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Abstract

In this paper, we have studied the employment and nonemployment transi-
tions from 1996 to 2005 of people recorded by the Spanish socialisetur
2005. To do so, we have used a multi-state multi-episode duration model and
a censored continuous-time Markovian matrix. By using the censoredoMark
vian matrix, we have been able to balance the negative effect that edms®r
on the estimated parameters. The results obtained suggest that women have a
probability of employment six percent lower than men. In addition, we have
been able to show that Spanish employees experience three diffeiged sfa
employment during their first decade in the labor market.
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1 Introduction

Around one-third of total employees in Spain have a tempocantract and since
1984, the probability of receiving a temporary job offer isi¢h higher than that of
receiving a permanent one, see Bover an®z (2004). Although this labor market
flexibility has sharply reduced the Spanish unemploymedstdaring the last decade,
it has also introduced important income and risk inequaiaimong different cohorts.
Following Bentolila and Dolado (1994), temporary contrdese positively affected
insiders (individuals who had permanent jobs), while hgvanworsening effect on
outsiders (individuals who did not have permanent jobsusTloutsiders earn lower
wages and are also less likely to find a permanent job compeitadheir insider
counterparts. Thus, policy-makers intending to reduceteary job offers without
raising the unemployment rate, should study those persmibéconomic character-
istics that increase both the probability of moving from parary to permanent jobs
and the probability of transitioning from employment to om@oyment.

The aim of this paper is twofold. First, we will study thoseeateninants that
explain transitions from employment to unemployment adnflunemployment to
employment in Spain since 1996. To do so, we use longitudiata from the Span-
ish Social Security data-basklestra Continua de Vidas LaboraleglCVL). The
advantage of this data-base is that it enables one obsesvialibr supply history
of each individual, and thus to estimate hazards rates wettebstatistical qualities
than those obtained with panel data. Second, we will try tregs some common
questions such as, which individuals are more likely to benyployed? Does the
previous employment experience increase the likelihoaeéadiving a job offer?

Similar papers that apply transition data theory have beétew before by Bover
and @mez (2004); Bover et al. (2002); GaeFerez (1997); and Ahn and Ugidos-
Olazabal (1995), among others. They analyze unemploymaatidns using dif-
ferent hazard specifications, e.g. proportional hazards [and Ugidos-Olazabal
(1995) and Garfi@-Ferez (1997)], logistic hazards [Bover andi@ez (2004)], and
logistic hazards with unobserved heterogeneity [Bover .e28l02)]. Furthermore,
these papers also differ either in the sample analyzed, ortimyducing the employ-
ment duration into the analysis, Gad®rez (1997). The main novelties of this
paper can be summarized as follows. First, we use a new dseafieen the Spanish
social security that collects information from the firstoetthat Social Security has
of each individual through 2005. In contrast, the most regaper by Bover and
Gomez (2004) only has data from 1987 to 1994. Second, mosiopiepapers also



include data from significantly higher censored samplespaoed to MCVL (since
MCVL reports the complete labor history of each individual).

In order to obtained most helpful results, we have devel@peuilti-state multi-
episode duration model. Thus, we analyze each individlalisr supply history
in calendar time. Furthermore, we have introduce two aolutti features into our
model. First, we have assumed that characteristics do npbpionally affect the
hazard rate, as is assumed in the Cox model. Second, we haygeglthe esti-
mated hazards into a censored continuous-time Markovidrixma order to derive
the probability of employment over time of those employe&® \wave just entered
the labor market. Previous models have used either a semkeManatrix because
they consider time since the entrance in the spell rather dadendar time, or a
continuous-time Markovian matrix without censore.

The remainder of the paper is structured as follows. Se@i@divided into
four subsections. The first subsection briefly presentsthestate model of employ-
ment and nonemployment. The second subsection justifidsatrerd rate selected.
The first optimal conditions for our maximum likelihood es#tion are derived in
the third subsection. In the last subsection, we descrilmethaaggregate employ-
ment and unemployment probabilities using a censored raamtis-time Markovian
matrix. Section 3 describes how the sample is selected fnenMCVL. Section 4
presents the empirical results. Finally, Section 5 coresdutie paper.

2 Statistical Model

2.1 Two-State Model of Employment and Nonemployment

During the working lifetime it is likely that an individual W move from the state
of employment to the state of unemployment and from unenmpéoyt to employ-
ment several times. If we want to analyze these transitimeswill need to handle
two different stochastic processes: the transition pweesl the duration process.
The transition process is the probability that an individudi move from one state
to another, while the duration process is the time that aivithaal spends in each
state. An example of these two processes can be seen in Higutdch shows an
individual’s labor market history. Thus, given that it ikdly that an individual will
spend time in different states multiple times, we have datith use a multi-state
multi-episode duration model.

According to the previously cited duration model, it is cenient to use the fol-
lowing notation. Each episode, or spell, is distinguishsidgithe subscript, which



belongs to the subséi = {1,..., K} of positive integers, wher& is the maxi-
mum number of observed spells. The state variable is claaraetl by a series of
random variabley, : £ € FU{0}}, y» € {1,...,m}. However, we have re-
stricted our analysis to the case of two states=€ 2). The state of “employment”
is denoted 1 and the state of “unemployment or out of labarefois denoted 2, and
thusy,. € {1,2}. Therefore, although in genergy; } £, is a random variable, in our
case, each spell is associated with a specific state. Onhbe lzind, the time spent
by any individual in the spelt, denotedl’}, is a random variable whose distribution
is given either by a survival functiofi*(t) = 1 — P(T}, < t) or by its failure function
F*(t) = P(T}, < t). Nonetheless, for each individual it is expected that histion
in a state will depend on both personal and economic chaistats. These charac-
teristics, hereinafter covariates, will change accordathe individual and the spell
that this individual is in. However, we will only take into @munt time-fixed covari-
ates in order to simplify the model and to reduce the calmrigtrocedure. Hence,
we will use a vector of covariate, for thei-th individual in hisk-th spell.

Both the duration and the transition process can be simwteshe characterized
by a transition specific hazard rate. In particular, if weuass that the-th individual
is in the staté € {1,2} at timet, then his probability of exit from the stateo the
statej (j # 1), or hazard rate, will be:

P<T} <t+Atyl =j|Ti>t,Z i =)

4 limas. f t>t
AZ(tlx@:{ At Al itz i , ()

0 if t<ti,

wheret: , is the ending calendar time of the previous spell toithk spell for thei-
th individual, as Figure 1 shows. Based on the piecewise exjuél), the associated
survivor function in the statee {1, 2} is:

exp{ ft 5 (uZy,) du} if t>t

Sr(t|Zy,) = 1 f ot
t k—1

2)
We can specify the density function for thth transition fronY to j. This density
function is necessary for the maximum likelihood function:

F(tZ) = N (HZ4) - SF(HZy). 3)

2.2 Specification of the Hazard Rate

In order to contrast thduration dependende the employment-nonemployment du-
ration model, we have assumed that the hazard rate followg-fogistic distribu-
tion. The reasons are twofold. First, the distribution ofrbanemployment and
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Figure 1: BVENT HISTORY IN CALENDAR TIME
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This figure shows a non-real individual’s labor history. Tingividual starts in the state of employment
but, as time goes by, he starts a transition process fromagmeint to unemployment, and vice versa.
The time that the individual spends in a state is determigabdpoints in the x-axis. More concretely,
we can calculate the time that this individual spends irktisspell by subtracting:)jchl tot;. Finally,
whenever our individual arrives at the end of our sample higlg-censored, which means that we no

longer observe him from that point on.

employment hazard rates usually are described by an iavérshaped function.
Non-parametric estimations of the data using the KaplareMaethod confirm that
the hazard rate first increases and then decreases. Se@mnded a parametric dis-
tribution that will shift the hazard function to the rightrfeach new spell, since we
may expect that a further spell will not be attained by anvialtial at the beginning
of the total observation time. Therefore, we will use thédiwing parametric family
of the log-logistic distribution:

Qte—l(e—m)e

>‘<t’Za976> = 1+ (te_gz)g'

(4)

The time parameteris time since the first entrance into the labor market or,\egui
lently, the total observation time. Note that we have assuthat our hazard rate is
non-proportional. As a consequence, covariates will nahependent of time, and
thus the vector of regressapswill measure the strength of the effect of the charac-
teristics on the hazard rate over time. This feature thusorgs the quality of the
results. However, we will have an estimation bias, since menat controlling for
unobserved heterogeneity.

On the other hand, the hazard rate (4) implies that we arg¢@bjeecify our model
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as a continuous-time discrete-state Markov chain withradtieng renewal processes.
This Markovian process will be used subsequently to aggeeigaividual data as
well as to draw the employment-nonemployment probabilioyrf the first entrance
into the labor market up to time

2.3 Maximum Likelihood Estimation

Let consider a two-states multi-episode duration model ictv it is assumed that
all covariates change from spell to spell and that their imafglistribution does not
depend on the relevant parameters. Let also consider that gpell is independently
distributed. For this model, we can drop the state variabliné hazard rate, since
the k-th spell corresponds with a unique staterhe partial log-likelihood function
can therefore be written as the sum of the contributions@f\thindividuals in each
spell or episodé:

K-1
mLO) = Y InLy(6)
k=1
K-1 N 2 i '
= Yoy st {%hl)\k tiZy; Ok, Br) —/ Ak(“ﬂiﬂkﬂkﬂ“(})
k=1 i=1 I=1 ti—1
where®© = (Oy,...,0k_1), being®, = (6x, 5x)’, are the parameter vectors to be

estimated. §;, belongs toR, and 3, belongs toR?. ~! is the censored estimator,
which takes a value of 1 if the end of tleth spell of thei-th individual is observed,
and of 0 if it is not;t:, is the time when we observe that théh individual starts his
k-th spell; and5/* is an indicator variable that takes values:

ik — 1 if theith individual experiences at ledsepisodes ang;, |, = [
0 otherwise.

From (5), the first-order conditions (F.O.C.) férare

ONF(t}1Z] 0.k

N 2 i .
1 L —— ks B ONF(u|Zi: 6
8 n sz 00y, - /k 0 (U| ko kaﬁk)du _ 0q+1><1,
=1 th—1

Py %)\k (tL1Z1;; O, Br) 00y,
(6)
fork=1,..., K — 1. Therefore, the MLE will be distributed asymptotically as
6o~ N |0y, (—p [ZEON (7)
g b 96,00,

We have excluded theth spell since all remaining individuals are censored.



2.4 Aggregation Method: The Transition Matrix

So far we have obtained both the strength of the effect of llaacteristics on the
hazard rate and how each hazard rate is distributed overftimeach spell. In this
section, we use a continuous-time Markov chain to deriveptiodability for any

individual to stay either in the state of employment or in stete of unemployment
during his first ten years on the labor market. To do so, wedie§ihe our Markov

chain:

Definition 1 Let E be the se{1, ..., K} of possible episodes, and Igk* k € E}
be a sequence of transition specific hazard rates. Let alsoras that any individual
i € {1,..., N} follows an event history labor market that can be charactstiby
a continuous-time Markov chaifiX’(s),0 < s < t} having state spac& and A'-
matrix given by

Ne(tZi ©y)  ifh=k+1,
A (t) = lim P(X'(t+dt) = h|X'(t) = k, Z) = { —\'(t|ZL,0,) ifh=kF,
0 otherwise
(8)
Matrix (8) is a bidiagonal matrix. The principal diagonaltie marginal prob-
ability of exiting thekth spell. The secondary diagonal is the marginal probgbilit
of reaching théith spell. In addition, according to (8), an individual carlyomove
between spells in an infinitesimal period of time. This ireplihat the last spell is
not attainable unless the individual has first passed ttmowiggall previous spells.
Once we know the transition matri¥ (¢) for whichevert > 0, we can calculate
the probability that theéth individual will stay in any spell at time

Definition 2 Let P(t) = [P!(t) P%(t) --- PM(t)] be aK x N matrix. Pi(t) =
[Pi(t) Py(t) --- Pi(t)], for anyi € {1,2,..., N}, is a column vector of state
probabilities, where the sum @t (¢) must be equal to 1P (¢), for all k € E,
represents the distribution of probabilities for the diffiet spells or episodes at time
¢ for theith individual. Letl” = diag(vi,. .., %) be aK x K diagonal matrix of
censores. If we define the probability of spending time in dlyeopossibles spells
as:

P() = 4 > P ©

and the law of motion oP‘(¢) that predicts the future evolution of the distribution

probabilities is ‘
0P (1)
ot

= AN'(O)TP(2). (10)
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Thus, we are able to calculale(t) for anyt > 0, once the initial state probabilities
Pi(0) for all < has been given. In our case, every individual starts in thet §ipell,
thusPi(0) = [10 ... 0). Then,P(t) becomes

N t
P(t), ., = [%Zexp{/ Ai(s)rids}] . P(0), ., (11)
i=1 0 -

The aggregate transition matrix, presented in (11), is nugdef many different
individuals. Therefore, as we are dealing with a nonhomegasa population, we
cannot use the results to represent any specific group ofogegs. Nevertheless,
based on Morrison et al. (1971) we can assumeRa} is close to the true steady-
state solution. Moreover, another feature of (11) comas fitee introduction of the
matrix I'. This matrix will balance the negative effect that censae bn the esti-
mated parameters. This is because when we solve the maxiikelihdod problem,
the estimated parameters are outweighed, and thus thelhrazas estimate a smaller
durations. However, these smaller durations are balangéageomatrix of censores,
since the latter causes the individual to remain in the aeaisspell thereinafter.

3 Sample

The data used come from the new longitudinal data-base obplamish social se-
curity (Muestra Continua de Vidas LaboralddCVL).? The MCVL contains labor
supply histories of more than 1 million people (4 percenteftotal population) who
have at least one record in the Spanish social securityraylstéore DecembeB1*!
of 2005. The advantages of this data-base are: i) it enabhketombserve an individ-
ual from the time of his/her first record in the social segquup until either his/her
death or the date that the sample finishes, ii) the samplegs Enough to replicate
Spanish labor market characteristics. Therefore, givahdhbr aim is to study labor
transitions, which occur several times during the workiifegy, this sample fits well
with our econometric model.

The MCVL has also important restrictions that are worth n@ntig. First, many
relevant characteristics such as education, the indiVgdaddress, marital status,
number of children, head of the household, gross salaryngrathers are either not
available or they are only available for 2005. Second, waagtdistinguish between
the two states of nonemployment (i.e. “unemployment” and &j the labor force”).

2For a detailed explanation of the data base go to the web page:

http : / Jwww.seg — social.es



And third, this sample is only representative of those iitlials who were recorded
by the social security in 2005. As a consequence, we shokiéditéo account that
we are introducing biases to the hazard rates from the statenemployment to the
state of employment, and vice versa (see Flinn and Heckng38jL

Given the advantages and the disadvantages of using the M@/have selected
a sample of labor supply histories that fulfilled the follogicriteria. First, we have
eliminated those individuals with duplicated records anitthwecords that included
missing data. Second, we have only selected employees wigoafidiated with the
“Regimen General’ of the Social Security and did not changé iffiliation during
the period of analysis. This is because outside of this syste have found the labor
supply histories to have too many transitions, which coués lour results. Third,
in order to have long labor supply histories without sigrifitchanges in the labor
market, we have chosen individuals who started working fi®@®6 onwards. As a
consequence, we have only focused on the last ten years $ptresh labor market.
Fourth, we only used individuals older than 16 years old amghger than 45 years
old. We have selected this age group to avoid competing hiakdrises with indi-
viduals who are close to the retirement age. Fifth, we hactuded individuals with
more than fifty contracts. An individual with an excessivantner of employment
transitions is, in general, affected by seasonal adjudsr@rhas transition processes
between employment and unemployment which cannot be exgaldly a stochastic
model. Sixth, and most important, we have restricted oumpsano individuals with
seven or less spells. The reason is twofold. One, becausectimometric method
Is time intensive in terms of computational cost. And twocdiese in order to an-
alyze transitions from employment to nonemployment anthfrmnemployment to
employment, we need to define a concept of state that transftre initial sam-
ple selected. In particular, we define the employment dumadis “the duration of
consecutive labor contracts with possible unemploymematthns of less than 30
days”. In contrast, nonemployment duration is defined as€tspent in the state of
unemployment or out of the labor force longer than 30 days”.

These previous definitions, although perfectly matchet thie¢ econometric model
and Figure 1, constrain which characteristics use. For pi&@nn a spell of employ-
ment an individual can move from one economic sector to amptthange his/her
contract from a fixed-term to a permanent contract, move fsamfirm to another in
the same sector, and so on. For this reason, as a first stepanalysis we have only
selected three characteristics: age at the beginning afjgi, number of contracts,
and quinquennium.



In sum, after filtering the data, we obtain a sample of 123i8dWiduals who
can experience a maximum of three transitions from employtoeenonemployment
and another three transitions from nonemployment to enmpém. This sample is
divided into 64.578 men and 58.799 women. The number of spélkmployment
are 133.906 for men and 123.344 for women, while the numbemnefmployment
spells are 82.648 for men and 80.089 for women. For additiof@mation, sample
frequencies of individual variables are provided in Tablzelow.

Table 1:Sample characteristics by spell and gender

Episodes First Second Third Fourth Fifth Sixth  Seventh
Men

Number 64.578  46.299 41.050 25.843 21.179 10.506 7.099
Percentage of censore 28,3 11,3 37,0 18,0 50,4 32,4 100
Age

From 16 to 20 33.758 23.516 18.189 10.386 7.125 2.988 1.615
From 21 to 25 17.240 12.786 13.288 9.079 8.394 4.485 3.286
From 26 to 35 10.757 7.819 7.747 5.151 4.664 2.504 1.856
From 36 to 45 2.823 2.120 1.759 1.150 920 478 305
Number of contracts

Mean 2,08 1,93 4,08 3,92 6,18 6,01 8,49
Std. Deviation 2,14 1,98 3,10 2,93 3,83 3,74 4,54
Quinquennium

From 1996 to 2000 27.989 15.230 11.097 4.808 3.447 962 684

From 2001 to 2005 36.589 31.069 29.953 21.035 17.732 9.544 4156.

Women

Number 58.799 44301 38.246 25.291 19.749 10.497 6.550
Porcentage of censore 24,7 13,7 33,9 21,9 46,8 37,6 100
Age

From 16 to 20 24506  17.229 11.760 7.098 4.343 1.936 889
From 21 to 25 21574  16.165 16.005  10.463 8.898 4.691 3.115
From 26 to 35 9.906 8.671 8.590 6.376 5.506 3.289 2.228
From 36 to 45 2.813 2.188 1.810 1.263 924 522 280
Number of contracts

Mean 2,02 1,99 4,04 4,01 6,13 6,13 8,58
Std. Deviation 2,18 2,06 3,16 3,02 3,98 3,87 4,92
Quinquennium

From 1996 to 2000 25.214  14.103 9.609 4.243 3.009 842 602

From 2001 to 2005 33.585 30.198 28.637 21.048 16.740 9.655 9485.

4  Empirical Results

In this section we describe the results obtained througtmiémeémum likelihood es-
timation. We will focus on those characteristics that arke b explain the main



differences between men and women. Thus, after analyzegh#aning of the co-
variates we will present some figures that clarify this issue

Tables 2 and 3 show the estimated parameters for the logtiobiazard rate and
the results of the covariates by spell. Table 2 presentethdts for women and Table
3 does so for men. The observed characteristics includeti@age at the beginning
of the spell, labeledEdCom, age squared dEdCom2 (to allow nhonmonotonic age
dependence), the number of contracts up to the end of thé sgeth is named
nSOC, and the quinquenniungui, which is O if the spell begins between 1996 and
2000, and 1 if the spell begins between 2001 and 2005. Thablanhumber of con-
tracts has been included in order to analyze the effect tn@layment transitions
have both in the state of employment and of nonemploymenth®mnther hand, the
variable quinquennium has been introduced in order to aealsnether the probabil-
ity of being employed and unemployed have decreased al@nigshfive years.

Table 2: Parameter estimates and t-ratios for
the event labor history of women (1996-2005)

Spell | First Second Third Fourth Fifth

0 0.853 2.019 1.262 3.167 1.414
(250.51) (400.11)  (174.34) (466.79)  (119.42)
Constant3y 0.291 7.940 0.593 7.459 1.707
(2.12) (46.77) (1.42) (17.50) (1.85)

EdCom 0.285 -0.154 0.324 -0.113 0.334
(27.27) (-12.06)  (10.69) (-3.61) (4.82)
EdCom2 -0.004 0.003 -0.005 0.002 -0.006
(-21.51) (10.81) (-9.38) (3.30) (-4.34)
nSOC 0.593 -0.003 0.198 -0.025 0.104
(90.90) (032)  (47.72) (-1.65)  (16.80)
qui -0.215 -0.170 -1.353 0.162 -2.019

(-12.14) (-8.25)  (-27.59) (274)  (-15.21)

Note: A positive sign means that the covariate decreasesatrard
rate, while a negative sign means that the hazard rate ireseas

The analysis of the set of parametéés, 5o1. } 1, helps one understand how the
parametric hazard rates are distributed. On the one sidg,isf less than one, the
duration dependence in th¢h spell will be negative, which means that the exit rate
from the kth spell decreases as time goes on. In contrasj, i$ greater than one,
the duration dependence in thth spell will be positive at the beginning, and nega-
tive afterwards. On the other side, the constant varigplepresents the maximum
marginal probability level that the hazard rate reachesteMpecifically, the higher
the value off,, the lower the hazard rate becomes. Therefore, Tables 2 ahdvd
that the distribution of the first spell does not have the sdistebution as subsequent
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spells of employment. Thus, Figure 2 shows the longer the time spent in the first
employment spell, the lower the marginal probability oftexg to the state of unem-
ployment becomes. Furthermore, an important charagtetisit appears in every
spell of employment is that women always present a lower aividiby to stay em-
ployed, asi, is always higher for men than for women. By analyzing the sgbset
states of employment, we see how employees have a greatsrecb&transition-
ing to unemployment during the first months, because thesitoin dependence is
positive?

Table 3: Parameter estimates and t-ratios for
the event labor history of men (1996-2005)

Spell ‘ First Second Third Fourth Fifth
0 0.870 2.277 1.200 3.656 1.277
(255.68) (506.15)  (157.47)  (581.33)  (101.36)
Constanidy 1.602 6.570 1.786 5.725  5.289
(13.56) (38.98) (5.42) (10.98) (7.74)
EdCom 0.205 -0.042 0.228 0.050 0.045
(22.02) (-3.09) (9.43) @1n (0.87)
EdCom2 -0.003  0.0002 -0.003  -0.002  0.000
(-15.67) (0.81) (-7.10) (1.72) (0.02)
nSOC 0.611 -0.015 0.221 -0.039 0.134
(100.41) (-1.49)  (53.24) (237)  (19.39)
qui -0.190 -0.146  -1.286 0.091 -2.411
(-11.39) (7.19)  (-27.87) (1.78)  (-15.16)

Note: A positive sign means that the covariate decreasesatrerdh
rate, while a negative sign means that the hazard rate iregeas

The hazard rates for both men and women in the state of ungmpltt present a
positive duration dependence during the first six monthdendditer this period of
time the duration dependence is negativggqlues are always greater than one). This
result is similar to that presented by Gaé€rez (1997) for Spanish employment
transitions from 1987 to 1993.In sum, we can state that employment and unem-
ployment durations have a different distribution over tjmgit was expected.

The effect of age on the hazard rate varies according to theéegeand the spell.
In general, age has a positive effect for both sexes whilendheidual is employed;
however, the effect is negative when the individual is unleygxd. In addition to the
latter fact and by using EDCom and EdCom?2 reported in Tablesl 3awe are able

3This result is consistent with Flinn and Heckman (1983).
4Although we are not controlling for contract type, we may estpthat this is due to temporary

jobs of six months.
SNonetheless, we could obtain better results if we were térobfor unemployment benefits.
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Figure 2: BMPLOYMENT PROBABILITY IN THE FIRST SPELL, BY GENDER
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to determine the age-cohort with the lowest exit rate whenrttividual is employed,
and the greatest exit rate when the individual is unemployed

Table 4: Minimum and Maximum Exit Rates
by Age-Cohort and Spell (1996-2005).

Minimum Exit Rate Maximum Exit Rate
TO UNEMPLOYMENT TO EMPLOYMENT
Spell First  Third  Fifth Second Fourth
Men 29 38 ) ) )
Women 35 33 27 28 26

Note: (-) t-student test does not reveal significant statiktlifference
from zero.

Table 4 reports that the age of a woman is a key variable inaéph employ-
ment and unemployment durations. Nevertheless, the agmahas only significant
during his first and second period of employm&rfurthermore, if we analyze the
age-cohort with the lowest probability of being unemploy&able 4 shows that im-
portant differences between men and women exist. For exarnfgl the group of
men who have never been unemployed, those who start workithg2® years of
age have the greatest probability to continue being emgdlayel, moreover, those
men who are 38 years old and have experienced one period ofployment have
the lowest exit rate to unemployment. On the contrary, Tdbieports that, in the
case of women, the age of entrance into the labor market wétlotvest probability

5We have only studied individuals that began working befbeytwere 45 years old.
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of being unemployed depends negatively on the number ofquswnemployment
situations. Unfortunately, we cannot control by educatiad number of children in
order to explain this fact.

The variable nSOC, or number of employment transitions uféoeind of the
spell, positively affects the duration the individual is@oyed. But this effect de-
creases with the number of unemployment situations. Inrasfitthe greater nSOC
is, the lower the probability of being hired becomes. Noaktss, when the individ-
ual is unemployed for the first time, this variable is not gigantly different from
zero.

According to the estimations of the varialgle;, which are at the bottom of Tables
2 and 3, the duration of employment was shorter during the@&001-2005 than
during the period 1996-2000. Nevertheless, this negafieetevas balanced with
shorter first-time unemployment durations during the tgitxiod.

Figure 3: RROBABILITY OF BEING EMPLOYED OVER TIME BY GENDER
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Finally, given the estimated results and using equatioi, (k& are able to plot
the probability of employment over time. Figure 3 shows thatcan divide the first
ten years in the labor market into three periods: from 0 to &timg from 6 months
to 3 years, and from 3 to 10 years. During the first period, eye#s begin with
fixed-term contracts of three, six, and twelve months in otdeobtain experience.
Thus their probability of transitioning to unemploymentieases sharply. We have
estimated that only 36 percent and 31 percent of men and waemspectively, do not
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leave their first spell of employment after ten years. After tirst six months, from
the first entrance into the labor market up to 3 years, we sgesthployees consoli-
date their employment situation. In fact, many individuatso began an unemploy-
ment episode do find a new job. Unfortunately, 10 percent of amel 12.5 percent
of women experience a period of long term unemployment areléhe labor force
during their first unemployment (see Figure 4). Third, frdwee years onwards, an
employee has a low, although increasing over time, proipalof failing. Besides
these three periods, it is easily seen from Figure 3 thaetleists an important dif-
ference in the probability of employment between men and ammSpecifically,
this probability is always six percent higher for men thanv@men’ This circum-
stance is due to the higher negative duration dependencednaen have at the end
of both employment and unemployment spells. Figure 4 shamsthe probability
of leaving unemployment declines with the duration of unEyment, as in Andes
et al. (1989). However, the latter circumstance does naeany difference in the

Figure 4. FRST-TIME UNEMPLOYMENT PROBABILITY OVER TIME, BY GENDER
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The probability of being unemployed during the first six moritiseases sharply. Subsequently, the majority of people who
are unemployed after six months in the labor market find a newyoingl the next two years, with a greater probability during
the first six months of job hunting. Finally, we can considestapeople who remain unemployed after 36 months, to be either

in a state of long term unemployment or out of the labor force.

number of labor transitions between men and women, see baiddéow. Note that

"Therefore, we can use a Cox model in order to study differbyegender.
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the stationary probabilities are rather similar for botkese Therefore, during the
first decade in the labor market women have similar laboohies to men in terms
of transitions, but not in terms of durations (i.e. short@péyment durations and
longer unemployment durations than men). Thus, we havemeatd that the mean
number of months worked during the first 10 years (120 morghes5 months and
88 months for men and women, respectively.

Table 5:Stationary Distribution in the State
of Employment according to the Number of
Unemployment Situations (1996-2005), By

Gender.
Number of Unemployment Situations | Women  Men
0 42,48 45,09
1 33,40 32,64
2 18,59 17,46
3 5,53 4,80

During the first decade in the labor market, the majority of-indi
viduals (76 percent) only experiences at most one unemployment
situation.

5 Conclusions

In this paper, we have studied the employment and unemplotmaasitions in Spain
from 1996 to 2005. For this purpose, we have used a mule-staidti-episode dura-
tion model and a censored continuous-time Markovian maByxusing the censored
markovian matrix we have been able to balance the negafieetéhat censore has
on the estimated parameters.

Our main empirical results suggest the following. One, mfirst decade in the
labor market women have similar labor histories to men imgeof transitions, but
not in terms of durations. In particular, women present&n@mployment durations
and longer unemployment durations than men. Thus, the gmeliot probability
for women is, on average, six percent lower than for men duttie decade. Two,
employees pass through three stages during the first deCadgtoyment. The first
one takes place during the first six months of employments Ppkriod seems to be
unstable and is associated with the greatest probabilitpemployment. The second
period begins after six months and lasts 3 years. Duringsthaige, employees con-
solidate their employment situation and their probabitifyemployment increases.
Finally, once the individual is consolidated into the lalbmarket, the last period is
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associated with a slow decrease in his/her probability qfleyment.
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