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State Dependence in Unemployment among Danish Imnngnts

1. Introduction

High unemployment among immigrants has increasirmgome a focus for policymakers in
Denmark. The effectiveness of public policy directewards the unemployment problem might
depend on the extent of state dependence in ungmeld. For example, consider a policy change
which has the effect of temporally moving unempbtbyeorkers into employment. If there is a
positive true state dependence in employment, theypintervention will cause a persistent
increase in employment. Consequently, the intereenis likely to reduce the number of
individuals who are dependent on benefits or limeaoclow income (Prowse, 2005). In this case,
changes in benefit rules are also more likely t@tntleeir objectives (Hansen et al. 2006). On the
other hand, if the observed serial persistencenemployment is due to the permanent unobserved
heterogeneity, then the policy stated above is ligeyy to have an affect. But it is important to
know whether the state dependence is driving empdoy prospects (known as true state
dependence), or conversely, whether unobservedogeteeity plays that role (known as spurious
state dependence). Put differently, is the mereemsmpce of being unemployed a relative
disadvantage to a person, or can it be attribudgathbbserved individual heterogeneity (Knigeats
al. 2000)?

Hamalainen (2003) has described various reasortsu@istate dependence. For example, firms try
to figure out the quality of workers from their talr market history (Gibbons and Katz 1991).
Similarly, firms can rank job applications basedtlo& duration of unemployment of the job seekers
(Blanchard and Diamond, 1994). Therefore, a firmghhifind it optimal to use different
employment criteria for different groups of job kees (Sattinger, 1998). In addition, Eriksson
(2002) argues that discrimination based on employrstatus is an equilibrium hiring strategy.
Even firms are allowed to set wages according ¢éovibrkers’ expected productivity. As a result,
an unemployed person may be permanently affectezhveipplying for vacancies. Heckman and
Borjas (1980) describe how experience of unempleoynmeay change the behaviour of the
unemployed person by changing his preferences angtraints. Other reasons for true state
dependence are reduced productivity due to de&timgy existing human capital and the prevention

of the accumulation of human capital (Mincer andaBloeck, 1974). As explained in Hamalainen



(2003), the above discussion implies a causalioglsttip of previous unemployment with future

unemployment.

Some persons may be observed continuously unentpkigiee their probabilities of getting a job
are limited due to unobserved characteristics (éagk of punctuality). If the unobserved
characteristics among individuals remain uncorgblnd if they are correlated over time, previous
unemployment may appear to determine further uneynpént solely because it acts as a substitute
for temporally persistent factors. This results omerestimation in the magnitude of state

dependence and, accordingly, in false policy recenaations (Hamaldinen, 2003).

Several studies have investigated the issue o skapendence and unobserved heterogeneity in
unemployment. Most recently, Stewart (2007) hasrened the extent of the state dependence in
unemployment for the UK, and the role played irs thy low-wage employment. The study shows
that an individual unemployed &l is more than twice as likely to be unemployed agdinas
someone who was employed at t-1, but otherwise thassame observed and unobserved
characteristics. However, Corcoran and Hill (1983 that past unemployment does not increase
the current unemployment probability for prime agen, once unobserved heterogeneity and data
collection procedures are controlled for. But mafsthe studies show the existence of strong state
dependence in unemployment, see for example, Nexeathan and Elias (1993) for Britain,
Hyslop (1999) for the US, Frijters et al. (2000j fdolland, Haan (2006) for Germany, Nizamul

(2006) for Sweden, among other studies.

Hansen and Lofstrom (2002) have shown that immigrhave a greater degree of state dependence
in welfare participation than native. They haveoadsgued that the state dependence among the
Swedes appears to be due to the unobserved haterygepossibly welfare preferences, to a
greater extent than it is among the immigrants fr@fugee countries. Le Maire and Scheuer
(2006) have found evidence of a positive and sicanit state dependence for selected groups with
weak labour market participation in the Danish labmarket.

In this study, special attention is paid to contr@ unobserved heterogeneity and initial condition
problem. These issues are addressed by usingalterrestimators, i.e. the Wooldridge estimator
and the Heckman estimator, and the results are @@dgo assess their robustness. The empirical
findings reveal a significant state dependence memployment. The estimates also show

considerable correlation between the unobservedithal heterogeneity and the initial condition,



which implies that the degree of state dependesaavérstated if we do not control for it. The
results show that an individual who was unemplogederiodt-1 has 6.5 percentage points higher
probability of becoming unemployed again at periodompared to an individual who was
employed at periott1l. This average partial effect is the same for arestompared to non-western

immigrants and women compared to men.

The rest of this study is organized as follows: @iggions of the behavioral model and econometric
specification are presented in section 2 along exblanations of the alternative estimators used in
this study. Section 3 gives a data description sorde descriptive analysis. Empirical results are

discussed in section 4. Section 5 concludes thy stu
2. Behavioural Model and Econometric Specification

Discrete choice models of labour supply are basethe concept of random utilftyThe theory of
decision making is very simple. The aim of the deci maken (individual) is to maximize his life

time utility (U) by optimally choosing from a finite number of attatives (J) of leisure and

income at a specific tin{€). U, is the utility that the decision maker gets from the alternatije

njt
at timet. He will choose alternative if and only ifU ;, >U [ #i,0t. The researcher does not

observe the actual utility obtained by the decismaker, but he observes some characteristics

(S, ) of the decision maker and some characteristicd;l@falternativeéxnjt) that may lead to the

decisions made by the decision maker. For the relseq this utility can be decomposed into two

very general parts, i.e., representative utiI(M{jt) and the unobserved part of utilﬁ\zyjt), ie.,

U, =V +&y - HereV,, is a function which relates the observed factorhéodecision maker's

njt

utility, for example, in case of a linear represgine utilityV,,

= p'X, +9S,. The inclusion of the

lagged values of the choice variable makes thissaecprocess dynamic.

Due to the unobserved factors, the researcher t@medict the actual decisions, but he can make
some probabilistic statements about the choicdbefecision maker. These choice probabilities

depend upon the characteristics of the decisionematke attributes of alternatives and the

2 This discussion is largely based on Train (2003).



assumptions about the unobserved gart The choice probability for the alternativecan be

written as follows:

P. =ProhV

nit nit +‘gnit >ant +gnjt DJ ¢i anth) (l)
By using an indicator function and the distributiaf unobserved components, the choice

probability can be written as follows:

I:)nit = J- l (gnjt _Enit <Vnit _ant DJ 7 I and |:Jt)f (gn )dgn (2)
Herel(.) equalsl if the statement in the brackets is true. Othesviiss 0. The assumptions about

&, will lead to various econometric specificationgiud discrete choice models.

2.1 Modelling State Dependence and Unobserved Hetgeneity (True or Spurious State

Dependence)

State dependence is a behaviour in which an indalisl preference in a particular state at time t
will increase the probability of being in the sastate at period at period t+1, conditional on the
observable characteristick the context of the labour market, the workindndaour of the last
period affects the current labour supply decistdackman and Willis (1977) have discussed two
possible types of state dependence. Firgg state dependenedll be observed if an individual's
presence in a state at tihehanges prices, preferences or constraints whehedevant for their
future behaviour. For example, this could take then of a past unemployment experience
decreasing the individual's stock of human capitaich in turn decreases his future wage (Mincer
and Polachek 1974). Alternatively, fixed costs tedato job search can make unemployment more
attractive if the individual is already unemployetstead of employed (Heckman and Borjas
(1980)). Secondlyspurious state dependenad! be observed if there is intertemporally céated
unobserved individual specific heterogeneity. Theterogeneity can be time varying or time
invariant, or a combination of both. For policy mak it is important to know whether the state

dependence drives the unemployment prospects mwvecsely, if it is heterogeneity.

State dependence can be modelled by introduciaggetl unemployment state indicatgy_, into

the representative utility. If the representatitiéity is linear in the observed factors, then thdity

function will take the following form:U , = X, +J'S + }/Y,., +&,,. There will be a positive
true state dependenceyif O, with the assumption that the unobserved compsnept are

independently distributed over j and t In the above specification it is also assumed d¢indy the



previous year’'s employment status matters to theentibehaviour. Hence, true state dependence is
Markovian. This specification is based on the pmeseof search and transition costs (see, for
example, Hyslop 1999). Heckman and Borjas (1980yehalso discussed several other
representations of the true state dependence. Angndics related to observed factors can be
handled by using a conditional discrete choice ifipation, which consistently estimates the

model. If the unobserved components are not independently distributed due to the pdssib
existence of unobserved heterogeneity, then thes®@e decomposed into two parts, i®S,, and

0., Where S, represents the unobserved individual specifidbattes. Now the utility function

njt
will take the form:

U njt = ﬁ’X njt + 5'Snt + yynt—l + al'Sr:t + Dnjt ' (3)
Many studies have used this equation to analyse stependence in unemployment, using a
dynamic random effects probit model, for examplengirt (2007).

2.2 Econometric Specification

This paper uses several dynamic estimators to mitdelprobability of unemployment. These
estimators include a lag dependent variable tawalty state dependence. Special attention is given
to the treatment of unobserved heterogeneity aitehlirconditions, since ignoring these can

produce overstatement of the true state dependencemployment.
2.2.1 Standard Random Effects Probit Model

The dynamic empirical model of unemployment proligbinvolves consistent estimation of the
following reduced form equations of the behavioyalcess described in equation (3):

Py, =1y, . X&) =1 (W, + X, B+& +u, 20) ((=1...N;t=2..T) (4
where y, is an indicator function for unemploymenkX, is a vector of explanatory variables
(includes personal and other characteristiggand y are the unknown parameters to be estimated.
& is an individual specific component which captuttes time invariant unobserved human capital
and taste, and, is a possibly serially correlated error term thet vary over andt®. Asymptotics

of the model depend on N, whereas T is small akentas fixed. Depending on the assumptions

% To make these standard models comparable withHaclestimator we estimated all models from t =2,...T.



made about unobserved heterogeneity and explanatoigbles, different estimators are used in

order to consistently estimate the model.

The unemployment probability is modeled using aayit random effects probit model given in

the following equation:

Vi = Wi t X BteE +u, 5)
Py, =11 1. Xn8) = 1(y; >0)
Ui ~ N(O’Uuz)

Where y, is a latent variable and we obserye= if §, >0. The standard probit model assumes
that & is uncorrelated with the explanatory variab¥gs For identification purposes, normalization
is required since y is a binary variable. A coneanione is to assur@& = . The composite error
term (v, =& +u,) will be correlated over time due to individual sifie time invariant £ terms,
even if u, is assumed to bé&d. In this case, the correlation of the composite reteym

(v, =& +u, Jover time is given as follows:

o;

&

Corr(v, v, t£s)=p=

it? Vis?

The estimated parameters of the standard randosctefprobit model are biased if unobserved
variables are correlated with observed variablesndiak (1978) and Chamberlain (1984) provide

another estimator that allows correlation eithemieen & and the time means of the explanatory

variables or the combination of their lags and $eabh other words, the estimator assumes that the

relationship betweerX, and ¢ is completely captured by including the means ofetivarying

explanatory variables or combinations of their lagsl leads. The relationship can be written as
follows:
.
§=Xa+a, or &=) Xia+ta, whee g ~iidN(0,aj) (7)
t=1
Substituting this expression with the first expressn equation (5), we get the following extended

specifications of the standard random effects nmd@own as correlated random effects model.

yi*t = Wi + Xy B+ Xia+ai +u, Wwherey, ~ N(O!Jj) (8)
. T

oryy = Wiat Xi'tﬂ+zxita‘t +a; +u, Wwheray, ~ N(O’Uj) )
t=0



In this study the specification in equation (8uged for estimating random effects models. Again,

normalization is necessary and it is assumedathat . The correlation between the composite

error termv, = a; +u, for the different periods can be written as follow

Corr(v,,v

is?

t#s)=p=—24 (10)

An advantage of this specification is that one parform a standard Wald type test to verify the

correlation betweerX, anda, .

2.2.2 Heckman'’s Estimatof

The inclusion of the lag dependent variables ceedbe problem of initial condition, which
implicitly assumes that the initial observationg @andependent of the unobserved variables (as
assumed in section 2.2.1 and 2.2.2). In simple dethis assumption means that the start of the
behavioral process coincides with the start of dbservation period for each individual. This
assumption is too strong for this study, since ghigly uses data from 1994 to 2003, and clearly
1994 is not the start of the behavioral processéone individuals. Therefore, estimation requires

some assumptions about the initial observagjpand the unobserved heterogeneijty Heckman
(1981b) has specified the following reduced formapn for the initial observation.

y, =z, (11)
where z, includes X;; or other exogenous variables amds allowed to be correlated with, but
uncorrelated withu, fort > 2. It can be written asy, = 8a, +u,;6 > @sing orthogonal projection,
with a,and u, independent of one another. It is also assumetl thaatisfies the same
distributional assumptions as, fort = 2. The linearized reduced form for the initial perioan
therefore be written as follows:

y, =z,1+6a; +u, (12)

The outcome probability and the joint likelihooch@ition of (yil,...yit) for an individuali given

a, can be written as follows:

* This discussion is derived from Stewart (20072, dltailed discussion about this estimator cambed in Heckman
(1981b)



CD[(Z:JH- ba, )(Zyil _1)]'|lj CD[(Xi't/B T Wit Yi'a +a, )(Zyil _1)]
: . (13)
- I.:J '[{CD[(Z;J[-I- 9000'* )(Zyil _l)]'D q)[(xi'tlg'*' Wit Xa+ 00,0'* )(Zyil —l)]}dF(a*)

This expression is maximized for a random samplendfviduals. ® is a standard normal
cumulative distribution function. F is the distrtlmn function ofa” =a/o, and g, = Jo/L-p).
Stewart (2006a) has provided a new STATA commandprob-" for estimating Heckman’s

estimator. In this procedure, the integral overis evaluated using the Gaussian-Hermite
Quadrature, Stewart (2006a).

2.2.3 Wooldridge's Conditional Maximum Likelihood Estimator®

The Heckman estimator approximates the joint distion of all the outcomes of the endogenous
variables. However, it is very rarely used sincandard software does not include estimation
routines to estimate the Heckman estimator. Altiraly, Wooldridge (2005) has provided a
simple solution to approximate the initial conditiproblem by specifying the distribution of the
unobserved individual heterogeneity, conditionaltbe initial condition. The main advantage as
claimed by Wooldridge is that it can be implementsing standard econometrics software. In

Wooldridge estimators the distribution of the uretved effect can be specified as follows:
& 1Y X = N(XIB+ s + X+ @y, 02 ) X, ={X0 Xir} (14)

The explanatory variables for all periods undersderation are included in a row veckr.
Generally, if the above density is allowed to depen all elements ofX; then the way in which

any time-constant exogenous variables can appedheistructural density is restricted. To increase
the explanatory power, we can include time-constaptanatory variables, but we will not be able
to identify separately the partial effect of thaéi constant variables from its partial correlatiath

a, (Wooldridge, 2005, p.44). The density of the obedr decisiofy,,,...y, ), conditional

ony, =V,, X, = X, anda; =a, can be written as follows:

T , . v , . Iy
|'j {c{xt B+ W +ayy, + X'a+a) -[1—41{& B+ W Ay, + X'a+a] } } (15)
t=

® This discusion is based on Marios (2007)



In order to find the joint distribution, we need itdegrate oufr; against the Norméﬂ),aﬁ). This

will give the likelihood function as follows:
T , Ye , %
IRI_‘l {({xtﬂ+m1—l+alyil+x,a+a) '|:1_(<Xtﬂ+yyit—l+a1yil+X,a+aj :| }(]/Ua)da/aa)da

This expression of the likelihood function is ideat to the structure of the standard random edfect
probit model; the only difference is that the exiery variables at time now also include the

initial value of the dependent variables i.g,,. It is assumed that the data are observed for each

cross-sectional unit in all time periods. Althougjiven a specific sample selection, mechanisms
can be employed for the subset of the observafamsing a balanced panel. The estimation can be

carried out by adding/;, and X, as the additional explanatory variabteat each time period and

using a computationally easy standard random affaatbit software (e.g. -xtprobit- in STATA).

In this study we have estimated both Heckman andpproximation by the Wooldridge estimator
to see the robustness of our results. Stewart amthipalam (2007) have analyzed alternative
estimators, including Heckman and Wooldridge tymtineators, for dynamic discrete choice
models. Their paper gives an examination of thatire merits of the Heckman, Orme and
Wooldridge estimators. It also analyzes the diffiees between the three estimators. In the context
of an empirical illustration, it uses a model ofeurmployment probability, after which, it presents a

Monte Carlo experiment for finite sample performanc
3. Data and Descriptive Analysis

The data used in this study is drawn from Danisiiagstrative registers supplied by Statistics
Denmark to the Danish Institute of Local Governn@ntdies (AKFY. It is yearly panel data which
includes the full population of immigrants in Demaaged 15 and aboldt covers approximately
20% of the immigrant population in the period frd®94 to 2003. The sample contains information
on a very large number of labour market and denmpbdgcacharacteristics of the individuals and

their families.

In order to avoid selection problems due to edocatind retirement, the sample is restricted to
individuals between age 25 and 59 (both includé@tie analysis is also restricted to married or

® | would like to thanks AKF for providing the data.
" The data is recorded every year in the third wefékovember.
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cohabiting individuals because explanatory varigbtelude spouse information. Self employed
and wage earners have different behaviour regatdimgur supply, hence the former are excluded
from the sample. In order to avoid biasness dué&rdquent entry and exit of immigrants, we
restricted the analysis on a balance panel. Tia $iample consists of 6767 individuals.

The disposable income of the spouse is used taeagie effect of the exogenous income on the

unemployment. It is approximated by using the folltg expression:

Disposable Inconfe= Personal Income + Capital Income + Family Beitef+

Housing Benefits + Flow Value of Property Tetal Taxes

Personal income is the actual taxable income oémsgm during the calendar year. It does not
include pension or labour market contributions, teee loans, housing transfers, child benefits,
other tax free income, etc. Family Benefits maimiglude child benefits or other family transfers
from the government. To correct the homeownergadiable income, so that it is comparable to
that of those renting their home, the flow valuguaiperty is calculated by multiplying the value of
property with the interest ratePermanent and transitory definitions of the spauslisposable
income are used as explanatory variables to iltestihe effect of the exogenous changes in income
(similar to Hyslop (1999) and Croda and Kyriazid@003)). The permanent income is just the
average income of the individual over the yearsenels the transitory income is the annual

deviation from this average.

Immigrants are sub-divided into two main categgnmesnely western and non-western immigrants.
Statistics Denmark classifies the following as wastcountries: 27 EU-Countries, Iceland,
Norway, Andorra, Liechtenstein, Monaco, San MariSweyitzerland, the State of Vatican City,
Canada, USA, Australia and New Zealand. All otheurdries are classified as non-western

countries. Approximately 52% of the immigrantstie sample are from non-western countries.

The dependent variable used in this study is thgistof unemployment. A person is considered
unemployed if he or she does not have a job, baiskarched for it, and is available for work. The
unemployment status and other explanatory variabtesrecorded in the™week of November

every year. The data does not include informatibaué the duration of unemployment, so we

8 Disposable income is adjusted for inflation usiogsumer price index with 1994 as base period.
° Annual bond yields (All central-government bondsl anortgage-credit bonds) are used as interesfltatsally does
not matter which interest rate we use). It is talkkem the website of Denmark’s Nationalbank.
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cannot distinguish between longer and shorter uleyment spells. The list of the explanatory

variables along with the summary statistics aremeg in Table 1. The table shows that 9.2% of

Table 1 Mean Characteristics of Immigrants in Denmark 1994-2003

Overall Unemployed
All Non- All Non-
Immigrants Western Western | Immigrants Western Western

Unemployment 0.092 0.147 0.042 1.000 1.000 1.000
Lag unemployment 0.095 0.153 0.042 0.530 0.567 0.414
Employed Spouse 0.774 0.663 0.876 0.567 0.496 0.796
Age 42.728 40.812 44.482 39.456 38.243 43.359
Children (0-2) 0.156 0.196 0.120 0.275 0.310 0.163
Children (3-6) 0.288 0.356 0.226 0.423 0.473 0.263
Children (7-9) 0.246 0.306 0.150 0.311 0.365 0.137
Country of Origin (Western) 0.522 0.000 1.000 0.237 0.000 1.000
Country of Origin Spouse (Western) 0.071 0.015 0.123 0.060 0.011 0.215

Years of experience 10.598 9.296 11.790 6.007 5.462 7.759
Unemployment insurance 0.898 0.941 0.859 0.976 0.981 0.960
Descendant 0.051 0.010 0.088 0.010 0.001 0.038

High School 0.070 0.076 0.064 0.082 0.082 0.084
Vocational Training 0325 0.257 0.388 0.258 0.197 0.455

Post Secondary Education 0.307 0.200 0.406 0.164 0.125 0.289
Female 0.469 0.423 0.511 0.493 0.468 0.574
Permanent Disposable income Spouse* 14.165 12.978 15.251 11.036 10.866 11.584
Temporary Disposable income Spouse* 0.000 0.000 0.000 -1.105 -1.065 -1.234
Observations 51160 24450 26710 4724 3604 1120

Data Source: Registered Administrative Datasets, 1994-2003, supplied by Statistics Denmark to Anvendt Kommunal
Forskning (AKF). Based on a balance panel used in this study for a sample of 20% married Immigrants aged 25 to 59
and excluding self-employed and out of labour force individuals.
* Annual income of spouse measured in Danish Kroner and divided by 10000.

all immigrants in the sample (1994-2004) are uneygd. Non-western immigrants have much
higher unemployment (14.2%) compared to westernigrants (4.2%). Moreover, the comparison
of individual characteristics shows that non-weastenmigrants are relatively young, have a high
proportion of young children, a low proportion aégd secondary education, a low proportion of
employed spouse and they are considerably lesgierped compared to western immigrants. For
example, the average age, proportion of young dnldyears of experience, and proportion of post
secondary education for non-western immigrants 4081, 0.19, 9.29, and 0.20 respectively.
Whereas the equivalent figures for non-western ignamts are 44.48, 0.12, 11.79, and 0.406,
respectively.

The probabilities of unemployment, conditional amttonditional on the previous unemployment

status at (t-1) for various groups, are reportetlahle 2 for the sample period 1994-2003. The raw

12



unconditional probability of being unemployed fdr anmigrants is 9.23% in the sample. The

probability of being unemployed conditional on lgpiemployed in the previous period is 4.40%,

while the conditional on being unemployed in thevious period is 46.9%. In simple words, about
46.9% of the individuals who were unemployed atquet-1 are still unemployed at periadThus,

the probability of being unemployed at period igch higher for those who were also unemployed

at t-1. Hence there is a strong evidence of stpedence in unemployment.

Table 2: Conditional and Unconditional Probabilities of Unemployment

Conditional Probabilities Partial effect Probability
Unconditional Employed Unemployed Ratio
Probabilities (1) at t-1 (2) att-1 (3) @=03)-2| B)=3)1(?2)
All Immigrants 0.092 0.044 0.469 0.425 10.66
Western (42.8% ) 0.042 0.024 0.382 0.358 15.92
Non-western ( 57.2% ) 0.147 0.068 0.495 0.427 7.28
Male 0.088 0.042 0.449 0.407 10.69
Female 0..097 0.045 0.489 0.444 10.87

Columns 4 and 5 in table 2 formalise state depereldry presenting two descriptive measures.
Column 4 shows the partial effect of previous yaaemployment status on the probability of
unemployment in the current period. Raw data shihas an individual who was unemployed at
periodt-1 has about 42.5 percentage points higher probabilibeing unemployed again at period
compared to an individual who was employed at erib. Column 5 shows how many times more
likely it is for those who stay unemployed in compan to those who move into unemployment in
the next period. Someone unemployed -dtis more than 10 times as likely to be unemployed a
as someone employed &atl. These partial effects and probability ratios higher for western
compared to non-western immigrants and women cosdpty men. These figures clearly show
strong evidence of state dependence in the rawapiiiiies, but the question is how much of this
observed state dependence is due to observed ahdarmed characteristics and how much stems
from true state dependence.

4 Results
The results of different models, described in thevpus section, are reported and discussed in this

section. First, the results for all immigrants aralyzed. Second, the issue of state dependence is

analyzed across gender and country of origin.
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The estimation results of random effects probit eledor the probability of being unemployed,
using different estimators, are reported in TableA3lag dependent variable is included in all
models to allow for state dependence. Yearly durerare included to control for the time effect.
Pooled probit estimates are shown in column 2Herdomparison. This model assumes the whole
panel as a large cross section; therefore, it doésllow any correlation across different periods.
This restrictive pooled probit model provides ingént parameter estimates, but it is an initial
consistent estimate of the parameters (Maddala)198% estimated degree of state dependence
will be overestimated in the model, since serighedwlence over time in unobserved factors is
estimated as state dependence. The likelihood &b can be applied in random effects

specification to test zero correlation over time.,ip = 0. The test was rejected, i.eg# , 0

implying that reported pooled probit estimates @&jected in favour of the random effects probit

estimates.

In random-effects models the likelihood (for anépdndent unit) is expressed as an integral,
which is computed using the Gauss-Hermite quadzatukfter fitting the model, the quadrature
checks are undertaken, and the results show tegpdhameter estimates were nearly invariant to
the quadrature point variation. Hence, the estithatsults can be explained confidently. All
models, except pooled probit models, are estimatgld the assumption that the explanatory
variables could be correlated with the unobservetgrbgeneity (correlated random effects). This
correlation is allowed by augmenting the standardlom effects model with means of explanatory

variables.

The argument that correlation between the initteddition and the unobserved heterogeneity results
in an over-estimation of the extent of state depand in employment is confirmed by
Wooldridge’s and Heckman’s estimators. One of tlagomadvantages of Wooldridge’s estimator is
its computational simplicity, which reduces theirastion process quite a lot, as compared to
Heckman'’s estimator, developed by Stewart (2086aJhe proportion of the total error variation

attributed to unobserved individual heterogengifyyas significantly higher in this estimator.

Tests of the exogeneity of the initial conditiorsncbe performed in both Wooldridge’'s and
Heckman’'s estimators. In Wooldridge estimator, tbeefficient on the initial value of

unemployment status is statistically sigrafit. With regard to the Heckman estimatbg

19n this study, the Heckman estimator took appratéty 9 days to achieve convergence with our saagta,
whereas, the Wooldridge estimator converged inl2so
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Table 3. Estimation Results for Unemployment Ribabilities of All Immigrant

Pooled Probit Random gﬁects Woo_ldridge Hec_kman’s
Probit Estimator Estimator
Variable Coefficient Coefficient Coefficient Coefficient
(S.E) (S.E) (S.E) (S.E)
Lag Unemployment 1.004* 0.785* 0.750** 0.722**
(0.036) (0.041) (0.041) (0.041)
Unemployment Status (Period 1) 0.216**
(0.037)
(Lag Unemployment ) (Western) 0.243** 0.177* 0.172* 0.148*
(0.053) (0.058) (0.059) (0.059)
(Lag Enemployment ) (Female) 0.053 0.068 0.044 0.048
(0.046) (0.051) (0.051) (0.051)
Employment status of spouse -0.139** -0.151** -0.152** -0.151**
(0.025) (0.029) (0.030) (0.030)
Age -0.086** -0.093** -0.123** -0.124**
(0.014) (0.017) (0.017) (0.017)
Age Squared 0.001** 0.001** 0.002** 0.002**
(0.000) (0.000) (0.000) (0.000)
Children (0-2) 0.106** 0.136** 0.213** 0.215**
(0.026) (0.029) (0.035) (0.036)
Children (3-6) 0.041** 0.062** 0.098** 0.097**
(0.020) (0.023) (0.026) (0.026)
Children (7-9) 0.012 0.022 0.026 0.023
(0.021) (0.024) (0.025) (0.025)
Contry of Origin (Western) -0.207** -0.227** -0.177** -0.223**
(0.029) (0.036) (0.037) (0.038)
Country of Origin Spouse (Western) 0.046 0.050 0.026 0.017
(0.044) (0.057) (0.059) (0.060)
Experience -0.147** -0.198** -0.131** -0.133**
(0.011) (0.014) (0.015) (0.015)
Experience Squared 0.003** 0.005** 0.005** 0.005**
(0.001) (0.001) (0.001) (0.001)
Insured 0.668** 0.779** 0.643** 0.654**
(0.053) (0.065) (0.093) (0.093)
Descendant -0.126* -0.150* -0.152* -0.138
(0.074) (0.091) (0.093) (0.094)
Homeownership -0.190** -0.206** -0.204** -0.195**
(0.024) (0.030) (0.031) (0.031)
High School -0.065* -0.075 -0.042 -0.057*
(0.040) (0.053) (0.055) (0.056)
Post Secondary Education -0.052%* -0.069%* -0.042 -0.060*
(0.026) (0.034) (0.035) (0.036)
Vocational Traning -0.253** -0.314** -0.274** -0.311**
(0.030) (0.039) (0.040) (0.041)
Female 0.005 0.016 -0.023 -0.013
(0.026) (0.032) (0.034) (0.034)
Permanent Spouse’s Income /10000 -0.004** -0.006** -0.005 -0.004
(0.002) (0.003) (0.003) (0.003)
Temporary Spouse’s Income 0.004 0.005 0.004 0.005
(0.003) (0.003) (0.003) (0.003)
Constant 0.800** 1.058** 1.875** 1.988**
(0.290) (0.351) (0.378) (0.380)
o 0.456** 0.480**
u (0.023) (0.023)
Y 0.172* 0.187** 0.204**
(0.014) (0.015) (0.015)
[ 0.913*
(0.111)

Note:- Estimation results include year dunsrdad arrival cohorts in all specifications.

** Parameter estimate is significant at 5%eleaf significance.
* Parameter estimate is significant at 10 %elef significance.
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exogeniety of the initial condition requires that , Which is also strongly rejected. This indicates
considerable correlation between the initial cdoditand unobserved heterogeneity, and thus must

be taken into account.

The coefficient of the lagged unemployment stasusighly significant in all the estimated models.
This indicates a positive state dependence in utment after controlling for the unobserved
effects. Random effects probit and pooled probtimeges use different normalizations for

identification, hence for comparison these estisiatbould be adjusted. Random effects use

o’ =1, and therefore the reported parameter estgvatethe ratio of the true parameters with
theo,, whereas, the reported estimated parameters gidbked probit model are the ratio of the
o,, as it uses the normalizatian’ = . Bence, the random effects parameter estimates toabe

multiplied by the factor/1- p = o, /o, for the comparison (see Arulampalam (1999) foaitket

The rescaled lagged unemployment coefficients énrimdom effects models are reduced to 0.714,
0.676 and 0.644 for the random effects, the Wogeriahd Heckman estimators respectively. These
results confirm that the correlation between thi#aihcondition and the unobserved individual

heterogeneity provides inconsistent pooled prosiineates and overstates the extent of the state

dependence.

The magnitude of parameters in non-linear modetifigult to interpret directly; instead it can be
used to calculate partial effects with respectrteaplanatory variable. In discrete choice models,
such as random effects probit models, these eftigiend on all other parameters and levels of the
explanatory variables. The inclusion of lagged deleait variable in our formulation allows us to
find transition probabilities in the estimated mipdee. we can find the probability of
unemployment conditional on the unemployment statuke previous period. Table 4 shows such
conditional probabilities. For comparison, columneoreports the raw conditional probabilities
from the observed data (already reported in tableTBe table shows that about 46.9% of the
unemployed individuals at period t-1 are still umpdoyed at period t. This observed state
dependence in unemployment is reduced by more lbHnn the pooled probit model where we
have controlled for observed explanatory variabtes,still no serial correlation in the unobserved
part is allowed. State dependence further redux8s7€6 in the random effects probit model which
confirms that there is serial persistence in uneympkent due to unobserved heterogeneity. Finally,

state dependence reduces to 8.8% and 7.7% in tredvige and Heckman estimators, which
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solves the initial condition problem. Similarlyetlobserved transitional probability (4.4%), i.ee th
probability of unemployment in the current periazhditional on being employed in the previous

period, reduces to 1.2% after controlling for urexved heterogeneity and initial condition.

Table 4: Estimated Conditional Probabilities of Unemployment

Observed Pooled Probit Random Effect Wooldridge Heckman’s
Model Probit Estimator Estimator
Unemp Emp Unemp Emp Unemp Emp Unemp Emp Unemp Emp
t-1 t-1 t-1 t-1 t-1 t-1 t-1 t-1 t-1 t-1
. / A 0.202 0.023 0.097 0.014 0.082 0.012 0.077 0.012
All Immigrants 0.469 0.044 (0.009) (0.001) (0.008) (0.001) (0.008) (0.001) (0.007) (0.001)
e 2 y 0.207 0.018 0.093 0.010 0.081 0.009 0.072 0.009
Western 0.382 0.024 (0.013) (0.001) (0.011) (0.001) (0.009) (0.001) (0.009) 0.001)
0.197 0.030 0.102 0.018 0.082 0.015 0.083 0.017
W 495
Non-western 0.49: 0.068 0.009)  (0.002) | (0.009) ©.002) | (0.008)  (0.001) | (0.008)  (0.002)
‘ / 19 0.195 0.023 0.091 0.013 0.080 0.012 0.075 0.013
Male 0.449 0.042 (0.010) (0.001) (0.009) (0.001) (0.008) (0.001) (0.008) (0.001)
< 0.211 0.023 0.105 0.014 0.083 0.011 0.080 0.012
AR0 Vi
Female 0.489 0.045 0.011) (0.001) (0.010) (0.001) (0.008) (0.001) (0.009) (0.001)
* Unemp: Unemployed Emp: Employed

The average partial effect (APEwith respect to the unemployment status of theiptes period is
the change in the predicted probability of unemplegpt when lagged unemployment status
changes from 0 to 1. The estimated average pagffacts at average values of explanatory
variables for different groups are reported in €5l The pooled probit model gives an average
partial effect of 17.9%, less than half of the aled effect. The Wooldridge and Heckman
estimators reduce the observed APE by about onle;sie. 6.9% and 6.5% respectively. An
individual with a given set of observed and unobsdrcharacteristics has about 6.5% percentage
points higher probability of being unemployed agéine was unemployed at period t-1 compared
to an individual who was employed at period Siewart (2007) found APE of 15 percentage points
for low wage employment in UK. Similarl{jamalainen (2003pund an analogous effect to be 9-25%
for Finland. The magnitude of predicted probabiliio (PR) shows thataindividual with a given
set of observed and unobserved characteristicsabast 6 times higher probability of being
unemployed again if he was unemployed at periodcbfinpared to an individual who was

employed at period t-1.

In Denmark, the unemployment rate is much highernfan-western immigrants as compared to
western immigrants. There are various reasons H Wwhich can be seen in the observed
characteristics of the two groups. For example igmamts of non-western countries are less

educated, have less labor market experience and less vocational training than western

" APE= CD(V{t—l =1 Xi'tﬂ)_ q)(y{t—l =0, Xi’t:B)
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immigrants. They are also different in unobservedspnal characteristics, for example, religion
and attitude towards work. So, the first hypothési® test the difference in the magnitude ofestat
dependence for western and non-western immigraitibstiae assumption that both of these groups
have the same observed and unobserved characterishis test is carried out by including an
interaction terr? of lag-unemployment status with western immigrains the model and
statistically testing the difference between avergartial effects for western and non-western
immigrant$®. The standard errors are calculated using the dedthod. The results show that there
is no statistical difference in the APE of the poexs year's unemployment status for western and
non-western immigrants.

Table S: Average Partial Effect (APE) and Probability Ratios (PR)

Observed Pooled Probit Random Effect ‘Wooldridge Heckman’s
Model Probit Estimator Estimator
APE PR APE PR APE PR APE PR APE PR
All Immigrants 195 0.179 8.78 0.084 6.92 0.069 6.83 0.065 ,
0.421 10.66 (0.008) (0.008) (0.007) (0.007) 641
Western s : 0.189 115 0.083 93 0.072 9.01 0.063
507 2D 3 9.
0.358 15.92 (0.013) (0.010) (0.009) (0.009) 8.00
Non-western p 0.167 6.56 0.084 5.66 0.067 5.47 0.066 4
0.427 7.28 (0.009) (0.007) (0.007) (0.007) 488
Male 0.407 10.69 0.172 847 0.077 7.00 0.068 6.67 0.062 577
0.010) (0.008) (0.007) (0.007)
Female AA 0.188 9.17 0.091 75 0.072 7.55 0.068
0.444 10.87 (0.010) (0.009) (0.008) (0.008) 6.67

* Standard errors are reported in parenthesis.

Women'’s choice of labor supply is specifically u#hced by various factors such as children and
gender specific role in marriage. Sociological tie®suggest that attitudes toward gender roles and
the appropriate allocation of time between labowd aon-labour market differ across religious
groups, (Maneschiold and Haraldsson 2007). Seoitld be interesting to test the difference in the
magnitude of state dependence across gender. Ticadye there is no prior expectation about this
comparison; hence this is purely an empirical qaasi#gain, the hypothesis of no difference in the
partial effect of state dependence across gendmriged out under the assumption that both male
and female have the same observed and unobseraedctdristics. Again the results show that

there is no statistically significant differencetive APE for men and women.

2 Following Ai and Norton (2003), the correct pargé#fect of an interaction term is obtained invalgitwo dummy
variables.

3 APE(Westery = ®[(Y, , =1 westerr=1, X! 8] - ®[(Y,_, = 0,western=1, X, 4]

APE(Non-western = CD[(YI_1 =1, westerr= 0, X, ,8] - CD[(YI_1 = 0,westerr= 0, X, ,8]
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It is assumed that the income of the person is eéxags to the labour supply of his or her partner.
In other words an individual observes his partneceme before taking his participation decision.

In the literature on the topic, this is not an kely assumption (see for example, Hyslop (1999) and
Croda and Kyriasidou (2003)). The partner’'s incameivided into a permanent and a transitory
component. The theoretical expectations about tfeete of these components of income on the
participation decision are explained in Hyslop (@pHe argues that transitory non-labour income
has a direct effect on the labour supply (sinceinllévidual expects to have permanent income in
all future periods, which is already taken into @att in the first period). Hence, according to

Hyslop, changes in temporary income are importaterhinants of the participation decision.

Alternatively, in the classical labour supply madetople optimize their labour supply subject to
budget constraint. Therefore, labour supply isdiyeaffected by changes in the permanent income,

whereas, changes in temporary income are only itapbif there are credit constraints.

In the empirical literature, the evidence of théeeif of the permanent income of the spouse on
labour force participation is mixed. Hyslop (1992 found a negative effect of permanent income
on the employment participation of married womernhe US. Using similar methodology, Croda
and Kyriasidou (2003) also found a negative eftégiermanent spouse income on the participation
probability of married women in Germany. Interegty, using the same methodology, Nizamul
(2006) found a statistically positive and signifiteeffect of the permanent spouse income for
married women in Sweden. The study argues thatfitnisng may also reflect the predominant
dual-income family-structure in Sweden, while Hys# (1999) findings reflect the U.S. single-
income family-structure. All the above-mentionedds¢s, however, report a negative effect of
temporary spouse income. In this study | found gatiee effect of the permanent and a positive
effect of the temporary income on the unemploynprobability, but these effects are statistically

insignificant.

Regarding other determinants of unemployment,gaifstantly negative effect is found for the

linear term of age. However, on the other hand,gih&dratic term of age is statistically positive.

The combined effect of the linear and quadratimtef age suggests that relatively young people
have a lower probability of unemployment than oleople. The estimated parameters of the
different levels of education show that post seeoypdeducation and vocational training have
negative effects on the unemployment probabilitye Tesults show that children of different age
groups increase the probability of unemploymenpegglly, pre-school age children were found to

have a much stronger effect on the unemploymenigtitity than relatively older kids. This is in
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accordance with the fact that young children deszethe preference for work, especially for
women. The parameter estimates for the descendemeownership, experience, and the
employment of spouse show a negative and staligtisgnificant effect on the unemployment
probability.

5. Conclusion

The labour market behaviour of immigrants is exadim a dynamic discrete choice framework.
The random effects probit specification is usedtfae estimation. Particular attention is paid to
control for the unobserved heterogeneity and thiaincondition. The specific objective is to

analyze the issue of state dependence and theemelbsheterogeneity in unemployment.

The empirical findings show a considerable corretabetween the unobserved heterogeneity and
the initial condition. Ignoring it could result ian overstatement of the extent of the state
dependence. The results show an evidence of stgendence in the unemployment behaviour of
immigrants. The extent of state dependence is estiury almost one-sixth of the observed

persistence after observed and unobserved factercantrolled for. The results show that an

individual (with the same observed and unobseryedacteristics) who was unemployed at period
t-1 has 6.5 percentage points higher probability afidp@nemployed again at perib@éompared to

an individual who was employed at peribd. This average partial effect is the same for arest

compared to non-western immigrants and women coadpar men.
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