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Abstract

Using a longitudinal administrative tax-based panel, we look at
several ways in which past labour market outcomes affect current
labour market transition rates, termed persistencies. This includes
loss-of skills during longer periods without a job and skill-accumulation
during better paid long periods of employment. In the empirical model
we use a flexible MPH-specification to analyse the transition rates be-
tween employment, unemployment, and non-participation. Allowing
for three unobserved heterogeneity points for each possible transition,
the most important finding is that during longer, better paid periods
of employment, individuals’ future transition rates into employment
rose. Longer periods of non-employment generally decreased future
transition rates, both to work and from work, especially if the cumu-
lative period of non-employment was more than 2 years.

Theme: micro-economics of unemployment

Keywords: duration analysis; hysteresis, learning.

JEL-code: C41, J22 J64

*Corresponsing author. Free University Amsterdam and Tinbergen Institute. Faculty
of Economics, Room 2A-24, de Boelelaan 1105, 1081 HV Amsterdam, pfrijters@econ.vu.nl.
TFree University Amsterdam and Tinbergen Institute.

Free University Amsterdam, CEPR, and Tinbergen Institute.



1 Introduction

Using a longitudinal administrative tax-based panel, we look at the rela-
tionships between past labour market outcomes and current labour market
transition rates, which are called persistencies. One persistency that has at-
tracted a lot of attention is the effect of longer spells of unemployment on
future transition rates. In the hysteresis-literature (see e.g. the 25 articles
in Roed, 1995), several mechanisms are suggested through which spells of
unemployment negatively affect future labour market outcomes. One is the
classic argument of Phelps (1972) that individuals lose their skills during un-
employment which negatively affects future possibilities of finding a job. This
line of reasoning was recently advanced by Lundqvist and Sargent (1998) to
explain European unemployment levels. Other possible negative effects of
longer spells of unemployment are discouragement, stigma, or an adaptation
of social norms (e.g. Pioré, 1972; or Lindbeck, 1995).

In empirical work though, only little evidence has been found that longer
spells of unemployment permanently negatively affect future labour market
opportunities. Heckman and Singer (1980), on the basis of 122 individuals,
found no effect of previous spells of unemployment on current hazard rates
from unemployment to employment. Whilst Lynch (1985, 1989) also finds
no effects, Omori (1997) and Blau (1994), who allow for more flexible unob-
served heterogeneity specifications, do find some effects. Omori finds a clear
negative effect of long spells of unemployment on future transition rates to
work in the NYLS-data, whereas Blau finds several effects of past labour
market outcomes on current labour market opportunities of the elderly, but
no general pattern.

A related persistency of empirical interest has been whether individuals
learn extra skills in good jobs, which can increase both future wages and
future transition rates into job, for instance due to more contacts. Several
recent studies indeed indicate that productivity-skills increase during the
tenure of many jobs (e.g. Dustmann and Meghir, 1999, and the references
therein). A study by Bonnal et al. (1997) on the effect of unemployment
training programs in France indicates that the long-term effects of training
the unemployed or giving the unemployed low-paid jobs are small though,
suggesting a possible relationship between the amount of learning that takes
place in jobs and the level of income in those jobs.

In the Dutch panel data set we use to empirically assess these two per-
sistencies, the labour market spells of about 65000 adults are recorded over



the period January 1989 through December 1997. In order to avoid initial
conditions problems, we will use the 4897 individuals whose entrance into
the labour market we can observe. Extensive information is available about
the sources of incomes and household composition of individuals during this
period, though not much is known about individual characteristics. In the
empirical model we use a flexible MPH-specification to analyse the transition
rates between employment, unemployment, and non-participation.

In the second section, the data set used is described and the model is
presented. In the third section the findings are discussed, some simulations
are done to reveal the most interesting aspects of the findings, and some
model-variants are presented to assess the robustness of the results and the
value of the methods employed. The final section concludes.

2 Data and method

2.1 data

About 6% of the tax-records of the Dutch population (randomly selected) in
the period January 1, 1989, through December 31, 1997, are stored in the
Income Panel data base. This includes information on all the spells of about
65000 adults aged 15 to 55. A spell indicates a particular ‘source of income’,
which includes wages, unemployment benefits, welfare benefits, disability
allowance, benefits+other sources of income (such as alimony, pensions or
payments by the previous employer), etc. In all, 15 types of sources of income
are differentiated. We reduce these 15 sources of income to three distinct
states: work, defined as having income from work or profits; unemployment,
defined as having amongst the sources of income an unemployment benefit
level; and non-participation, defined as all other types of benefits, unspecified
sources of income or no-income. In order to avoid initial conditions problems,
we use only the 4897 adults for whom we observe the time that they become
active on the labour market. The summary statistics of the individuals in
their first spells are then given in Table 1.

The results in this table show that most individuals live in a household
with more than 1 individual, that average incomes in unemployment are
rather higher than average incomes in work (though there is an obvious
age-difference between workers and the unemployed), and that most of the
labour-market entrants who live in households with children start in the work



Table 1: summary statistics of individuals in the Income Panel data set at entry

current state Work Unemployment Non-participation Total

Variables

Age 174 221 18.4 17.9
Female 0.50 0.46 0.48 0.49
In(taxable income per day in Dutch guilders) 2.59  3.41 0.42 2.09
number of children in household 1.13  0.46 0.83 1.03
Living together 094 0.67 0.89 0.92
Living in one of the 4 major cities 0.13 0.22 0.16 0.14
Individuals in percentages of whole % 4% 25%

state. The table also shows that 71% of the entrants immediately has a job,
probably straight out of school. The fact that there are some people who
are observed to start in unemployment, even though they have no previous
tax-record, is somewhat puzzling, because in the Dutch welfare system unem-
ployment benefits are only given to individuals who have previously worked.
Individuals without a job who have never worked are given a general welfare
benefit and are denoted as non-participants in this paper. The small number
of entrants into unemployment have therefore probably had some previous
incomes that were enough to qualify for unemployment benefits (such as odd
jobs for work agencies), but not high enough to have previous tax records.
After finishing school, they then claimed unemployment benefits. It is open
for debate how we should view such individuals, but here we choose to see
them as new entrants in unemployment.

The rough flows between the three states in the whole period are given
in Table 2.

We can see that each individual experiences about 3 states on average in
this period, which allows a careful look at the effect of previous outcomes
(lengths of spells and incomes during these spells) on transition rates. It
is also clear that the number of individual characteristics available is rather
scant. In particular, there is no direct information available on education.
As a proxy, we will use the age at which an individual enters the labour
market. Also the information on incomes is restricted to the daily average
income during a spell. Finally, entitlements to benefits are not known and
cannot be computed accurately, for one because the number of hours worked



Table 2: the flows between the three labour market states for individuals in the Income Panel
data set, in the period 1989-1997
destination work unemployed non-part. right-censored Total

Source:

work 0 1214 4206 3059 8479
unemployed 1162 0 210 202 1574
non-participation 3807 163 0 1637 5607
Total 4969 1377 4416 4898 15660

(relevant for many benefits) is not known.

2.2 Method

Having the three states, an extended MPH-model is used. For the hazard
rate we take
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j€ {u,o0}. Here @, denotes the hazard rate from work to unemployment
and ¢ the hazard rate from work to non-participation. tim, denotes the
length of the current spell in work, which is the m observed spell in work;
Zim, denotes a vector of observed characteristics at the start of the spell; )\;‘7’]-
denotes an unobserved characteristic of individual i for the hazard from work
to state j (A\{’; > 0) which differs over j; wh{,, denotes a vector of variables
that capture the labour market history of individual i relevant for the hazard
from work; 7}, =~ denotes the calendar time at which the current spell in
work began; 2/(.), b(.), h(.), and ¢/(.) are non-negative functions denoting,
respectively, the baseline hazard, a function of observable characteristics, a
function of previous labour market histories and a function of calendar time.

For individuals in unemployment, we have:
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le {w,o0}. Here ;" denotes the hazard from unemployment to state [.
The functions and variables are otherwise analogue to the functions defined
in the hazard rate from work. A similar hazard rate specification holds for
the transitions from non-participation.

Focussing only on those individuals who entered the labour market during
the examined period, there are no initial conditions problems. The likelihood
becomes

N

Hz{p’“*ﬂ IT o mmine ee —Jo 0y, at
k s=1 j.e{u,0}

H H 91]5 |)\k) lSe folusafjsdt

5= 1]€{wo}

H H 91], |)\k) lse folsafjsdt}

s=1 je{u,w}

zmwa

notes the observed duration of ind1v1dual i in the s observed workspell of
this individual. Also, A denotes the heterogeneity term corresponding to
probability point k. I, is an indicator function which equals one if the spell
m is completed and equals zero if it is right-censored. The total number of
spells of an individual equals n}’ + n}’ + n?, whose observed maximum is 22.

where 9;‘7’]-8 is shorthand for 9;‘7’ (TN 2T mw,wh“’ Tm.,) and T3 de-

i,m.

2.2.1 Specification:

The baseline function 2'(¢) is taken to be piece-wise constant, where we fix
the first piece for normalisation purposes; /(7 +1) is also piece-wise constant
and allows only for two seasons: before April 2 in a year and after. Given
that the Dutch GNP per person was growing steadily at around 2% a. year
for most of this period, we do not include business-cycle indicators, although
we do control for a trend by including a year of entry. Hence we have

CI(T + t) — esO*IOS(T+t) mod 365 <92151%191 < (r4) mod 365+ 52(year of entry-1989)

The other functions b(x) and h(.) are taken to be exponentially linear,
ie., b(z) =e*



As individual regressors we have indicator functions of the gender, the
type of location an individual lives in at the start of a spell (in one of the
four largest cities or otherwise), and of whether an individual is single or not.
Also, we have the number of children for which an individual gets benefits
(which is usually all children below 18 years), the age at the start of a spell,
the age at which the individual entered the labour market and the average
income in the current spell. Some interaction terms are added.

As indicators of labour market histories we use cumulative time spent out
of work, cumulative time spent in work, the previous non-work duration, the
previous work duration, the income in the previous job, the income in the
previous non-job, and cumulative income.

Each individual has 6 unobserved characteristics, corresponding to the six
possible transitions. We take the most flexible approach by assuming that
each unobserved heterogeneity distribution F} corresponding to the hazard
rates from state x to state j, has a fixed number of mass-points. Though
other specifications will be discussed later, in the final specification shown,
each distribution F consists of three points (A\];, A7, and Aj3). This means
there are 3*6 heterogeneity points and 3° possible combinations of these het-
erogeneity points that an individual can have. As this exceeds the number
of observations, we restrict the probability distribution between these points.
We assume that P[A] = A\7,,, Ay = A ,]=0 for n# m, where j and k denote
the two different exits of the same state x. For the heterogeneity distribution
of the two exits from one state, this means we estimate three mass points
in the two-dimensional plane of the heterogeneity distribution of the two ex-
its. We impose no restrictions on the values of the heterogeneity points (no
one-factor loading). This avoids the problem identified by Van der Berg and
Lindeboom (1998) of one-factor loading models that they implicitly assume a
fixed relationship between the variance of each marginal heterogeneity distri-
bution and the correlation structure between the heterogeneity distributions
F. Making no further assumptions on the probability distribution of the
heterogeneity points, we are left with 27 possible combinations of individual
heterogeneity points.

3 Results

In Table 3 the results of the final specification are given.



Table 3: Results of the persistence model for Dutch labour market entrants.

State Work Unemployed Non-part
Variables  \ exit-state =~ Unemployed Non-part Work Non-part Work Unemployed
Individual characteristics
Living together (0=no,1=yes) -0.10 -0.27%* 0.32%* -0.02 0.14** -0.11
In(age) -0.38 A0 276 0.17 1.39%%  3,04*
gender (1=female) -0.07 -0.06 -0.14%* 0.10 -0.08* -0.03
In(max(daily income,1)) 0.189** -0.42%* -.64%* -0.24%* -0.27%* -0.12%*
# kids -0.06 0.04* -0.00 -0.13 -0.11** -0.15
# kids*(gender) 0.02 -0.02 -0.08 0.03 0.01 -0.23
Big city (1=yes) 0.12 -0.03 -0.39%* 0.18 -0.04 0.38*
age at entry*work? 0.64 1.43%* 0.79 1.12 -3.52%* 2.49
age at entry*not-work 0.7 1.45%* 0.79 1.23 -3.39%* 2.63*
entry year of current spell -0.11%* 0.07** 0.04** 0.28** -0.01 -0.18**
Baseline
till day 32 -8.62 -5.58 -5.53 -8.63 -5.83 -8.20
day 33-63 -8.73%* -6.32%* -5.53%* -8.32%* -5.97** -9.17%*
day 64-155 -8.28%* -6.34** -5.42%* -7.58** -5.55** -0.12%*
day 155-366 -8.52%* -6.50%* -5.86%* -7.20%%* -5.79%* -9.02%*
after day 365 -8.84%* -4.96** -5.30** -7.81** -5.34** -8.41%*
Season
After April 1 0.10 1.09%* 0.23** 0.60** 0.74%* 0.65**
Persistence-effects
In(cum. nw duration)? -0.04 -0.02 0.23%* 0.13 0.06* -0.13
cum. nw dur> 6 mnd? 0.12 -0.06 -0.11 -0.00 -0.18%* 0.25
cum nw dur > 1 jr? -0.06 0.10 -0.03 -0.20 0.12* 0.16
cum nw dur > 2 jr? -0.50** -0.36** -0.19 -0.09 -0.01 0.11
cum nw dur > 3 jr? -0.08 0.03 0.17 0.03 -0.16* -0.34
In(cum. work dur) 0.23%* 0.12%* 0.05 -0.01 0.02 0.29%*
In(previous non-work dur) 0.09* 0.18** -0.18%* -0.07 -0.09%* 0.02
In(prev. work dur) -0.13** -0.04 0.19%* 0.02 0.06™** -0.05
In(Income prev. job) 0.05 -0.05** 0.12%* -0.15 0.08** 0.09
In(Income prev. non-work) 0.15%* -0.42%¢  -0.11%* -0.06 -0.08** 0.19%*
In(cum income) -0.03 0.02 -0.10%* 0.01 0.01 -0.04
Heterogeneity points
point 1 2.5Q%* 8 0.60%*  0.25% L26%%  0.19%%  0.37%*
point 2 0.21%* 0.22%* 0.10** 1.35%** 0.44** 0.52%*
point 3 0.45%* 0.13** 0.39** 0.96** 0.13** 0.05**
Average Log likelihood -17.510
Percentages of total # spells 50% 18% 34%

@ Interaction of age at entry and whether the first state was in work
b Total duration without a job. * signif at 5%, ** signif. at 1 %



Most of the found effects of individual characteristics are not surprising.
An exception is the insignificance of gender and the number of children on
transition rates: though a higher number of children does, as expected, reduce
transition rates out of non-participation (especially for women), the effects
are not very significant or large. This signals that one of the main peculiar-
ities of the Dutch labour market in previous decades, i.e., persistently low
labour market participation levels of women (especially those with children),
is a thing of the past for the new cohort studied here.

The baseline hazards show some marked non-linearities, with perhaps
the most striking the fact that baseline transition rates from work to non-
participation are a lot higher after one year than they were just before the end
of a year. Perhaps this reflects the fact that many benefits within the non-
participation state, such as long-term disability allowances, are only available
after several years of work. That transition rates of the unemployed to work
are rather constant, whilst the transition rates into non-participation increase
over time are also not surprising as the possibility of claiming unemployment
benefit disappears after a while. The seasonal effect shows that mobility is
substantially lower during the colder months of the year (before April).

The longer the previous work duration, the lower the transition rates out
of work. A higher cumulative work duration has the opposite effect. This
means that a high cumulative work duration concentrated in the last work
spell has much less effect on the exit rates out of employment than a high
cumulative work duration spread over many work spells. Long un-interrupted
spells of employment hence do not lead to positive persistencies.

In general, the income persistencies are also clear: the higher previous in-
comes in non-employment, the lower the exit rates into work, and the higher
the exit rates into unemployment. Because incomes in non-employment are
strongly related to benefit levels, this signals a ‘pull-effect’ from higher ben-
efits into unemployment. A high income during work increases future tran-
sition rates into work from the other states which suggests that individuals
pick up ’job-finding skills’, such as contacts, during well-paid spells of employ-
ment. Also, those with a high income in previous job have a lower transition
rates into non-participation. In comparison, the effects of cumulative income
are small, though there is some indication that unemployed individuals who
have earned a lot in the past, are more likely to go into non-participation
than to work, perhaps representing a wealth effect for the demand for leisure.

The duration persistencies are less clear: the longer the previous time
spent out of employment, the lower the exit rates from work, especially when
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the time spent in non-employment is spread out over several spells (which
reduces the counterbalancing effect from the previous non-work duration).!
Especially individuals who have been without employment for more than
2 years have lower exit rates out of employment, perhaps signalling that 2
years is a switching point, after which individuals tend to search for more
secure jobs (having had insecure jobs in the past). It also happens to be the
case that a previous cumulative non-employment duration above two years
reduces exit rates to work. 2 a cumulative time of two years without work
hence seems a turning point with respect to future possibilities of finding a
job. Those with such high cumulative non-employment that do find a job
have lower transition rates out of a job.

The net effect of longer previous spells of non-employment on transition
rates to work are negative. Hence, it does seem that some skills are being
lost during unemployment, especially during a long uninterupted spell of
non-employment (which increases the effect of previous non-employment).
Apart from this negative effect of non-employment, the effect of longer spells
without a job probably has a second negative persistency via the effect of
long non-employment on future wages (see appendix for a basic analysis).

Because the effects of longer durations are highly non-linear, we look at
the actual impact of previous durations and incomes on current transition
rates for some selected examples. In the following graphs, we focus solely on
the persistence function A(.), which we compute for three examples. In the
first example we focus on A (.), i.e., the persistence effect for an individual in
the transition rate from unemployment to work. We show this function for
an individual who enters the labour market into non-participation at tq, finds
employment 24 months later (at t1), then goes to unemployment 12 months
later (t1), and moves to non-participation 4 years later (t3). The two lines
shown reflects whether the individual obtains a mean income in all states
or a double mean income in both states, which shows the importance of the
income persistencies:

IThough the effect of the last non-employment spell on transition rates is positive,
this effect is always smalle than that of the cumulative amount of time spent without a
job. It does indicate though that individuals who move often between unemployment and
non-participation during a long period of non-employment, lose less skills than individuals
who are not mobile during a long period of non-employment.

10
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The shown line reflects the persistency in the transtion from unemploy-
ment to work someone would have at that moment with that history. Hence
the value of about 1.6 at 30 months implies that an individual who would
at that moment become unemployed with his history sofar, would have a
60% higher exit rate to work relative to an otherwise identical individual
with no history. It is obviously impossible to become unemployed when one
already is unemployed. Hence the change in the persistence during a spell of
unemployment shows the effect on future spells of unemployment (which by
necessity involves at least one more spell in another state).

The graph shows that a spell of work greatly increases the future transi-
tion rate from unemployment into work. Also it shows that future transition
rates reduce with duration of a spell of non-employment when the spell is
still short. After about 6 months to a year, the effect of further increases
in duration of non-employment on transition rates from unemployment to
work is small. The jump in A7 (.) at t3 is mainly due to the negative effect of
non-employment incomes: because incomes in unemployment are a lot higher
than in non-participation, the transition rate from unemployment to work
is higher for someone who was just in non-participation than for someone
whose previous non-employment spell was unemployment, possibly because
of a greater motivation. The effect of greater incomes on persistencies for
this transition rate seems quite small, where we have to bare in mind that
both work incomes and non-work incomes here are double mean. From the
estimated coeflicients we could already see that higher work incomes increase
future transition rates to work whereas higher non-work incomes can have
opposite effects.

In the second example, we show h2 (.) (persistencies from non-participation
to work) for an individual with a particular history:

12
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In the first spells of unemployment and non-participation, we clearly see
the non-linearities in the effect of cumulative time in non-employment on
this transition rate: after 6 months and 3 years, the transition rate drops
substantially, possibly related to discouragement: individuals with previous
long spells of non-employment have a lower h;’(.). Again, the big decrease
in the transition rates due to a spell of unemployment is mostly related
to the fact that the income in unemployment is quite high which reduces
the future transition rate from non-participation to work. Indeed, we can
see that higher work-incomes increase the future transition rate from non-
participation to work, whilst higher unemployment-incomes reduce it.

In the last example, we show hl(.) (persistencies from work to unemploy-
ment) for a particular work history:
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Here we see that the future transition rate from work to unemployment in-
creases with short previous spells of work. Though this may reflect a stigma-
effect, it is also plausible that it involves some residual unobserved hetero-
geneity the model has failed to pick up. The income effects are also marked:
individuals with higher previous work-incomes have a lot higher exit rates
to unemployment. Because unemployment entitlements are directly related
to previous pay, this is not that surprising and may represent a pull-effect
from higher benefits. The non-linearities are again quite strong: just after
two years and three years of cumulative non-employment, future transition
rates to unemployment drop markedly.

Because the total impact of some of these persistencies depend on all
the characteristics of all individuals due to the non-linear specification, we
need to look at simulations in which we turn some of the persistencies off
if we want to get a feeling for the importance of the persistencies on labour
participation rates. Therefore we look at two selected counterfactuals. In the
first scenario we simply simulate for 10000 individuals what the percentage of
individuals in employment of different ages would be if the model held forever.
The full procedure, involving imputed incomes and endogenous changes in
personal characteristics, is explained in the appendix. In the second scenario,
we compute what would happen if there would be no effect from previous
incomes in work and cumulative incomes, essentially keeping these values at
zeros for the persistence function. In the third scenario we calculate what
would happen if the duration of previous spells of non-employment would
not have any effect by keeping them at zero. The results are shown in the
next graph in terms of labour market participation levels under the different
scenarios.

Firstly we may see that the percentage of individuals in employment
(=labour participation level) in the baseline simulation is the lowest for in-
dividuals aged about 20, which is when a large glut of school leavers enters
the labour market. Individuals entering the labour market before that age
more often start in employment than the individuals who enter at 20. The
average estimated labour participation level of about 70% for adult males
fits the national average.

As we can see, the effect of omitting the income persistencies reduces
labour participation levels for individuals in the age range from 17 to 30.
In this range the positive persistencies from work dominate. After this age
range, the participation levels are even higher without income persistencies.
This is probably due to the fact that individuals with high previous incomes
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have a reduced transition rate from work to unemployment.

For the persistencies from non-employment spells the results are clearer
in the sense that labour market participation levels are a lot lower for all
individuals above 20 without these persistencies. The net effect of previous
spells of non-employment on current employment levels is hence positive.
One positive persistence that can be observed from Table 3 is that longer
cumulative spells (above 2 years) of non-employment decrease transition rates
from work. This apparently outweighs the negative effect of longer periods
of non-employment on future transition rates from unemployment and non-
participation to work.

3.1 Model-variations

In this sub-section we assess the importance of the flexibility of the unob-
served heterogeneity distribution. We look at three different cases, ever more
restrictive of the heterogeneity distribution:

1. Each F} has two mass-points. We only restrict the probability distri-

bution of the exits from unemployment such that P[A}; = X{,, Ay, = Ay ,]=0
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ift n £ m. This leaves 12 heterogeneity points and 32 probability points to be
estimated. A version in which there were no restrictions on the probability
distribution did not converge.

2. Fach F} has three mass-points and P[X}; = A,,, AL, = A, ]=0 iff
n # m for all x and y. Hence there are then 18 heterogeneity points and only
three probability points to be estimated.

3. Each F} has two mass-points and P[\]; = A, Ay, = AL, |=0 iff
n # m for all x and y. There are then 12 heterogeneity points and only two
probability points to be estimated.

The next table shows the found heterogeneity points under each of these

three specifications.
Table 4: heterogeneity points found under different specifications

Work Unemployment  Other Average Number
unem. other work other work unem. Log-lik  of params
Specif. 1 -17.5280 193

point 1 2.32 046 0.28 0.80 0.27  0.20
point 2 0.25 010 0.25 0.66 0.30 0.18

Specif. 2 -17.5149 170
point 1 2.41 0.60 0.30 0.82 0.23 0.40
point 2 0.23 022 013 094 0.55  0.52
point 3 0.45 012 0.46 0.85 0.16  0.06

Specif. 3 -17.5298 163
point 1 2.25 061 015 0.70 0.20 0.33
point 2 0.38 017 0.26 0.78 0.3¢4 0.19

Final spec -17.5100 194
point 1 2.59 0.60 025 1.26 0.19 0.37
point 2 0.21 0.22 010 1.35 0.44 0.52
point 3 0.45 013 039 0.96 0.13 0.05

In all cases, the biggest relative spread in the heterogeneity terms is found
in the exits from work. If we use Akaike’s information criterion, which is
AIC(C)=-2In L, + 2N, (with C the number of points of support and N, the
number of parameters to be estimated), the ranking in terms of which model
gives most information becomes: final model > Spec. 2 = Spec. 3 = Spec.
1. The biggest increase in likelihood occurs when we switch from 2 to 3
heterogeneity terms, whereas increased flexibility of the probability distribu-
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tion delivers only marginal gains which barely make the final specification,
with a 27 point probability distribution, better than specification 2 in which
there are only 3 probability points. To see whether the parameters of main
interest are affected by the assumption on the heterogeneity distribution, we
show the found persistence effects under specification three, that is with a
six-dimensional probability distribution with only two mass-points and only
two points in each marginal heterogeneity distribution.

Table 5: found persistence effect in the third specification with 2 heterogeneity points per transition rate.

State Work Unemployed Non-part

Variables  \ exit-state Unemployed Non-part Work Non-part Work Unemployed

Persistence-effects
In(cum. nw duration)? 0.03 0.06 0.15%* 0.23* 0.19%*  0.03
cum. nw dur> 6 mnd? 0.04 -0.09 -0.08 -0.001 -0.20%* -0.05
cum nw dur > 1 jr? -0.13 0.06 0.05 -0.11 0.08 0.30
cum nw dur > 2 jr? -0.58** -0.41** -0.06 -0.13 -0.01 -0.16
cum nw dur > 3 jr? -0.25 -0.03 0.27* 0.13 -0.22%* -0.51
In(cum. work dur) 0.23%* 0.12%* 0.01 0.01 -0.02 0.22%*
In(previous non-work dur) 0.06 0.10** -0.12%* -0.12 -0.18%*  -0.09
In(prev. work dur) -0.21%* -0.06** 0.21** 0.09 0.03 -0.13
In(Income prev. job) 0.09 -0.03 0.15%* -0.15 0.09** 0.07
In(Income prev. non-work) 0.16** -0.44%¢  -0.07** -0.05 -0.10%* 0.17**
In(cum income) -0.01 0.02 -0.09%* -0.01 0.03* -0.002
Average Log likelihood -17.53
N 15660

The results differ from those in the final specification in some respects:
the persistencies for the transition of unemployment to non-participation are
significantly different for this third specification?. For the transition rates
from non-participation to unemployment, the results are also significantly
different for this specification. For the transition from work to unemploy-

ment, we see that the duration persistencies are smaller and that the income

2Significantly different here means that we could reject at the 95% confidence level the
hypothesis that the coefficients for the relevant transition rate in the final specification
were the same as the coefficients found in this specification.
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persistencies are stronger with this third specification. For the other transi-
tion rates, the results are not significantly different from the results of the
final specification. We therefore do find evidence that it makes a difference
whether one takes two or three heterogeneity points, although the shift in
parameters is not dramatic.

4 Conclusions

With the use of administrative data on a panel of about 5000 Dutch labour
market entrants over the period 1989-1997, we studied the effect of previous
labour market outcomes on current transition rates. Generally speaking, we
found that longer spells of well-paid employment increased future transition
rates into work, indicating that these individuals pick up more skills in longer
lasting well-paid jobs. Combining this with the fact that the incomes during
employment were also greater for individuals with longer previous employ-
ment spells, we find an indication of a positive persistency of well-paid, long
spells of employment.

The exit rates of non-employment (both unemployment and non-participation)
to work generally did decrease somewhat with longer previous spells of non-
employment and showed marked drops after 2 years. This finding is in line
with the recent studies of Omori (1997) and Blau (1994) who also find a neg-
ative effect of longer previous spells in non-employment on transition rates
into employment. On the other hand, longer non-employment spells also de-
creased transition rates from employment to other states. Long cumulative
spells of non-employment hence seem to lead to general lethargy.

Another robust finding was that higher previous incomes in non-employment
increase the future transition rate from employment to unemployment. One
could interpret this as a learning effect of higher benefits in the sense that
individuals with previous high benefits are more likely to leave employment
in the future.

In an attempt to assess the effect of these persistencies on the population
level, simulations were run in which some of the persistencies were ‘turned’
off. These simulations revealed that the income persistencies from work do
not make a large difference, except perhaps for individuals between 20 to 30
years of age where these persistencies lead to higher levels of employment
compared to the simulation in which these persistencies were turned off.
The duration of non-employment turned out to increase employment levels,
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probably because individuals with long periods without a job have much
lower transition rates from work. Hence, although these simulations require
a lot of caution because they require imputations of incomes and imputations
of changes in personal characteristics, they do suggest that on balance the
effect of longer periods of non-employment on future probabilities of being
in employment is positive.

One implication for previous work of the positive persistencies related to
employment spells is that analyses based on multiple non-employment spells
(alternated with unobserved employment spells) alone will face the problem
that individuals will have had an unobserved change in their hazard rates
to employment as a result of these persistencies. The influence of these
persistencies will then be partially picked up by observed factors that are
correlated with the hazard rate from work and with work income.

An important omission in the analysis is an account of the endogeneity of
current incomes with previous labour market outcomes and unobserved het-
erogeneity: ad hoc analyses in the appendix show significant relationships
between incomes and previous labour market outcomes, but there were no
instruments available to take a proper account of the endogeneities.It for
instance seems very likely that the skills picked up in well-paid jobs that
increase future exit rates into employment, will also increase future earnings
in all states, which probably increases exit rates into work. Similarly, the
unobserved heterogeneity with respect to the exit rates to work are bound to
be related to incomes. As long as incomes are weakly endogenous, this prob-
lem does not affect the found coefficients for the transition rates. However,
the endogeneity do give rise to some caution when it concerns the validity of
the model simulations which do not take account of this inter-dependence.

5 Appendix

First, we show the found probability masses of the heterogeneity distribu-
tion of the final specification. By P[AY 7 AT 72, AT, AT AT AT, we
denote the joint probability that the individual’s unobserved heterogeneity
point for the transition from w to u is the first heterogeneity point, that the
het. point for the transition from w to o is the first het. point, etc. For the
27 different probabilities, there holds (as in the tables, * denotes significance
at the 95% confidence level and ** denotes significance at the 99% level):
PN T AT AT AT & 0.049
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For the marginal distributions of the heterogeneity distributions of the
three states, this reduces to

PIXTTY AT = 0.232%

PN T N 7°% = 0.251

PAST% A57° ~ 0.516™

PATTY,A17%) =~ 0.155*
P 077 =~ 0.267*
PASTY, 0377 =~ 0.588**
and

PATTY AT =~ 0.223"
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PASTY A" &~ 0.269**

PIASTY, A37"] &~ 0.508**.

The main item of interest is that each marginal distribution is for each
marginal probability distribution, there is at least 15% probability mass for
any of the points, which indicates that the population is divided into more
than just two groups.

5.1 Simulations

In the simulations, the following steps were taken:

1. The joint distribution of age and gender at entry is set at the empirical
distribution. For example, 5% of all male entrants started aged 15.
On the basis of age and gender, an individual is assigned to being of
a major city according to the empirical distribution (probit analysis).
On the basis of age, gender, and location an individual is assigned to
being someone who lives together with someone else or not (probit).
On the basis of all variables thus far assigned an individual is assigned
a number of children according to a direct competing-risk probit-model
estimated on the whole sample (including all individuals whose entrance
is not observed). Then, on the basis of a competing-risk probit-model
using all assigned variables thus far, someone is assigned to be in one
of the three states as initial state.

2. All individuals are assigned a vector of unobserved heterogeneity points
according to the estimated probability distribution.

3. Considering all observed characteristics, an individual is assigned an
income, by first specifying whether someone has a positive income or
not (probit), and then, for those with positive incomes, to take a ran-
dom draw of the estimated income distribution (log-normality with all
characteristics as linear regressors, including previous lengths of em-
ployment and non-employment spells (set at 0 for entrants)).

4. (January 1st each simulated year). All ages are increased by one year.
Whether someone lives together and the number of children are re-
assigned according to an estimated competing risk probit-model using
all observations, using the characteristics of the previous state as vari-
ables.
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5. Each day an individual’s hazard rate to the two possible exits is com-
puted (with the personal characteristics equal to the personal charac-
teristics at the start of the spell). Random draws determine who makes
an exit.

6. If someone changes states, he is re-assigned a new income.

7. If someone reaches the age of 45, the simulation stops for that individ-
ual.

We mention that for the analysis of changes in household characteristics,
we could use the whole dataset, for which we knew of all individuals at the
start of a new year what the household characteristics were at that moment.

An important alternative to assigning individual characteristics was to
take the current set of labour markets entrants plus their characteristics (in-
cluding starting state and starting income) and their ensuing labour market
outcomes as the starting base and to assign unobserved heterogeneity points
using a Bayesian estimate of the individual probability distribution of the
unobserved heterogeneities given the individual’s actual labour market out-
comes and the population distribution as a prior. In that case, we would still
have needed to estimate some sub-models to update personal characteristics
and incomes, but we would have had a better correspondence to the empiri-
cal distribution of initial conditions. The main reason to simulate everything
was to keep maximum control over the simulation process.

Finally, the last table gives the results of the simple income model, in
which we estimated y* = I, (ams4v)>0 €XP(OT; + e¥), where k denotes a partic-
ular state, z; a vector of characteristics at the start of a spell and where v
and e are assumed to be independently normally distributed. To improve
efficiency and in order to allow us to simulate incomes for ages not contained
in the panel of entrants, all the observations in the Income Panel are used,
which changes the persistency variables we can use.
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Table 6: results of income estimation

state Work Unemployed non-participation

Variables o 8 o 8 o 8
Individual charact.
Living together -0.06*%  0.03** 0.42*  -0.04**  0.24%*  -0.02
In(age) 1.09**  0.90**  0.64** 0.55%F  -1.02%*  (.73**
female -0.11%*  -0.35%*%  0.20 -0.14%F  0.25%*  -0.38**
## children 0.13**  -0.31** 0.02 0.04** -0.05*%*  -0.08**
# children*female 0.02 -0.03** -0.02 -0.12%% -0.07** 0.04**
big city 0.07**  0.05%* 0.002 -0.02*¥* -0.14** 0.07**
Persistencies

In(length of previous non-empl.) 0.06¥*  -0.03** 0.10 -0.05**  -0.01 -0.04**
In(income previous non-employment) -0.07%*  0.16**
In(income previous job) -0.27%%  0.11%*% -0.14%F  0.14%*
In(length prev n-e)*ever unemployed  0.08%*  -0.01** 0.002 0.04%*  -0.12%*  0.04**
In(length prev. job) -0.41%*  0.16¥*  -0.05 -0.01**  0.03** -0.01**
In(length prev. n-e)*#children -0.01*  0.04** -0.01 -0.001  0.001 0.01**
Entrant? 0.38%*  _0.59** (.45* -0.15%*  _0.18%* -0.19%*
Missing info on previous states? -0.16*  0.62**  -0.13 -0.16%*  -0.56**  0.10
Log Likelihood — \R? -8947.5 0.41 -152.5 0.23 -28599.9 Q.18
N 83016 79327 25790 25731 56729 13915

Constants are not shown. Perhaps the most interesting finding here is that
a longer previous spell of employment significantly reduces the probability
of having no income the next employment spell and greatly increases the
income earned in the next employment spell, which clearly suggest a positive
persistency of longer employment spells. Individuals without children who
were out of a job for long do have significantly lower incomes in employment.
The other relationships between lengths without a job and incomes are not
clear-cut.
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