0.551
log likelihood −709.869 −695.973
observations 892 892

Source: SOEP waves 2002-2007, own calculations.
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employment status in the previous period (empl. statust−1), is:

p̂(iat|empl. statust−1) = Φ
(
−(x′1β̂1 + γ̂1j + η̂1y2i1 + x1iδ̂1)(1− λ̂1)1/2

)
×

Φ
(

(x′2β̂2 + γ̂2j + η̂1y2i1 + x2iδ̂2)(1− λ̂2)1/2
)
,

(21)

and the estimated probability to become employed (p̂emt) is:

p̂(emt|empl. statust−1) = Φ
(
−(x′1β̂1 + γ̂1j + η̂1y2i1 + x1iδ̂1)(1− λ̂1)1/2

)
×

Φ
(
−(x′2β̂2 + γ̂2j + η̂1y2i1 + x2iδ̂2)(1− λ̂2)1/2

)
.

(22)

Note that x′j is the sample mean. As being unemployed in t−1 is the reference category, γj1 = 0.
The partial effects are derived by calculating the absolute difference between the estimated proba-
bilities, which vary according to the different labor market positions in the previous periods.

Table VI: Partial Effects

Model
Hypothesis 1 Hypothesis 2 Hypothesis 3

p̂(iat|uet−1) − p̂(iat|emt−1) p̂(iat|iat−1) − p̂(iat|uet−1) p̂(emt|uet−1) − p̂(emt|iat−1)

Uncorr. RE probit
0.1364 0.1010 0.0252

p = 0.0056 p = 0.0474 p = 0.6168

CSM RE probit
0.1314 0.1332 0.0763

p = 0.0805 p = 0.0994 p = 0.2208

Source: SOEP, waves 2002-2007. ue=unemployed, ia=inactive, em=employed. In the first row of each cell is
the sample mean partial effect presented, the second row reports the corresponding p−value.

Table VI shows the partial effects for all three hypothesis for the CSM RE probit model and
for the uncorrelated RE probit model. As can be seen, in the CSM RE probit model the risk of
becoming inactive in t is increased in the mean by 13.1 percentage points if in the previous period
the men was unemployed compared to someone who was employed. Furthermore, the mean partial
effect is significantly different from zero and hence, supportive evidences for Hypothesis 1 can be
found. Referring to Hypothesis 2, a men who was inactive in t− 1 increases his risk significantly
to stay inactive by about 13.3 percentage points compared to someone who was unemployed in the
previous period. Furthermore, the employment prospects are increased by about 7.6 percentage
points if the person was unemployed and not inactive in t − 1, which supports Hypothesis 3.
Though, it must be noted that the partial effects of Hypothesis 3 is not significant different from
zero.Looking at the partial effects of the uncorrelated RE probit model, the findings in Hypothesis 1
only differ slightly compared to the CSM RE probit model. Referring to the Hypothesis 2, the
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uncorrelated RE probit model estimates a lower mean partial effect. A strong difference can be
found when looking at the differences in the employment prospects of unemployed and inactive:
the uncorrelated RE probit model estimates a three times lower mean partial effect compared to
the CSM RE probit model. Hence, it must be concluded that not respecting for correlated random
effects causes an underestimation of the effect of dropping out of the labor force.

5 Conclusion

In various studies it was shown that the experience of unemployment itself increases the risk of
staying unemployed. Focus of this study is to investigate the relationship between unemployment
and dropping out of the labor force. Hypothesis are, that (1) unemployed have a higher risk to
become inactive than employed. Furthermore, (2) being inactive goes along with an increased state
dependence, hence a higher risk staying inactive compared to an unemployed, and (3) lowered
employment prospects. For investigation, SOEP data for the time period 2002-2007 are used,
focused on West German men who were not employed in the initial period. A CSM RE probit
model is applied which takes care of correlated random effects. Evidences are found for all three
hypothesis, even at a significant level for the first one. The conclusion is, that unemployed not
only suffer from an increased risk of staying unemployed but also from a higher risk to drop out
of the labor force. Dropping out of the labor force further deteriorates the employment prospects
compared to unemployment.
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A Appendix

Table A.1: Distribution of Ψ

Ψ = 2 3 4 5 6 7 8 9 10

N = 48 60 187 71 179 67 85 75 120

Source: SOEP, waves 2002-2007.
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