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Summary

This thesis comprises three self-contained chapters on topics in labor economics concerning the

determinants of inequality.

Inequality in income may be caused by many different determinants. This thesis focuses on

three of these, namely gender, parental income and state dependence in the labor market.

The analyzed determinants have in common that inequality arising from these can be seen as

less socially acceptable than inequality arising from the choice of acquired skills. Furthermore a

better understanding of these phenomena can potentially enable counter-policies which in turn

might provide efficiency gains for the society as a whole.

In the first two chapters empirical methods are used on Danish register data in order to

provide new insights on intergenerational poverty and on the role of state dependence in the

labor market. In the third chapter a structural model is provided, which can be used to obtain a

thorough understanding of the underlying parameters determining the gender gap in earnings.

In the first chapter, ’Does Labor Market History Matter?’, I find that labor market history

plays an important role in the Danish labor market both by directly affecting the transitions

between labor market states and indirectly through the wage.

When comparing the relative importance of different types of state dependence, I find that

the number of previous transitions into a non-employment state seems to have the strongest

effect on the employment rate while employment history is the main driver of state dependence

in the wage.

Predictions based on the estimated model reveal potential negative long-term effects from

external employment shocks and potential positive benefits from employment programs for

long-term unemployed.

In the second chapter, ’Intergenerational poverty in the land of equal opportunity?’, I find

that people with poor parents have a lower income than people with non-poor parents over

the entire income distributions, but that the gap in income is heavily skewed to the left of

the distribution. Decompositions reveal that the gap in parental educational levels and labor

market status matters for the income gap, but that a gap persists even after accounting for

parental characteristics.

I also find that the higher poverty rate for people with poor parents can be traced back
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to a higher transition rate into poverty and that previous adulthood experiences of poverty is

important for transitions in and out of poverty.

In the third chapter, ’The Gender Wage Gap: The Role of Maternity Leave and Human

Capital Accumulation’, co-authored with Jesper Bagger and Rune Vejlin, we develop an equi-

librium search model with two-sided heterogeneity, human capital accumulation, child bearing,

parental leave taking, and endogenous wage bargaining.

The model incorporates several possible explanations for the gender wage gap such as dif-

ferences in intrinsic labor market productivity, in labor market experience, in job offer arrival

rates and in bargaining power as well as statistical discrimination and parental leave taking.

Simulations based on the model show that child bearing and parental leave taking are

potentially important components in the gender wage gap.

We demonstrate that the model is able to match the life-cycles for the men and women

observed in the data in terms of wages, labor market experience and employment rates.
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Dansk resumé (Danish summary)

Denne afhandling best̊ar af tre selvstændige kapitler inden for arbejdsmarkedsøkonomi, der

hver især beskæftiger sig med årsager til indkomstulighed.

Indkomstulighed kan have mange forskellige årsager. Denne afhandling fokuserer p̊a tre af

disse: køn, forældres indkomst samt tilstandsafhængighed p̊a arbejdsmarkedet. De analyserede

årsager har det tilfældes at de fra samfundets side kan ses som mindre acceptable end ulighed

fremkommet af individuelle valg. En bedre forst̊aelse af effekten af disse årsager kan potentielt

skabe baggrund for politiske indgreb, der ikke blot vil have en effekt p̊a uligheden, men potentielt

ogs̊a kan have en effekt p̊a den samlede ydeevne i samfundet.

I de første to kapitler benyttes empiriske metoder p̊a danske registerdata med henblik p̊a

at give ny indsigt i intergenerationel fattigdom samt den rolle tilstandsafhængighed spiller i

arbejdsmarkedet. I det tredje kapitel opbygges en strukturel model, der kan bruges til at give

en større forst̊aelse for lønforskellen mellem mænd og kvinder.

I det første kapitel ’Har arbejdsmarkedshistorik en betydning?’ finder jeg, at arbejdsmar-

kedshistorik spiller en vigtig rolle p̊a det danske arbejdsmarked b̊ade direkte ved at p̊avirke

transitionsraterne ind og ud af beskæftigelse og indirekte gennem lønnen.

Ved at sammenligne forskellige typer af tilstandsafhængighed finder jeg, at antallet af tid-

ligere transitioner ind i arbejdsløshed eller ud af arbejdsstyrken har den største effekt p̊a be-

skæftigelsen, mens beskæftigelseserfaring har den største betydning for tilstandsafhængighed i

løn.

Forudsigelser baseret p̊a den estimerede model viser, at der vil være langsigtede effekter af

eksterne chok til beskæftigelsen, og at der kan være positive langsigtede effekter af arbejdsmar-

kedsprogrammer møntet p̊a langtidsledige.

I det andet kapitel ’Intergenerationel fattigdom i landet med lige muligheder?’ finder jeg en

indkomstforskel mellem individer med fattige forældre og individer med ikke-fattige forældre

over hele indkomstfordelingen, samt at denne indkomstforskel er størst i den nederste del af

indkomstfordelingen. Jeg finder, at forskelle i uddannelse og beskæftigelsesstatus hos forældrene

viser sig at være meget betydningsfulde for lønforskellen, men at en lønforskel vedbliver efter

der tages højde for forskelle i karakteristika hos forældrene.

Jeg finder desuden, at den højere fattigdomsrate hos individer med fattige forældre kan
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spores tilbage til en højere transitionsrate ind i fattigdom, og at tidligere perioder i fattigdom

har en betydelig effekt p̊a transitioner ind og ud af fattigdom.

I det tredje kapitel ’Lønforskel mellem Mænd og Kvinder: Betydningen af Barselsorlov

og Opbygning af Human Kapital’, der er skrevet i samarbejde med Jesper Bagger og Rune

Vejlin, udvikler vi en ligevægtssøgemodel med tosidet heterogenitet, human kapital opbygning,

barselsorlov og endogen lønforhandling.

Modellen inkorporerer en række mulige forklaringer p̊a lønforskellen mellem mænd og kvin-

der s̊asom forskelle i arbejdsmarkedsproduktivitet, i arbejdsmarkedserfaring, i ankomstrater for

jobtilbud og i forhandlingsevne samt statistisk diskrimination og barselsorlov.

Simuleringer baseret p̊a modellen viser, at barselsorlov kan spille en vigtig rolle i forskellen

mellem mænd og kvinders løn.

Vi viser desuden, at modellen er i stand til at matche livsforløb for mænd og kvinder

observeret i data med hensyn til løn, arbejdsmarkedserfaring og beskæftigelsesstatus.
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Does Labor Market History Matter?∗
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Abstract

This paper finds that labor market history plays an important role in the Danish

labor market both by directly affecting the transitions between labor market states and

indirectly through the wage.

When comparing the relative importance of different types of state dependence, it

is found that occurrence dependence from non-employment states seems to have the

strongest effect on the employment rate while employment history is the main driver

of state dependence in the wage.

Predictions based on the estimated model reveal potential negative long-term effects

from external employment shocks and potential positive benefits from employment pro-

grams for long-term unemployed.

JEL Classification: C33, C41, J31, J64
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1.1 Introduction

This paper studies the causal relationship between labor market history and future outcomes in

the Danish labor market with a specific focus on the wage. The endogenization of the wage in

a study of state dependence is new to the literature and will therefore provide a more thorough

understanding of the role of state dependence in the labor market.

If state dependence plays an important role in the labor market, then it will impact the

distribution of labor market states and wealth in the economy. Policies based on the results

provided in the paper can be used to target those groups suffering the most from the effects of

state dependence.

Economic theory indicates that there might very well be reasons why individual labor market

history could affect future possibilities in the labor market. In Pissarides (1992) and Mroz and

Savage (2006) the loss of human capital accumulation when non-employed is highlighted as

an important factor in the labor market. Vishwanath (1989) and Jackman and Layard (1991)

point to stigma effects as a reason for state dependence in the labor market, and Blanchard and

Diamond (1994) and Lockwood (1991) focus on unemployment duration as a ranking strategy

in the hiring of workers as an explanation for state dependence in the labor market.

In Heckman and Borjas (1980) it is proposed that state dependence in the labor market can

be composed of four different structural effects: Markovian dependence, duration dependence,

occurrence dependence and lagged duration dependence. Markovian dependence describes the

probability of being in a given state during this period conditional on the state in the last

period. Duration dependence captures the effects of time spent within a given state. Occurrence

dependence describes the effect of the number of periods a person has been in a given state,

before he entered his previous spell, and lagged duration dependence describes the effect of the

accumulated time spent in the different states up until the previous spell.

Reviewing the economic literature in light of the structure proposed by Heckman and Borjas

(1980) indicates mixed results. The occurrence and lagged duration of non-employment spells

may be used as a signal of low productivity for employers in their hiring strategy (Gibbons and

Katz (1991)), and the lagged duration of non-employment may also have a depreciating effect on

the individual accumulated human capital, thereby generating a scarring of the non-employed

(Arulampalam (2001), Arulampalam et al. (2000), Arulampalam et al. (2001), Gregg (2001),

Mühleisen and Zimmermann (1994) and Flaig et al. (1993)). It might, on the other hand, be

the case that long periods of non-employment increase the quality of the employer-employee

match (Ehrenberg and Oaxaca (1976), Cockx and Picchio (2011)).

The effect of occurrence and lagged duration of employment might also have contradic-

tory effects. Previous employment might help in the process of finding a job through the

improvement of skills while employed and through informal networks obtained in previous jobs

(Ioannides and Loury (2004)). On the contrary, long periods of employment might make the
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individual skill improvement somewhat job specific, which could make individual reservation

wages high compared to their transferable productivity (Ljungqvist and Sargent (1998)).

The lagged effect of employment might also differ in respect to the type of job. In Frijters et

al. (2009) high wage jobs are found to have an improving effect on the job finding rate, and in

Cockx and Picchio (2011) short-lived jobs are found to have a positive effect on the probability

of finding a long-lasting job.

Because of the availability of more informative data sets and advances in econometric meth-

ods, analyses on the basis of Heckman and Borjas (1980) have encountered a renewed focus

in recent years (Doiron and Gørgens (2008), Frijters et al. (2009), Cockx and Picchio (2011)

and Niedergesäss (2012)). These studies have, however, the disadvantage of short observation

periods. Therefore the focus of these papers has been on short-lived effects. The data set

used in this paper spans over a 19 year period covering the entire Danish population and can

therefore be used for looking into the role of state dependence on a broader scale.

Furthermore, while the role of wages is studied in Frijters et al. (2009) and found to be

important, wages in Frijters et al. (2009) are assumed exogenous. In this paper the wage is

endogenized using the econometric method introduced in Cockx and Picchio (2012). This will

provide new information on the direct effect of state dependence on the wage rate but also on

the indirect effect that state dependence has on the transitional dynamics in the labor market

through the wage.

The estimated model is applied on two areas where state dependence might play an impor-

tant role. First the possible long-term effect of a large negative external shock on the employ-

ment rate is predicted, and secondly the possible positive returns for long-term unemployed

from employment programs are analyzed.

The paper is organized in the following way; In the next section some relevant elements of

the Danish labor market are described. In section 1.3 the econometric model is presented. The

data is described in section 1.4, and the empirical results are presented in section 1.5. Section

1.6 provides predictions based on simulations, and section 1.7 offers concluding remarks.

1.2 The Danish labor market and the three states

In this section some of the basic elements of the Danish labor market are described, and through

this description the three states analyzed empirically in this paper are defined.

From the perspective of the worker the Danish labor market can be viewed as being con-

structed around the three states: employed, unemployed and out of the labor force1. The idea

behind the Danish labor market is to give firms the freedom to fire and hire workers at a very

low cost, thereby making the labor market very flexible and tractable for firms, and on the

1Flinn and Heckman (1983) argue for a differentiation between unemployment and out of the labor force.
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other hand allowing for very generous transfers to the non-employed. In order to compensate

for the generous transfers in terms of incentives, the third important pillar of the Danish labor

market is the extensive active labor market programs. With this construction the Danish labor

market has become very dynamic compared to other European countries. The Danish labor

market model can therefore be viewed as an insurance system which enables workers to accept

large risks. The model has, because of these elements of a flexible labor market and a generous

social security system, been named the flexicurity model.

The very liberal laws on hiring and firing in the Danish labor market make turnover rates

high compared to continental European countries. In this sense the Danish labor market is

more similar to the labor markets in countries like UK and USA than to the labor markets

in continental European countries. In labor markets with high turnover rates an emphasis on

state dependence becomes even more relevant.

For most of the observed period in this paper, spanning from 1985 to 2003, the unemploy-

ment rate in Denmark was consistently lower than in continental Europe. The unemployment

rate in Denmark evolved similar to the unemployment rate in continental Europe for a long

period up until around 1986, when the unemployment rate in Denmark experienced a total

drop of around three percent in the years from 1986 to 1988, primarily due to a commitment

to a fixed exchange rate policy and initiated disinflationary policies by the local government.

In the period from 1988 to 1991 the employment rate moved back up to the level of continen-

tal Europe among other things due to significant wage increases. In the following years the

unemployment rate in Denmark followed the rate of continental Europe up until around 1994

whereafter it started decreasing such that in 2003 it was at around five percent compared to

the eight percent in continental Europe (Andersen and Svarer (2007)).

In this paper the dynamics between the three labor market states employment, unemploy-

ment and out of the labor force are analyzed.

In the employer-employee data set used in this paper unique firm and individual identifiers

are available. These allow for unique identification of repeated employment spells. In this paper

it is thus possible to analyze job-to-job transitions, where a job-to-job transition is defined by

a transition from one firm to another. Within firm job transitions such as promotions are not

included as job-to-job transitions in this paper.

The unemployment state is defined by the entitlement to unemployment insurance benefits.

The Danish unemployment insurance system is based on UI-funds with voluntary memberships.

The individual contribution rate is determined politically and highly subsidized by the public

sector. The model can be seen as a version of the Gent model. In 2003 about 80 percent of the

labor force were insured. A series of labor market reforms were introduced in the period from

1994 to 2003. These reforms all contributed to shortening the eligitability period for UI-benefits

and strengthening the entitlement criteria. The system moved from an essentially unlimited
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eligitability period before the reform in 1994 to an eligitability period of four years in 2003.

In Denmark a person can obtain UI-benefits in two ways. If a person has been a member

of a UI-found in at least one year and has worked a minimum of 52 weeks in the last three

years, he is eligitable for UI-benefits. Secondly, UI-benefits can be achieved if a person is a

member of a UI-found and has just ended an education of at least 18 months duration. If these

requirements are met, a person can receive wage compensation of up to 90% of the wage in his

last job, but with a maximum of 623 DKK per day2.

The out of the labor force state is defined as the residual. A significant part of this residual

group consists of people on social assistance benefits. In Denmark a person can receive social

assistance benefits if he cannot provide for himself. That is, if he does not have any other

income. If a person is married to a person with an income, or has assets in the bank or a house,

he will not be entitled to social assistance benefits. The social assistance benefit level is lower

than the UI benefit level and is means tested.

In 1996 a reform aimed at young people below the age of 25 was introduced. This reform

lowered the social assistance benefit level for this particular group and strengthened the en-

titlement criteria. In 1998 entitlement criteria were enacted in the social assistance benefit

system.

Besides social assistance, the out of the labor force state also includes people on early

retirement pensions, sickness benefits and other less used public benefit schemes.

1.3 Empirical method

The aim is to detect the effects of state dependence on transitions in the labor market. This

is modelled by allowing for duration dependence, occurrence and lagged duration dependence

to affect the transition rates both directly and in an indirect way through the wage. Causality

is claimed by accounting for selection through the use of unobserved random effects that are

allowed to be correlated across labor market states and wages. The method used in this

paper builds on the vast literature on duration analyses (Abbring and Heckman (2008)) and

in particular follows Cockx and Picchio (2012) in the inclusion of the wage in the transition

dynamics.

In the following the econometric model is described, in section 1.3.2 identification of the

model is discussed and in section 1.3.3 the likelihood function to be optimized is presented.

2This benefit level is from 2003, which is the last year observed in the data.
If a person moves from an education to unemployment, the compensation is up to 82% and the maximum

amount in 2003 was 617 DKK.
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1.3.1 Econometric model

The labor market transitional dynamics between the states employment (e), unemployment (u)

and outside the labor force (o) is characterized by a system of hazard rates (Lancaster (1992)).

Additionally, the wage will be characterized by its position in the distribution of wages and

can thus be characterized by a wage hazard3. In this paper a flexible mixed proportional

specification of the hazard function is used, where the proportionality assumption is relaxed by

allowing for changes in the effect of time-invariant covariates over the spell duration and wage

distribution. The hazard functions can be described as:

θak (t|x, ta, va) = λak(t)φak(x, t)hak(ta)va ∀a, k ∈ {e, u, o} where a 6= k iff a 6= e,

θw (w|x, ta, vw) = λw(w)φw(x,w)hw(ta)vw

where λ(.) is the piecewise constant baseline hazard, which is the same for all individuals in

a given state. The systematic part φ(.) is a continuous non-negative function which captures the

individual effects of both time invariant and time-varying observable characteristics x, where

x ∈ X ⊆ <n. Variation in the effect of the time-invariant covariates is allowed for by assuming

the effect to be piecewise constant over the spell duration and wage distribution. The level of

flexibility is chosen in accordance with the Akaike information criterion. h(.) is a non-negative

function capturing the effect of the entire event history from the initial state up until the present

spell, and h(t0) is assumed to be equal to one. Finally, va and vw are vectors of unobserved

non-negative specific random variables. These are constant over time but can differ between

types and states.

1.3.2 Identification

The selection on unobserved heterogeneity will, in this paper, be accounted for by assuming

that v is a random draw from a discrete distribution with an unknown number of support points

and flexible correlation between these points (Heckman and Singer (1984)).

In order to identify the parameters of the model, a normalization is needed for each duration.

In this paper this is done by fixing one of the support points of the unobserved distribution to

zero.

Now following Cockx and Picchio (2012) by assuming conditional independence of the com-

peting risks and that all dependence between latent durations is captured by the proportional

part of the specifications, that is the observed, unobserved and lagged duration characteristics,

and assuming independence between unobserved and observed covariates, the model can be

3The use of a hazard function as a flexible estimator of the wage distribution originates from Donald et al.
(2000).
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shown to be identified4. The identification comes through the multiple observations per indi-

vidual and the time-varying exogenous variables. Following Brinch (2007) the identification

does not rely on the mixed proportional hazard specification and so this specification is thus

relaxed in this paper.

A concern in this type of model is the strong assumption of independence between unob-

served and observed covariates. In Cockx et al. (2013) it is shown that this assumption can be

relaxed while still obtaining identification of the lagged duration variables. This can be done

by applying particular functional form assumptions on the relation. It would however come at

the cost of a structural interpretation of the coefficients on the observable characteristics. This

method will not be applied in this paper, thus the identification in this paper builds on the

before mentioned independence assumption.

Another concern is the possible correlation between the unobserved type and the initial

state in the labor market. The unobserved type of an individual might affect the choice of

entry state in the labor market, and in turn the lagged duration and occurrence dependent

effects from this initial state. This might indeed be problematic, and in this paper, following

Doiron and Gørgens (2008), no real solution to the problem is presented. One might however

speculate that given the very flexible Danish labor market and the relatively long observation

period in the data, the contribution and hence the possible bias from the initial state might be

limited5

1.3.3 Likelihood function

The likelihood contribution for a given person i can be viewed as the product of the likelihood

contributions for this person in each spell. Let person i be observed from time t0 to time

t̄, where the last observed spell is right-censored. Furthermore let m be the total number of

completed transitions and led G be the total number of observed starting wages for person i.

Then the total likelihood contribution for person i can be described as:

L (t̄|x, tm, v) = Ld (Tm+1 > t̄|x, tm, t̄, v) ∗

(
m∏
D=1

Ld (TD|x, tD−1, v)

)

∗Ld (t0|x, v) ∗
G∏
j=1

Lw (wj|x, tG−1, v)

4See Honoré (1993) and Horny and Picchio (2010) for identification in a single spell framework relying on
the MPH assumption and see Abbring and van den Berg (2003), Horny and Picchio (2010) and Picchio (2012)
for identification relying on time-varying exogenious variables or multiple observations per individual.

5See Rosholm (2001), D’Addio and Rosholm (2002a) and D’Addio and Rosholm (2002b) for methods to
account for the initial condition problem.

9



This likelihood contribution is composed of four parts: the contribution of the initial state,

the contribution of the last (censored) spell, the contribution of all the completed spells and

the contribution of the wages.

Assuming no relevant labor market history prior to the initial state, the likelihood contri-

bution of the initial state drops out.

The likelihood contribution from the last observed spell for person i can be described as

staying (surviving) in the last state ∆m up until the time of right-censoring. The likelihood

contribution of this last spell can then be written as:

Ld (Tm+1 > t̄|x, tm, t̄, v) = exp

− ∑
k∈Ω|∆m

(∫ t̄−tm

0

λk(u)φk(x, u)du

)
hk(tm)v∆m

 ,

where Ω|∆m is the set of possible transitions at D = m+ 1 given the current state ∆m.

The likelihood contribution from a complete spell where person i exits the spell by moving

to another state at time tD can be described as the hazard from moving from state ∆D−1 to

state ∆D at time tD multiplied by the likelihood contribution from staying in state ∆D−1 up

to time tD, that is:

Ld (TD|x, tD−1, v) = θ∆D−1∆D

(
tD|x, tD−1, v∆D−1∆D

)
∗ exp

− ∑
k∈Ω|∆D−1

(∫ tD−tD−1

0

λk(u)φk(x, u)du

)
hk(tD−1)v∆D−1


The contribution to the likelihood function from a wage observation in employment for

individual i, with wage wi ∈ [wj, wj+1), xi and vwi can be described as:

LW
(
w|x, vw; ΘW

)
= P (wj ≤ w < wj+1) = S (wj|x, v)− S (wj+1|x, vw) ,

with S (wj|x, vw) = exp

(
−
∫ wj

0

θw (s|x, vw) ds

)
The unobserved heterogeneity can be integrated out by using the Stieltjes integral, so that

the likelihood contribution from person i becomes:

L(t̄|x, tm) =

∫ ∞
−∞

L(t̄|x, tm, v)dG

Now, let the unobservable heterogeneity be given by: v ∈ {v1, v2, ..., vN} and let πn =

P (v = vn), where n ∈ {1, 2, .., N}, then the total likelihood contribution from person i can be

rewritten as:
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L(t̄|x, tm) =
N∑
n=1

L(t̄|x, tm, vn)πn

The number of support points for the unobserved distribution is chosen using the Akaike

information procedure6.

1.4 Data

The empirical analysis in this paper is done on the basis of the two Danish register data sets

IDA (integrated labor market database) and Spell, both provided by Statistics Denmark, and

both covering the entire Danish population. The Spell register is a matched employer-employee

data set containing weekly information on which state a given person occupied in the labor

market from 1985 to 2003. These 19 years of weekly information provide the opportunity to

analyze transitional dynamics and the effects of state dependence in the Danish labor market.

The information from the Spell data set is merged with yearly socio-demografic information

from the IDA database such as: ethnicity, municipality of residence, educational level etc. The

IDA data set also includes a measure of average hourly wage during the year, where information

on hours worked are gathered from the Danish mandatory public pension scheme. This wage

variable is also included in the final sample.

1.4.1 Sample selection

On the basis of the above described data set, the sample used in the empirical analysis is

constructed in the following way.

For each year from 1985 to 2003 all individuals who just finished there highest level of

education are included in the data sample and followed to year 2003, where they are right

censored. If a person moves into self-employment, the individual is right-censored at the time

of transition. This means that the people included in the sample in 1985 can be observed up to

19 years, people included in the sample in 1986 can be observed in up to 18 years and so forth.

In 2003 the sample will consist of people who have been in the labor market between one and

19 years.

By right censoring as mentioned above, the censoring will not create bias, since it is in-

dependent of all individual hazards. In terms of left censoring, by assuming that there exists

no relevant labor market history that has any effect on the future outcome for any individual

before they finish their highest level of education, the initial state problem is assumed away. A

similar assumption concerning the initial state problem can be found in Doiron and Gørgens

6Alternative one might consider following procedures as in Gaure (2012).
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(2008). This kind of censoring might create potential bias, if some observed individuals in the

sample have relevant labor market history before they finish their highest level of education.

This could for instance be the case for individuals who grow up on a farm and help out at the

family farm in their childhood, or young people working in the restaurant business. However,

these effects are regarded as problems of a minor scale, since in many cases it can be seen as

not being true labor market experience, but rather an effect of social inheritance or other sorts

of individual characteristics which are assumed to by captured be the observed and unobserved

effects in the empirical model7.

From this data set random samples of 10,000 men and 10,000 women are drawn. This gives

a total of 84,326 spells for men and 81,920 spells for women. The distribution of spells over the

state space can be seen in Table 1.1 below.

Table 1.1: Spell distribution

No. of spells Right-censored

State: Men Women Men Women

O 18, 471 22, 518 1, 028
(6%)

1, 492
(7%)

U 20, 801 22, 822 1, 165
(6%)

1, 196
(5%)

E 45, 054 36, 580 7, 807
(17%)

7, 312
(20%)

Total 84, 326 81, 920 10, 000
(12%)

10, 000
(12%)

Compared to related papers such as Doiron and Gørgens (2008), Frijters et al. (2009),

Cockx and Picchio (2011) and Niedergesäss (2012) the data foundation for this paper consists

of a large sample followed over a longer period. This will provide empirical results with a high

validity compared to the related literature.

1.4.2 Explanatory variables

In this section the explanatory variables used in the empirical analysis are described. These

variables are all extracted from the IDA register. In Table 1.2 descriptive statistics are provided

for individuals in the data sample split on gender.

7In order to test this initial condition assumption, the empirical model is also estimated with another version
of the initial condition. In this version the sample is selected such that in each year all individuals at the age of
16 are included in the sample and followed until the end of the sampling period. The assumption in this version
is that there exists no relevant labor market history before the age of 16. This assumption is stronger than the
one used in the paper. However, the data sample in this version will, by construction, include a lot of students,
which will make the information that can be drawn from transitions in and out of the state outside the labor
market harder to interpret. The sample also includes a lot of employment spells ex ante primary education that
are not necessarily a relevant part of the individual employment histories.

However, the primary empirical results based on the two different data samples are the same. Hence, the
initial condition used in the paper does not, in this sence, appear problematic.
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In the empirical model 20 explanatory variables are chosen to influence all seven transition

hazards and the wage hazard8.

The individual ages are included as explanatory variables by splitting the set of possible

ages into three groups: young 16 to 25 years old, medium aged 26 to 31 years old and old 32

years or more. Where the young group is used as a reference group. The age is allowed to vary

within a spell.

A dummy variable is constructed to describe the effect of being a resident in the metropolitan

area around Copenhagen compared to the rest of the country9. This variable is updated at the

beginning of each spell.

Education is chosen to be described as being in one of three groups: low, medium or high,

where the educational group refers to the highest level of education of an individual. The

low educational group contains all basic education such as elementary school and high school.

The medium educational group contains people with vocational educations and other skilled

workers. The high educational group consists of all people with a higher degree. For example

undergraduates and graduates. In the explanatory variables, the low educational group is used

as reference group. The level of education is given at labor market entry.

If a person is employed the log detrended hourly wage for the first year of the employment

spell is included in the transition hazards from employment as an explanatory variable and

used separately in the wage hazard estimation. The wage is chosen to be constant within an

employment spell. Since the wage information used in this paper is observed on a yearly basis,

it is not possible to perfectly link the wage to the actual employment spell. The estimated wage

effects can therefore not be interpreted as the effect from a given starting wage, but rather as

the effect from a given position in the wage distribution. This limitation of the data will be

taken into account in the interpretation of the results from the empirical model.

A dummy variable to explain if an individual is of Danish nationality is also included in the

explanatory variables.

Variables to describe state dependence in the model are included based on the decomposition

in Heckman and Borjas (1980). This is done by splitting the labor market history of the

individual into three parts: the present spell, the previous spell and the spells before the

previous spell10.

Labor market history from the present spell is labeled duration dependence and captured

by the baseline hazard in the estimated model. Thus no additional explanatory variables are

8Including the baseline hazards and unobserved effects, this gives a parameter space of 428 parameters
where the coefficients are to be estimated.

9The empirical model was also estimated with dummy variables for each of the five regions in Denmark,
using the meteropolitan region as reference. Since the four province regions seemed to react very similarly,
the parameter space was simplified to include only one variable describing the meteropolitan area around
Copenhagen.

10See the figure in Appendix 1.A for an illustration.
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needed to describe state dependence from the present spell.

Table 1.2: Descriptive statistics

Men Women

Variables Average Average

Non-Danish 0.11 0.11

Residence in the Capital area 0.25 0.26

Mean hourly wage (DKK) 92.59 80.15

Educational group:

Low 0.22 0.20

Medium 0.44 0.41

High 0.34 0.39

Age at right-censoring:

16-25 years 0.19 0.14

26-31 years 0.29 0.26

32- years 0.52 0.60

Entry year:

1985-1992 0.43 0.36

1993-1997 0.26 0.27

1998-1999 0.11 0.13

2000-2003 0.20 0.24

Observation period in years 8.30 7.95

No. of transitions per year 1.04 1.02

Weeks per year in:

Employment 40.32 37.73

Unemployment 5.80 6.14

Outside the labor market 5.90 8.12

No. of transitions per year from:

Employment 0.51 0.43

Unemployment 0.27 0.30

Outside the labor market 0.26 0.29

Number of people 10,000 10,000

Labor market history from the previous spell can be labeled Markovian dependence. Marko-

vian dependence is captured by including two types of explanatory variables. The first type

includes three dummy variables, which describes whether the previous spell was an employ-

ment, unemployment or out of the labor force spell. The second type of explanatory variables

includes three variables, which describes the duration of the previous spell conditioned on the

type of the previous state. The first type of variables will in the results be labeled as prev.
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occurrence dependence and the second type of variables will be labeled as prev. lagged duration

dependence.

The final group of explanatory variables describing state dependence in the model includes

all labor market history before the previous spell. Here there are again to types of variables.

The first type of variables is labeled occurrence dependence and includes three variables. These

describe the accumulated number of times a person has been in a given state before the previous

spell. The second type of variables is labeled lagged duration dependence and also includes

three variables. These describes the accumulated duration of time a person has been in a given

state before the previous spell.

All state dependence variables are updated at every transition.

Given that the state of the labor market might also have an impact on the labor market

possibilities for an individual, the yearly unemployment rate in Denmark, where the sex of the

individual is taken into account, is included as an explanatory variable. This variable is helpful

in the identification since it provides time-varing exogenous variation.

In order to account for labor market reforms, three year interval dummies are included.

Since large labor market reforms were instituted in Denmark in the years 1994, 1998 and 2000,

the year interval dummies used are 1993-1997, 1998-1999 and 2000-2003. The years from 1985-

1992 will be used as reference. Three entry year dummies are also included. These are defined

over the same time intervals as the year dummies. While the year dummies are updated within

spells, the entry years are constant over the entire period.

1.5 Results

In this section the results on state dependence from the empirical model are presented.

In Tables 1.3 and 1.4 the occurrence dependence and the lagged duration dependence effects

are presented together with the Markovian effects from prev. occcurrence dependence and prev.

lagged duration dependence. Only results for transitions in and out of employment are showen

in these tables11. All parameter estimates from the models for men and for women can be

found in Appendix 1.B12, the distribution of unobservables can be found in Appendix 1.C and

figures showing the baseline transition intensities can be found in Appendix 1.D.

From the baseline transition intensities a pattern of decreasing duration dependence emerges

for all transitions. This is a common result and can also be found in the related literature,

however the flexibility induced in this paper in the way the observable characteristics are allowed

to change effects over the survival time in a given state adds validity to the interpretation of

these baseline transition intensities.

11Given the functional form of the hazard function, the effect in percent can be found by (exp(β)− 1) ∗ 100,
where β is the estimate from Tables 1.3 or 1.4.

12These includes state dependence effects between the non-employment states.
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From Tables 1.3 and 1.4 it can be seen that there indeed exists state dependence in the

Danish labor market13.

When looking at the lagged duration dependence effect, a couple of interesting results are

revealed.

There seems to exist a marginalization effect. If a person has previously been in one of the

non-employment states for a long period of time, this person will have a lower chance of finding

and in turn keeping a job. The effects can be seen from the lagged duration dependence effects

and the prev. lagged duration dependence of the states out of the labor force and unemployment

in transitions in and out of employment and on the job-to-job transition rates. With negative

effects on transitions into employment, positive effects on transitions out of employment and

negative effects on transitions between jobs. Especially past lagged unemployment duration

seems to have a strong negative effect on the transition rate into employment. This effect can

be seen as a double punishment on people with this type of ”bad” labor market history. Since

the effect goes through the duration of time previous spend in the non-employment states,

it indicates that human capital depreciation might play an important role (see Arulampalam

(2001), Arulampalam et al. (2000), Arulampalam et al. (2001), Gregg (2001), Mühleisen and

Zimmermann (1994) and Flaig et al. (1993) for literature on scarring effects). I might however

also be the case that employers use the labor market history as a signal of low productivity in

their hiring strategy (Gibbons and Katz (1991)).

In Frijters et al. (2009) it is also found that a person who has been for a long time in the

non-employment state previously to the present spell will have a lower chance of finding a job.

However, contrary to the results in this paper, it is also found that a person with this type of

labor market history will have a lower chance of leaving a job.

Another notable result to be found in Tables 1.3 and 1.4 is a return-to-employment effect.

This effect can be seen by looking at the lagged duration and prev. lagged duration effects of

employment. Past employment experience will make a person more likely to move into employ-

ment, less likely to move out of employment and less likely to make a job-to-job transition14.

The positive effect on the transitions into employment and the negative effect on the transitions

out of employment indicate that human capital accumulation in employment plays an impor-

tant part, however it might also be due to hiring strategy by the employers. The negative effect

on the transition rates in job-to-job transitions point to the quality of the employer-employee

match as an important factor (Ehrenberg and Oaxaca (1976)).

These results on the return to employment experience are related to Cockx and Picchio

(2011). In the Belgian study by Cockx and Picchio it is found that if a person has employment

experience, he will not have an easier time finding a job, but once in a job, he will have a

13The model was also estimated on a regional level and for different educational groups with similar results.
14Except for the case of unemployed women where employment experience has a negative effect on the

transition rate into employment.
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smaller probability of leaving the job.

Table 1.3: State dependence effects for men and women

E → U E → O E → E

Men Women Men Women Men Women

Occurrence

O −0.12∗∗∗
(0.03)

−0.12∗∗∗
(0.03)

0.03
(0.03)

−0.01
(0.03)

0.01
(0.01)

−0.01
(0.02)

U 0.15∗∗∗
(0.02)

0.14∗∗∗
(0.03)

0.02
(0.03)

0.03
(0.03)

0.01
(0.01)

0.00
(0.01)

E 0.03∗∗∗
(0.01)

0.03∗∗
(0.02)

0.03∗∗∗
(0.01)

0.03∗∗∗
(0.01)

0.05∗∗∗
(0.00)

0.07∗∗∗
(0.01)

Lag. duration◦

O 0.17∗∗
(0.09)

0.06
(0.08)

0.06
(0.09)

0.24∗∗∗
(0.07)

−0.17∗∗∗
(0.05)

0.00
(0.04)

U 0.15∗∗
(0.06)

0.29∗∗∗
(0.06)

0.19∗∗∗
(0.07)

0.10∗
(0.07)

−0.10∗∗∗
(0.04)

−0.09∗∗
(0.04)

E −0.18∗∗∗
(0.03)

−0.15∗∗∗
(0.04)

−0.12∗∗∗
(0.03)

−0.12∗∗∗
(0.03)

−0.08∗∗∗
(0.01)

−0.07∗∗∗
(0.02)

Prev. occurrence

O 0.39∗∗∗
(0.13)

−0.14
(0.12)

0.45∗∗∗
(0.12)

0.38∗∗∗
(0.10)

−0.21∗∗∗
(0.06)

−0.41∗∗∗
(0.06)

U 0.74∗∗∗
(0.09)

0.38∗∗∗
(0.09)

0.31∗∗∗
(0.10)

0.50∗∗∗
(0.09)

0.11∗∗∗
(0.04)

−0.03
(0.04)

E 0.36∗∗∗
(0.08)

−0.20∗∗∗
(0.09)

0.26∗∗∗
(0.08)

0.24∗∗∗
(0.08)

−0.04∗∗
(0.03)

−0.19∗∗∗
(0.03)

Prev. duration◦

O −0.97∗∗
(0.43)

−0.35∗
(0.23)

0.22
(0.22)

0.25∗∗
(0.11)

−0.03
(0.13)

−0.02
(0.09)

U 0.56∗∗∗
(0.18)

0.57∗∗∗
(0.19)

1.23∗∗∗
(0.16)

0.65∗∗∗
(0.14)

−0.52∗∗∗
(0.14)

−0.43∗∗∗
(0.15)

E −0.66∗∗∗
(0.06)

−0.54∗∗∗
(0.08)

−0.28∗∗∗
(0.05)

−0.19∗∗∗
(0.05)

−0.12∗∗∗
(0.02)

−0.10∗∗∗
(0.02)

Log(wage) −0.26∗∗∗
(0.03)

−0.15∗∗∗
(0.04)

−0.39∗∗∗
(0.04)

−0.42∗∗∗
(0.03)

−0.15∗∗∗
(0.02)

−0.13∗∗∗
(0.03)

◦Measured in weeks/100. *** significant at 1%, ** significant at 5% and * significant at a 10%.

The occurrence dependence and prev. occurrence dependence effects found in this paper

indicate that signaling plays an important role in the labor market. This can be seen since the

type of the previous state has an important effect on the transition rates and since occurrence

dependence, especially from employment, also has a significant effect on the transition rates.

In Doiron and Gørgens (2008) a return to sender effect is emphasized as a result. In

this context a return to sender effect is described as being present, if there exists a positive

probability of returning to states a person has occupied many times before. Looking at the

occurrence dependence results in Tables 1.3 and 1.4, this effect does not seem to be present in

the Danish labor market.
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Table 1.4: State dependence effects for men and women

W O → E U → E

Men Women Men Women Men Women

Occurrence

O −0.01
(0.01)

−0.02∗∗∗
(0.01)

0.04
(0.04)

0.06
(0.04)

0.03
(0.03)

0.01
(0.02)

U 0.02∗∗∗
(0.01)

0.02∗∗
(0.01)

−0.06∗∗
(0.04)

0.02
(0.04)

0.00
(0.02)

0.02
(0.02)

E 0.00
(0.00)

0.00
(0.01)

0.03∗∗
(0.01)

−0.01
(0.04)

0.04∗∗∗
(0.01)

0.05∗∗∗
(0.01)

Lag. duration◦

O 0.04
(0.03)

0.15∗∗∗
(0.02)

−0.14∗
(0.10)

−0.11∗
(0.08)

−0.10∗
(0.07)

−0.14
(0.06)

U 0.02
(0.03)

0.04
(0.03)

−0.25∗∗∗
(0.09)

−0.25∗∗∗
(0.08)

−0.46∗∗∗
(0.05)

−0.37∗∗∗
(0.05)

E −0.12∗∗∗
(0.01)

−0.10∗∗∗
(0.01)

0.11∗∗∗
(0.04)

0.06∗
(0.04)

0.04∗
(0.03)

−0.04∗∗
(0.03)

Prev. occurrence

O −0.26∗∗∗
(0.04)

−0.18∗∗∗
(0.04)

−0.44∗∗∗
(0.07)

−0.84∗∗∗
(0.06)

U −0.30∗∗∗
(0.03)

−0.32∗∗∗
(0.04)

−0.06
(0.09)

−0.07
(0.09)

E −0.28∗∗∗
(0.02)

−0.31∗∗∗
(0.03)

−0.28∗∗∗
(0.10)

−0.23∗∗∗
(0.09)

0.68∗∗∗
(0.07)

0.32∗∗∗
(0.06)

Prev. duration◦

O −0.01
(0.08)

−0.03
(0.05)

−0.14
(0.14)

−0.13
(0.11)

U 0.09
(0.10)

−0.21∗∗
(0.10)

−0.20
(0.18)

−0.81∗∗∗
(0.20)

E −0.14∗∗∗
(0.01)

−0.10∗∗∗
(0.02)

0.01
(0.06)

0.12∗∗
(0.05)

−0.09∗
(0.05)

−0.07
(0.06)

◦Measured in weeks/100. *** significant at 1%, ** significant at 5% and * significant at a 10%.

In Table 1.4 the results of the state dependence effects on the wage rate can be found. Since

the distribution of wages is estimated as a hazard, a positive estimate indicates a lower wage.

Thus, since there is a significant negative effect of previous employment experience both in the

last spell and in earlier spells, this means that employment experience has a positive effect on

the wage rate. Similar it is found that the number of previous unemployment spells have a

negative effect on the wage rate. Now, since it can be seen from Table 1.3 that the wage rate has

a negative effect on the transition rates from employment, it follows that the before mentioned

effects of state dependence on the wage rate indirectly has the opposite effect on the transition

rate out of employment. For example, the positive effect of previous employment on the wage

rate will through the wage have a negative effect on the transition rate out of employment.

Since the estimated model is non-linear, the relative size of the different effects of state

dependence is best described by using simulations. In section 1.6.2 simulations will be presented
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where the relative size of the described effects can be compared.

1.6 Simulation

In this section the estimated model is used to simulate event histories. The simulation algorithm

can be found in Appendix 1.E. These simulations are used to evaluate the performance of the

model, to compare the relative importance of different parts of the effect of state dependence

and to give some insights on the role of state dependence on the long-term effects of large

external employment shocks and the effect of employment programs for long-term unemployed.

1.6.1 Model fit

Since no simple test is available to test how well the model preforms, a comparison of a simu-

lation of the model and the data has become the preferred method in the literature. In Tables

1.5 and 1.6 some of the main characteristics of the simulated model are compared to what can

be found in the data.

Table 1.5: Spell characteristics from model and data

Men Women

Model Data Model Data

Mean duration in years 8.22
[8.19;8.23]

8.30 7.84
[7.82;7.85]

7.95

Mean no. of transitions per year 0.90
[0.85;0.96]

1.04 0.91
[0.85;0.96]

1.02

Weeks per year in:

Employment 39.62
[38.62;40.50]

40.32 38.03
[36.91;39.34]

37.73

Unemployment 6.06
[5.45;6.70]

5.80 5.77
[5.21;6.35]

6.14

Out of the labor force 6.31
[5.77;6.91]

5.90 8.20
[7.31;9.12]

8.12

No. of transition per year from:

Employment 0.42
[0.39;0.44]

0.51 0.38
[0.36;0.41]

0.43

Unemployment 0.25
[0.22;0.27]

0.27 0.26
[0.24;0.29]

0.30

Out of the labor force 0.24
[0.22;0.26]

0.26 0.26
[0.24;0.28]

0.29

95% confidence bands in brackets.

From these tables it can be seen that the model performs rather well. From Table 1.5 it

can be seen that the simulated model tends to underestimate the mean number of transitions

per year by around ten percent, however when looking at Table 1.6 it can be seen that the

simulated model does a good job in fitting the transition pattern in the data.
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Table 1.6: Distribution of transitions between states

from model and data

Men Women

From\To O U E O U E

Model:

O 83%
[80%;85%]

17%
[15%;20%]

79%
[75%;83%]

21%
[17%;25%]

U 66%
[63%;69%]

34%
[31%;37%]

67%
[64%;70%]

33%
[30%;36%]

E 11%
[10%;12%]

15%
[13%;17%]

74%
[72%;76%]

17%
[15%;19%]

13%
[12%;15%]

70%
[67%;72%]

Data:

O 83% 17% 81% 19%

U 61% 39% 67% 33%

E 11% 14% 75% 17% 15% 68%

95% confidence bands in brackets.

In Figure 1.1 the mean employment and unemployment rates per year after entry on the

labor market are depicted where the fraction in the state out of the labor force is the residual.

From this figure it can be seen that the model is rather good at capturing the overall trend

over the 18 years period, but the figure also indicates an underprediction of the employment

rate in the later years by the simulated model.

In Figures 1.2 and 1.3 the performance of the wage hazard can be seen. In Figure 1.2 the

CDF of the log wages predicted by the model are graphed together with the data, and in Figure

1.3 the mean log wage for each year after entry is graphed together with the data. From these

figures it can be seen that the model is good at capturing the overall distribution of wages as

well as the changes in wages over time.
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1.6.2 Quantifying the effect of state dependence

In order to quantify the effect of state dependence and to compare the relative size of different

parts of state dependence, the model was simulated with and without lagged duration depen-

dence and occurrence dependence. The role of state dependence was examined in relation to

the employment rate and the wage rate for each year after entry in the labor market.

Figures 1.4a, 1.4b and 1.4c show the employment rate from simulations excluding different

parts of the lagged duration and occurrence dependent effects. Similarly Figures 1.5a, 1.5b

and 1.5c show the mean wage for each year after entry for the standard model and simulated

versions without different parts of the lagged duration and occurrence dependent effects. All

figures have both the simulated standard model and the simulated model without any lagged

duration and occurrence dependent effects included as points of reference.

From Figures 1.4a, 1.4b and 1.4c it can be seen by comparing the graph of the standard

model with the graph of the model without any lagged duration and occurrence dependence

effects that the overall effect of state dependence on the employment rate is negative. The size

of the effect in terms of fraction of labor force employed increases until around the 10th year

after entry whereafter it starts decreasing for men and stays constant for women.
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From Figures 1.5a, 1.5b and 1.5c it can be seen that state dependence has a substantial

positive effect on the mean wage both in terms of the level and the increase over time. From

Figure 1.5c it can be seen that the lagged duration and occurrence of the last spell seem to

matter for the level of the wage, and from Figure 1.5b it can be seen that the increase in

wages over time is primarily driven by the lagged duration and occurrence dependence effects

from past employment experience. Finally Figure 1.5a reveals that both occurrence and lagged

duration dependence have an important effect on the mean wage rate.
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In Figure 1.4a it can be seen that occurrence dependence plays a dominant role in the effect

of state dependence on the employment rate. Figure 1.4c shows that the last spell becomes

increasingly important in years after entry in the labor market, and Figure 1.4b shows the

trade off between the effect of past employment and past non-employment, where it can be

seen that past employment increases the employment rate and past nonemployment decreases

the employment rate.
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1.6.3 Employment shock

In this section the estimated model is used to predict the potential long-term effects of a

large negative external employment shock hitting the evaluated population sample. This is

done recognizing the limitations of the estimated reduced form model. It is assumed that the

environment is not affected by this employment shock and that there are no general equilibrium

or spillover effects. The results from this section can be interpreted as the impact on an

individual level of a shock. Under the assumption that the shock is not so large, so that it has

an effect on the overall employment and unemployment rate.

The employment shock is assumed to be external in the sense that a given fraction of the

employed lose there jobs after two years. The shocked individuals are randomly drawn from

the pool of employed individuals in year two after entry. The shock then manifests itself as a

sudden transition from employment to unemployment. In this setting the model can be used

to give some insight on how state dependence will affect an individual’s possibilities in the

long-run in terms of employment possibilities and wages in the face of an employment shock.

In Scarpetta et al. (2010), Gregg (2001) and Mroz and Savage (2006) it has been shown

that youth unemployment remains high in many OECD countries, and that this can have large

long-term effects on labor market participation rates. In Mroz and Savage (2006) a structural

model is constructed and estimated which predicts that youth unemployment can have an effect

on labor market participation as long as ten year after the occurrence.

Figure 1.6 shows the effect on the employment rate, and Figure 1.7 shows the effect on the

wage rate in this paper. In both figures the scenario where individuals are shocked is compared

to the standard model where no shock occurs. The figures only graph those individuals who

are eligible for the shock, i.e. those who are employed after two years. In Figure 1.6 a large

employment drop after the shock can be seen, however it can also be seen that already one year

after the shock a large part of these individuals are back in employment. In the eight years

following the shock, the shocked individuals seem to be catching up to the employment rate

they would have had without the shock, however after eight year the employment rate seems to

settle at a constant rate about seven percentage points below the employment rate they would

have had without the shock. So, the model predicts a persistent effect on the employment rate

of an employment shock due to state dependence.

Figure 1.7 shows the percentage difference in wages between the individuals in the case of

a shock and without a shock. From the figure it can be seen that an employment shock has an

immediate positive effect on the mean wage. This is due to the way wages are treated in the

model. Since wages in the model capture only the wage in the first year of employment, the

short-term increase is simply a result of a renegotiation of starting wages, so little information

can be drawn from this. It is however interesting that the model predicts a negative long-term

effect on wages from an employment shock due to state dependence. The size of this effect is
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of a magnitude of about 1.5 percent.

The prediction from the model of the effect of a employment shock on the evaluated pop-

ulation is that those who experience the shock will have a lower long-term employment and

wage rate, but that the effect on the wage is small.

In Appendix 1.F the effect on the employment rate for the entire evaluated sample of shocks

of different sizes is graphed. From this figure it can be seen that even though the effect on those

who are hit by the shock is rather high, the shock has to be large in order to have a sizable

persistent effect on the overall employment rate.

1.6.4 Policy for long-term unemployed

In this section employment programs for long-term unemployed are evaluated in the light

of state dependence. The literature on the evaluation of active labor market programs is

large and this paper in no means claims to have a better or more informative method to

evaluate employment programs. It is however, given the structure of the model, possible to

give some insights on how state dependence may play an important role on the long run

effects of employment programs. The policy evaluated in this section is a program where

all individuals who have been unemployed for more than a year are given a spell of employment

of a predetermined duration, and after this employment program period the individual is moved
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back into unemployment. While in the program the individual will be observed as unemployed,

however the state dependent effects of the program will be as if it was actual employment. The

evaluated program is designed in this way in order to mimic actual employment programs such

as subsidized employment, where it is assumed that the state dependent effects of subsidized

employment are the same as from regular employment.

Economic theory is not clear on the effect of short-term employment. Short-term employ-

ment might help in gaining access to informal networks; however, the effects on human capital

and signaling to the employers are less obvious.

The empirical findings in this area are mixed, but most results point in the direction that,

while short-term jobs are less desirable in terms of job satisfaction, lack of training and low

wages (Booth et al. (2008)), they can be used as stepping stones to more stable jobs. De Graaf-

Zijl et al. (2011), Hartman et al. (2010), Picchio (2008) and Cockx and Picchio (2011) all find

some evidence of the stepping stone hypothesis. On the other hand, Autor and Houseman

(2005) find that temporary employment has a negative effect on job frequency, wages, and

welfare costs.

The effect of the employment program is in this paper evaluated in terms of the employment

rate, which can be seen in Figure 1.8, and the wage rate, which can be seen in Figure 1.9. In

these figures the effect of programs with an employment duration of three or six months is

included together with the case of no program as a reference. Both figures show only those

individuals who are affected or potentially affected by the programs.

From Figure 1.8 it can be seen that the effect on the employment rate for individuals who

at some point are unemployed for more than a year seems rather large and increasing over time.

The small negative effect in the first couple of years is simply a locking in effect since people are

observed as unemployed within the program. From the figure it can also be seen that the two

programs with three and six months of employment, respectively, have very similar effects. This

indicates that three months difference between the two programs do not seem to matter, which

suggests that the positive effect of the program goes though the restart of the unemployment

spell or the occurrence dependence rather than through the lagged duration dependence. This

reflects the results in section 1.6.2 on the quantative importance of occurrence dependence

versus lagged duration dependence.

The effects of the programs on the wage rate are less clear. Figure 1.9 suggests, if any, a

small positive effect on the wage rate for men from the programs.

So overall, these results suggest positive effects due to state dependence from employment

programs such as the described program for long-term unemployed. In Appendix 1.G the effect

of the programs on the employment rate for the entire sampled population can be seen. From

this figure the effect seems more modest. The results however rely heavily on the assump-

tion of employment programs acting as regular employment and the restart of unemployment

26



spells after end program. The results can in this sense be seen as a best case scenario, where

employment programs work as they are intended.

1.7 Concluding remarks

This paper has aimed at highlighting the role of state dependence in the Danish labor market

with a specific focus on the wage. A duration method inspired by Heckman and Borjas (1980)

is used in order to separate different types of state dependence.

The data foundation for this study is an extensive Danish data set including weekly observa-

tions of individual labor market states for all Danes from 1985 to 2003 and yearly observations

on wages and other observable characteristics.

In this paper it is found that there indeed exists state dependence in the Danish labor

market, and that state dependence has a significant impact both directly on the transition

rates and indirectly though the wage.

Following Heckman and Borjas (1980) the effect of state dependence is split into occurrence

and lagged duration dependence. Using simulations it is found that the effect of occurrence

dependence is larger than the effect of lagged duration dependence on the employment rate and

that primarily employment history seems to matter for the wage rate.
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The simulated model is put to use by looking at the effect of external induced negative

shocks to employment. From this exercise a persistent effect on the employment rate and on

the wage rate is found due to state dependence, which is in line with the theoretical model in

Mroz and Savage (2006).

A policy regime where all long-term unemployed are included in an employment program

which gives them an employment spell of a predetermined duration is also evaluated in terms of

the role of state dependence. Here it is found that such a program would have potentially large

long-term effects on the employment rate and modest effects on the wage rate. These results,

however, strongly rely on the employment program being able to mimic regular employment.

The results in this paper imply that one has to think carful about the effect on the labor

market histories of individuals when designing policies for the labor market. Furthermore poli-

cies targeting young individuals accumulation ”bad” labor market history might be considered,

since these potentially can have large long-term returns.

For future work, papers taking the empirical results from this and related papers and design-

ing a model, which can incorporate these state dependence effects in a theoretical framework

would benefit the literature. This could provide a deeper understanding of the underlying

parameters of interest.
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Appendices

1.A Labor market history and the explanatory

variables used to describe it
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1.B Estimation results for men and women

Table 1.7: Estimation results for men (Std. Err.). Part 1/4.

O → E O → U U → E U → O E → U E → O E → E

Duration dependence:

Elapsed duration in weeks

Elapsed 0-1 -3.26 -2.62 -4.03 -2.93 -4.95 -4.34 -1.95

(0.27) (0.12) (0.20) (0.15) (0.27) (0.31) (0.12)

Elapsed 2-3 -3.51 -3.24 -3.76 -3.95 -5.21 -4.51 -3.09

(0.27) (0.12) (0.17) (0.16) (0.25) (0.32) (0.12)

Elapsed 4-5 -4.18 -4.04 -3.35 -3.39 -5.61 -4.67 -3.15

(0.27) (0.13) (0.17) (0.15) (0.27) (0.32) (0.12)

Elapsed 6-8 -4.27 -3.91 -3.44 -3.83 -5.35 -4.41 -2.99

(0.27) (0.13) (0.16) (0.16) (0.26) (0.29) (0.11)

Elapsed 9-12 -4.42 -4.13 -3.34 -3.97 -5.45 -4.42 -3.10

(0.27) (0.13) (0.16) (0.16) (0.26) (0.28) (0.12)

Elapsed 13-17 -4.42 -4.26 -2.97 -3.87 -5.62 -4.57 -3.16

(0.27) (0.13) (0.16) (0.16) (0.26) (0.29) (0.12)

Elapsed 18-22 -4.40 -4.14 -3.10 -4.02 -5.74 -4.57 -3.24

(0.28) (0.13) (0.16) (0.16) (0.26) (0.28) (0.12)

Elapsed 23-29 -4.07 -3.97 -3.33 -4.19 -5.79 -4.37 -3.30

(0.27) (0.13) (0.17) (0.16) (0.26) (0.28) (0.12)

Elapsed 30-40 -4.54 -3.80 -3.44 -4.12 -5.88 -4.42 -3.41

(0.28) (0.13) (0.17) (0.16) (0.26) (0.27) (0.12)

Elapsed 41-52 -3.56 -3.63 -3.54 -4.30 -6.11 -4.30 -3.10

(0.28) (0.13) (0.19) (0.16) (0.26) (0.27) (0.12)

Elapsed 53-104 (53 <) -4.36 -4.77 -4.04 -4.76 -6.57 -4.84 -3.85

(0.28) (0.14) (0.19) (0.16) (0.26) (0.27) (0.11)

Elapsed 105-156 . . . . -7.04 -5.20 -4.17

. . . . (0.28) (0.28) (0.12)

Elapsed 157 < . . . . -7.75 -5.56 -4.54

. . . (0.28) (0.28) (0.12)
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Table 1.7: Estimation results for men (Std. Err.). Part 2/4.

O → E O → U U → E U → O E → U E → O E → E

Log(Wage) . . . . -0.26 -0.39 -0.15

. . . . (0.03) (0.04) (0.02)

Entry Year dummies:

1993-1997 0.12 0.08 0.00 0.51 0.00 0.23 0.00

(0.11) (0.06) (0.07) (0.06) (0.08) (0.10) (0.03)

1998-1999 0.41 0.12 -0.09 0.02 0.00 0.28 0.04

(0.18) (0.09) (0.11) (0.06) (0.14) (0.16) (0.05)

2000-2003 0.41 0.18 -0.10 0.04 0.02 0.34 0.09

(0.20) (0.09) (0.13) (0.09) (0.16) (0.17) (0.06)

Age group:

26-31 years 0.05 0.00 -0.16 -0.14 -0.15 -0.37 -0.22

(0.08) (0.04) (0.05) (0.04) (0.06) (0.08) (0.03)

32-55 years -0.27 -0.19 -0.50 -0.09 -0.02 -0.15 -0.30

(0.11) (0.05) (0.06) (0.05) (0.09) (0.10) (0.04)

Unemployment rate* -0.60 0.47 -0.44 -0.41 0.78 0.09 -0.39

(0.18) (0.08) (0.11) (0.09) (0.13) (0.16) (0.06)

Year dummies:

1993-1997 0.20 -0.35 0.10 0.15 -0.34 -0.58 0.04

(0.11) (0.05) (0.07) (0.05) (0.08) (0.14) (0.03)

1998-1999 -0.03 -0.24 0.00 0.15 0.03 -0.59 -0.10

(0.16) (0.07) (0.10) (0.08) (0.12) (0.14) (0.05)

2000-2003 -0.39 -0.36 -0.13 0.15 -0.01 -0.54 -0.20

(0.19) (0.08) (0.11) (0.09) (0.14) (0.16) (0.06)

Occurence dependence:

Cumulative no. of spells

before previous spells

O 0.04 -0.03 0.03 -0.02 -0.12 0.03 0.01

(0.04) (0.02) (0.03) (0.02) (0.03) (0.03) (0.01)

U -0.06 0.06 0.00 0.06 0.15 0.02 0.01

(0.04) (0.02) (0.02) (0.02) (0.02) (0.03) (0.01)

E 0.03 -0.01 0.04 0.00 0.03 0.03 0.05

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.00)

Previous spell

O . . -0.44 0.74 0.39 0.45 -0.21

. . (0.07) (0.08) (0.13) (0.12) (0.06)

U -0.06 0.91 . . 0.74 0.31 0.11

(0.09) (0.05) . . (0.09) (0.11) (0.04)

E -0.28 0.14 0.68 -0.13 0.36 0.26 -0.04

(0.10) (0.06) (0.07) (0.10) (0.08) (0.08) (0.03)

*Measured in fractional difference from the mean of the observed period.
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Table 1.7: Estimation results for men (Std. Err.). Part 3/4.

O → E O → U U → E U → O E → U E → O E → E

Lagged duration dependence:

Cumulative duration of spells

before previous spell**

O -0.14 0.05 -0.10 -0.10 0.17 0.06 -0.17

(0.10) (0.04) (0.07) (0.04) (0.09) (0.09) (0.05)

U -0.25 -0.03 -0.46 -0.13 0.15 0.19 -0.10

(0.09) (0.03) (0.05) (0.03) (0.06) (0.07) (0.04)

E 0.11 0.05 0.04 0.03 -0.18 -0.12 -0.08

(0.04) (0.02) (0.03) (0.02) (0.03) (0.03) (0.01)

Duration of previous spell**

O . . -0.14 -0.24 0.22 -0.17 -0.03

. . (0.14) (0.08) (0.22) (0.05) (0.13)

U -0.20 -0.06 . . 0.56 1.23 -0.52

(0.18) (0.06) . . (0.18) (0.16) (0.14)

E 0.01 -0.20 -0.09 -0.15 -0.66 -0.28 -0.12

(0.06) (0.05) (0.05) (0.10) (0.06) (0.05) (0.02)

Non-Danish:

Elapsed duration in weeks

Elapsed 0-8 -0.71 -0.22 -0.25 0.00 0.45 0.26 -0.11

(0.16) (0.05) (0.14) (0.06) (0.16) (0.30) (0.11)

Elapsed 9-29 -0.24 0.03 -0.61 0.04 0.33 0.69 -0.02

(0.14) (0.06) (0.10) (0.07) (0.15) (0.15) (0.09)

Elapsed 30-104 -0.88 -0.29 -0.85 0.03 0.39 0.89 -0.18

(0.17) (0.07) (0.15) (0.08) (0.18) (0.15) (0.10)

Elapsed 105 < -1.57 0.49 -1.04 -0.02 0.40 0.69 -0.16

(0.27) (0.12) (0.20) (0.10) (0.23) (0.14) (0.10)

Education:

Medium

Elapsed duration in weeks

Elapsed 0-8 0.48 0.24 0.36 0.02 -0.07 -0.32 0.21

(0.12) (0.04) (0.10) (0.05) (0.12) (0.18) (0.06)

Elapsed 9-29 0.25 0.11 0.35 -0.09 -0.28 -0.20 -0.03

(0.12) (0.06) (0.06) (0.06) (0.09) (0.11) (0.05)

Elapsed 30-104 0.24 0.26 0.60 0.02 -0.10 -0.53 -0.07

(0.13) (0.06) (0.11) (0.08) (0.11) (0.10) (0.05)

Elapsed 105 < 0.34 -0.11 0.51 0.23 -0.56 -0.56 -0.05

(0.20) (0.13) (0.17) (0.12) (0.13) (0.10) (0.05)

**Measured in weeks/100.
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Table 1.7: Estimation results for men (Std. Err.). Part 4/4.

O → E O → U U → E U → O E → U E → O E → E

High

Elapsed duration in weeks

Elapsed 0-8 0.72 0.63 0.84 -0.20 0.10 -0.94 0.07

(0.14) (0.06) (0.11) (0.07) (0.14) (0.29) (0.07)

Elapsed 9-29 0.32 0.11 0.51 -0.21 -0.63 -0.45 -0.27

(0.15) (0.08) (0.08) (0.08) (0.12) (0.15) (0.06)

Elapsed 30-104 0.61 0.13 0.44 -0.22 -0.91 -0.86 -0.18

(0.15) (0.09) (0.12) (0.10) (0.15) (0.15) (0.06)

Elapsed 105 < 0.14 -0.39 0.59 0.13 -1.17 -0.77 0.06

(0.22) (0.16) (0.18) (0.12) (0.18) (0.13) (0.05)

Copenhagen area:

Elapsed duration in weeks

Elapsed 0-8 -0.21 -0.06 -0.05 -0.08 -0.04 0.01 -0.03

(0.12) (0.04) (0.09) (0.05) (0.11) (0.19) (0.05)

Elapsed 9-29 0.03 0.03 -0.19 -0.13 -0.08 -0.13 0.10

(0.11) (0.06) (0.06) (0.06) (0.10) (0.11) (0.04)

Elapsed 30-104 -0.02 -0.05 -0.10 -0.02 -0.24 0.14 0.11

(0.13) (0.06) (0.09) (0.08) (0.11) (0.11) (0.04)

Elapsed 105 < -0.24 -0.20 0.04 -0.23 -0.16 0.37 0.12

(0.19) (0.13) (0.14) (0.10) (0.14) (0.10) (0.04)

Unobserved heterogeneity

Type 2 0.01 -0.59 0.06 0.51 0.59 0.29 0.26

(0.17) (0.05) (0.10) (0.06) (0.10) (0.13) (0.05)
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Table 1.8: Estimation results for women (Std. Err.). Part 1/4.

O → E O → U U → E U → O E → U E → O E → E

Duration dependence:

Elapsed duration in weeks

Elapsed 0-1 -4.40 -1.33 -3.22 -2.69 -4.38 -5.01 -1.99

(0.38) (0.11) (0.18) (0.15) (0.31) (0.33) (0.15)

Elapsed 2-3 -5.03 -2.05 -3.37 -3.77 -4.95 -5.37 -3.29

(0.38) (0.11) (0.18) (0.15) (0.30) (0.30) (0.15)

Elapsed 4-5 -5.54 -2.90 -3.94 -3.40 -5.42 -5.28 -3.25

(0.39) (0.12) (0.17) (0.15) (0.32) (0.30) (0.15)

Elapsed 6-8 -5.53 -2.72 -3.12 -3.72 -5.15 -4.71 -3.11

(0.38) (0.12) (0.16) (0.15) (0.30) (0.26) (0.14)

Elapsed 9-12 -4.66 -3.01 -3.13 -3.79 -5.28 -4.73 -3.28

(0.39) (0.12) (0.16) (0.15) (0.31) (0.25) (0.15)

Elapsed 13-17 -5.70 -3.14 -3.86 -3.87 -5.47 -4.92 -3.39

(0.39) (0.12) (0.16) (0.15) (0.31) (0.26) (0.15)

Elapsed 18-22 -5.85 -3.18 -3.01 -4.08 -5.57 -4.62 -3.38

(0.40) (0.12) (0.17) (0.15) (0.31) (0.25) (0.15)

Elapsed 23-29 -5.55 -2.83 -3.25 -4.19 -5.29 -4.97 -3.57

(0.38) (0.12) (0.18) (0.15) (0.30) (0.25) (0.15)

Elapsed 30-40 -6.01 -3.05 -3.24 -4.18 -5.58 -5.02 -3.72

(0.39) (0.12) (0.18) (0.15) (0.30) (0.25) (0.15)

Elapsed 41-52 -4.10 -3.01 -3.45 -4.22 -5.70 -4.52 -3.33

(0.38) (0.12) (0.19) (0.16) (0.30) (0.25) (0.15)

Elapsed 53-104 (53 <) -5.43 -3.90 -3.93 -4.66 -6.51 -5.21 -4.22

(0.38) (0.11) (0.19) (0.15) (0.31) (0.24) (0.14)

Elapsed 105-156 . . . . -7.09 -5.47 -4.43

. . . . (0.32) (0.25) (0.15)

Elapsed 157 < . . . . -8.01 -5.68 -4.76

. . . (0.21) (0.24) (0.15)

Log(Wage) . . . . -0.15 -0.42 -0.13

. . . . (0.04) (0.03) (0.03)

Entry Year dummies:

1993-1997 0.25 0.08 0.04 0.01 0.07 -0.07 0.07

(0.10) (0.04) (0.07) (0.05) (0.09) (0.08) (0.04)

1998-1999 0.26 0.18 0.07 0.02 -0.08 0.12 0.14

(0.15) (0.07) (0.11) (0.08) (0.15) (0.13) (0.06)

2000-2003 0.49 0.23 0.12 -0.06 0.01 0.29 0.19

(0.17) (0.08) (0.13) (0.08) (0.17) (0.14) (0.07)

Age group:

26-31 years 0.07 -0.16 -0.01 0.02 -0.01 -0.06 -0.15

(0.07) (0.03) (0.05) (0.03) (0.07) (0.06) (0.03)
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Table 1.8: Estimation results for women (Std. Err.). Part 2/4.

O → E O → U U → E U → O E → U E → O E → E

32-55 years -0.03 -0.07 -0.09 0.03 -0.26 -0.30 -0.23

(0.08) (0.04) (0.06) (0.04) (0.08) (0.07) (0.04)

Unemployment rate* -0.51 0.30 -0.47 -0.27 0.39 0.43 -0.32

(0.18) (0.07) (0.11) (0.07) (0.15) (0.14) (0.07)

Year dummies:

1993-1997 0.10 -0.35 -0.01 0.13 -0.24 0.10 -0.01

(0.11) (0.04) (0.07) (0.04) (0.09) (0.08) (0.04)

1998-1999 -0.24 -0.45 -0.10 0.12 -0.01 0.08 -0.20

(0.15) (0.06) (0.11) (0.07) (0.13) (0.11) (0.06)

2000-2003 -0.52 -0.43 -0.27 0.06 -0.07 -0.07 -0.18

(0.17) (0.07) (0.13) (0.07) (0.16) (0.13) (0.07)

Occurence dependence:

Cumulative no. of spells

before previous spells

O 0.06 0.00 0.01 0.00 -0.12 -0.01 -0.01

(0.04) (0.02) (0.02) (0.01) (0.03) (0.03) (0.02)

U 0.02 0.02 0.02 0.06 0.14 0.03 0.00

(0.04) (0.01) (0.02) (0.02) (0.03) (0.03) (0.01)

E 0.01 -0.01 0.05 0.02 0.03 0.03 0.07

(0.04) (0.01) (0.01) (0.01) (0.02) (0.01) (0.01)

Previous spell

O . . -0.84 0.52 -0.14 0.38 -0.41

. . (0.06) (0.07) (0.12) (0.10) (0.06)

U -0.07 0.79 . . 0.38 0.50 -0.03

(0.09) (0.04) . . (0.09) (0.09) (0.04)

E -0.23 -0.11 0.32 -0.33 -0.20 0.24 -0.19

(0.09) (0.06) (0.06) (0.09) (0.09) (0.08) (0.03)

Lagged duration dependence:

Cumulative duration of spells

before previous spell**

O -0.11 -0.05 -0.14 0.00 0.06 0.24 0.00

(0.08) (0.03) (0.06) (0.03) (0.08) (0.07) (0.04)

U -0.25 0.05 -0.37 -0.20 0.29 0.10 -0.09

(0.08) (0.03) (0.05) (0.02) (0.06) (0.07) (0.04)

E 0.06 0.04 -0.04 0.00 -0.15 -0.12 -0.07

(0.04) (0.02) (0.03) (0.02) (0.04) (0.03) (0.02)

*Measured in fractional difference from the mean of the observed period.

**Measured in weeks/100.
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Table 1.8: Estimation results for women (Std. Err.). Part 3/4.

O → E O → U U → E U → O E → U E → O E → E

Duration of previous spell**

O . . -0.13 -0.36 -0.35 0.25 -0.02

. . (0.11) (0.06) (0.23) (0.11) (0.09)

U -0.81 -0.13 . . 0.57 0.65 -0.43

(0.19) (0.05) . . (0.19) (0.14) (0.15)

E 0.12 -0.35 -0.07 0.05 -0.54 -0.19 -0.10

(0.05) (0.04) (0.06) (0.08) (0.08) (0.05) (0.02)

Non-Danish:

Elapsed duration in weeks

Elapsed 0-8 -0.61 -0.28 -0.88 -0.24 -0.01 -0.17 -0.15

(0.19) (0.05) (0.19) (0.06) (0.24) (0.46) (0.14)

Elapsed 9-29 -0.25 -0.09 -1.05 -0.09 -0.12 0.51 -0.21

(0.15) (0.07) (0.13) (0.06) (0.26) (0.19) (0.13)

Elapsed 30-104 -1.11 -0.31 -1.36 -0.07 0.51 0.59 0.02

(0.13) (0.07) (0.18) (0.08) (0.21) (0.16) (0.10)

Elapsed 105 < -0.89 -0.24 -2.30 -0.39 0.64 0.62 -0.16

(0.14) (0.09) (0.27) (0.09) (0.26) (0.18) (0.12)

Education:

Medium

Elapsed duration in weeks

Elapsed 0-8 0.40 0.30 0.27 0.17 0.15 0.12 0.07

(0.14) (0.04) (0.11) (0.05) (0.14) (0.22) (0.08)

Elapsed 9-29 0.14 -0.18 0.29 -0.04 -0.14 -0.25 -0.25

(0.14) (0.05) (0.08) (0.05) (0.11) (0.12) (0.06)

Elapsed 30-104 0.41 0.11 0.68 0.19 -0.27 -0.19 -0.18

(0.11) (0.06) (0.11) (0.07) (0.12) (0.11) (0.06)

Elapsed 105 < 0.17 0.02 1.23 0.33 -0.07 -0.08 -0.09

(0.14) (0.08) (0.15) (0.09) (0.16) (0.10) (0.06)

High

Elapsed duration in weeks

Elapsed 0-8 0.74 0.36 0.76 0.06 0.33 -0.18 0.18

(0.15) (0.05) (0.11) (0.06) (0.15) (0.25) (0.08)

Elapsed 9-29 0.44 -0.12 0.61 -0.09 -0.20 -0.53 -0.20

(0.14) (0.07) (0.09) (0.06) (0.13) (0.14) (0.06)

Elapsed 30-104 0.62 0.01 0.75 0.05 -0.62 -0.41 -0.08

(0.12) (0.08) (0.12) (0.09) (0.14) (0.12) (0.07)

Elapsed 105 < 0.33 0.07 0.79 0.57 -0.52 -0.34 0.04

(0.16) (0.10) (0.21) (0.11) (0.18) (0.11) (0.06)

**Measured in weeks/100.

40



Table 1.8: Estimation results for women (Std. Err.). Part 4/4.

O → E O → U U → E U → O E → U E → O E → E

Copenhagen area:

Elapsed duration in weeks

Elapsed 0-8 0.23 -0.04 -0.11 -0.06 0.11 0.25 0.09

(0.12) (0.04) (0.09) (0.05) (0.11) (0.19) (0.05)

Elapsed 9-29 0.21 0.02 0.00 -0.03 -0.38 -0.21 0.21

(0.12) (0.06) (0.07) (0.06) (0.12) (0.12) (0.05)

Elapsed 30-104 0.13 -0.02 -0.18 -0.18 -0.39 -0.06 0.16

(0.10) (0.06) (0.10) (0.07) (0.13) (0.10) (0.05)

Elapsed 105 < 0.12 0.07 0.26 -0.52 -0.27 0.10 0.38

(0.14) (0.09) (0.16) (0.08) (0.15) (0.08) (0.04)

Unobserved heterogeneity

Type 2 0.87 -1.12 0.01 0.22 0.34 0.26 0.08

(0.30) (0.05) (0.08) (0.09) (0.21) (0.20) (0.07)
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Table 1.9: Estimation results from wage hazards (Std. Err.)

Men Women Men Women Men Women

Elapsed duration in log(wages): Occurence dependence: Education:

Elapsed < 3.50 -1.99 -2.02 Cumulative no. of spells Medium

(0.06) (0.07) before previous spell Elapsed duration in log(wages)

Elapsed 3.50-3.98 -0.70 -0.44 O -0.01 -0.02 Elapsed < 4.29 -0.69 -0.27

(0.06) (0.07) (0.01) (0.01) (0.03) (0.03)

Elapsed 3.98-4.08 0.35 0.90 U 0.02 0.02 Elapsed 4.29-4.60 -0.21 0.11

(0.06) (0.07) (0.01) (0.01) (0.03) (0.04)

Elapsed 4.08-4.18 1.03 1.55 E 0.00 0.00 Elapsed 4.60 < 0.07 0.43

(0.06) (0.07) (0.00) (0.01) (0.06) (0.07)

Elapsed 4.18-4.235 1.32 2.03 Previous spell High

(0.06) (0.07) O -0.26 -0.18 Elapsed duration in log(wages)

Elapsed 4.235-4.29 1.64 2.40 (0.04) (0.04) Elapsed < 4.29 -1.72 -1.34

(0.06) (0.07) U -0.30 -0.32 (0.04) (0.03)

Elapsed 4.29-4.33 1.55 2.13 (0.03) (0.04) Elapsed 4.29-4.60 -0.88 -0.44

(0.06) (0.08) E -0.28 -0.31 (0.04) (0.04)

Elapsed 4.33-4.37 1.79 2.30 (0.02) (0.03) Elapsed 4.60 < -0.31 -0.33

(0.06) (0.08) Lagged duration dependence: (0.04) (0.07)

Elapsed 4.37-4.41 1.92 2.44 Cumulative duration of spells Non-Danish:

(0.06) (0.08) before previous spell* Elapsed duration in log(wages)

Elapsed 4.41-4.45 2.05 2.54 O 0.04 0.15 Elapsed < 4.29 0.21 0.22

(0.06) (0.08) (0.03) (0.02) (0.05) (0.05)

Elapsed 4.45-4.485 2.17 2.72 U 0.02 0.04 Elapsed 4.29-4.60 0.05 0.01

(0.07) (0.08) (0.03) (0.03) (0.05) (0.07)

Elapsed 4.485-4.52 2.28 2.81 E -0.12 -0.10 Elapsed 4.60 < -0.38 -0.31

(0.07) (0.08) (0.01) (0.01) (0.07) (0.13)

Elapsed 4.52-4.56 2.40 2.75 Duration of previous spell* Copenhagen area:

(0.06) (0.08) O -0.01 -0.03 Elapsed duration in log(wages)

Elapsed 4.56-4.60 2.54 2.84 (0.08) (0.05) Elapsed < 4.29 -0.07 -0.30

(0.07) (0.08) U 0.09 -0.21 (0.03) (0.03)

Elapsed 4.60-4.65 2.34 2.25 (0.10) (0.10) Elapsed 4.29-4.60 -0.20 -0.28

(0.07) (0.10) E -0.14 -0.10 (0.03) (0.03)

Elapsed 4.65-4.70 2.43 2.20 (0.01) (0.02) Elapsed 4.60 < -0.10 0.01

(0.07) (0.10) Entry Year dummies: (0.03) (0.04)

Elapsed 4.70-4.75 2.56 2.08 1993-1997 0.06 0.05 Unobserved heterogeneity

(0.07) (0.10) (0.03) (0.03) Type 2 -0.80 -0.85

Elapsed 4.75-4.785 2.67 2.30 1998-1999 0.11 0.04 (0.02) (0.02)

(0.07) (0.10) (0.04) (0.05)

Elapsed 4.785-4.87 2.80 2.34 2000-2003 0.31 0.14

(0.07) (0.10) (0.05) (0.06)

Age group: Year dummies:

26-31 years -0.15 -0.33 1993-1997 0.02 0.12

(0.02) (0.02) (0.03) (0.03)

32-55 years -0.22 -0.37 1998-1999 0.03 0.13

(0.03) (0.04) (0.04) (0.05)

Unemployment rate** 0.06 0.06 2000-2003 0.02 0.12

(0.04) (0.05) (0.05) (0.06)

*Measured in weeks/100. **Measured in fractional difference from the mean of the observed period.
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1.C Distribution of the unobservables

Table 1.10: Distribution of the unobservables

Men Women

P (vu1, ve1, vo1, vw1) 17% 2%

P (vu1, ve1, vo2, vw1) 11% 1%

P (vu1, ve2, vo1, vw1) 4% 0%

P (vu1, ve2, vo2, vw1) 4% 1%

P (vu2, ve1, vo1, vw1) 7% 1%

P (vu2, ve1, vo2, vw1) 10% 59%

P (vu2, ve2, vo1, vw1) 3% 1%

P (vu2, ve2, vo2, vw2) 8% 1%

P (vu1, ve1, vo1, vw2) 3% 0%

P (vu1, ve1, vo2, vw2) 4% 9%

P (vu1, ve2, vo1, vw2) 8% 1%

P (vu1, ve2, vo2, vw2) 6% 17%

P (vu2, ve1, vo1, vw2) 3% 0%

P (vu2, ve1, vo2, vw2) 5% 5%

P (vu2, ve2, vo1, vw2) 3% 0%

P (vu2, ve2, vo2, vw2) 5% 1%
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1.D Baseline transition rates
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1.E Simulation algorithm

Once the parameter estimates from the hazard functions have been determined, the event

history and the wages implied by these parameter estimates can be simulated using the following

algorithm.

1. Draw a vector of parameter estimates assuming normality around the estimates given the

estimated variance-covariance matrix.

2. Generate 1000 individuals by drawing 1000 times from the empirical distribution of initial

observable characteristics, initial states and from the estimated distribution of unobserv-

able characteristics.

3. When the state is employment, the wage is predicted based on observable and unobserved

characteristics.

4. The predicted transition hazard functions are computed.

5. Each year after entry, the year, age, unemployment rate and in turn the wage and tran-

sition rates are updated.

6. Every time a spell is ended, the lagged duration and occurrence dependence are updated.

7. The simulation is stopped for a predicted event history when the year reaches the time

of right censoring in the data.

8. The steps 1 to 7 are repeated 200 times in order to construct Monte Carlo confidence

intervals.
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1.F Employment shock

1.G Policy for long-term unemployed
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Chapter 2
Intergenerational Poverty in the Land of Equal

Opportunity?
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Abstract

In this paper it is found that people with poor parents have a lower income than

people with non-poor parents over the entire income distributions, but that the gap in

income is heavily skewed to the left of the distribution. Decompositions reveal that the

gap in parental educational levels and labor market status matters for the income gap,

but that a gap persists even after accounting for parental characteristics.

It is found that the higher poverty rate for people with poor parents can be traced

back to a higher transition rate into poverty, and that previous adulthood experiences of

poverty is important for transitions in and out of poverty.
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mark; Phone: +45 8716 5324; E-mail: rlesner@econ.au.dk.

49



2.1 Introduction

The growing income inequality in recent years in many western countries has raised the im-

portance of a more careful focus on the effect of inequality on the performance of the next

generation (OECD (2011)). If the poverty of parents greatly affects the opportunity of their

children, then this might be an important source of labor market inefficiency and lack of fair-

ness1. Henceforth, there might be much to gain by intervening in this process, however if an

intervention is to be effective, more knowledge on the intergenerational spillovers has to be

gathered.

In the literature (e.g. Jäntti et al. (2006)) it is often found that the intergenerational so-

cial mobility in the Nordic countries is high compared to other western countries. However,

Björklund et al. (2012) and Bonke et al. (2011) show that the intergenerational income corre-

lation is much higher at the top of the income distribution in the Nordic countries. This paper

follows Björklund et al. (2012) and Bonke et al. (2011) by looking into the intergenerational

income correlation on a distributional level. The focus will however be on the intergenerational

persistence of poverty and thus the bottom of the income distribution.

Growing up in a family at the bottom of the income distribution might have very different

effects on different individuals. From a policy perspective it is important to know whether the

intergenerational poverty spillovers often found at the mean in the literature (Haveman and

Wolfe (1994), Corcoran (1995), Gregg and Machin (2000), Corcoran (2001), Musick and Mare

(2006), Airio et al. (2004) and Blanden and Gibbins (2006)) is due to a small group, who are

largely affected, or if it is an uniform effect on all individuals, who grow up in poor families.

This type of question requires an analysis on a distributional level. The contribution of this

study is to provide such an analysis.

Additionally, this paper tries to point to potential underlying mechanisms, which can explain

the intergenerational poverty spillovers. This is done based on the model by Becker and Tomes

(1979). The study will not claim to estimate causal effects, however the study can be seen as

an attempt to confront the implied mechanisms from theory with the observed correlations. In

order to obtain insights on these mechanisms various decompositions of the income gap between

people with poor parents and people with non-poor parents are performed.

In Corcoran and Adams (1997) and Blanden and Gregg (2004) it is investigated which

characteristics of the poor parents have an impact on their children’s outcomes. They find that

the difference in educational levels between poor parent and non-poor parent seems to be one

of the main contributors to the negative effect of an upbringing in a poor family. A noticeable

1Much experimental literature points to the importance of people’s perception of what is fair in their decision
making (Kahneman et al. (1986a), Kahneman et al. (1986b), Sen et al. (1995), Bolton and Ockenfels (2000)
and Falk et al. (2003)). In Norton and Ariely (2011) people were asked to choose between different income
distributions. In the experiment people overwhelmingly chose very equal income distributions similar to the
ones seen in the Scandinavian countries.
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result from Cocoran and Adams (1997) is however that when controlling for parental education,

occupation, neighborhood effects and others, the negative effect on income prevails.

In line with these papers the role of parental characteristics will be studied. Since the de-

composition in this paper is done on a distributional level, this will further add to the literature.

As in Corcoran and Adams (1997) the possible existence of a direct effect of intergenerational

poverty, which do not go through parental characteristics, will also be examined.

While this study focuses on the effect of intergenerational poverty spillovers on the individual

position in the income distribution and the role of parental characteristics, a wide range of

papers have looked at short run outcomes of the child. These studies might contain some of

the explanations for gap in later life labor market performance. In Currie and Hyson (1999) it

is found that children from low income families have lower birth weights. Korenman and Miller

(1997) find lower height-for-age for children from poor families and in Bonnie et al. (1999) it

is found that children of low income families have higher infant mortality rates. Evidence from

Currie et al. (2004) and Case et al. (2002) suggests that children from poor households have

inferior health, and higher levels of behavioral problems are reported in Duncan et al. (1994)2.

There is a wide range of papers finding evidence that children raised in poor households have

less success in school (Haveman and Wolfe (1994), Haveman and Wolfe (1995), Haveman et al.

(1997), Blanden and Gregg (2004), Duncan et al. (1998), Ermisch et al. (2001), Björklund et

al. (2004), Maurin (2002) and Teachman et al. (1997)). This line of research seems to suggest

that an upbringing in a poor family affects children through many different channels, which

may have potential long run consequences.

In this paper it is found that people with poor parents have a lower income than people with

non-poor parents over the entire income distributions, but that the gap in income is heavily

skewed to the left of the distribution. This result indicates that, while there seem to persist a

uniform effect of childhood poverty, much of the observed effect at the mean often mentioned in

the literature seem to be due to a group of individuals with poor parent performing significantly

worse than there counterpart with non-poor parents.

The results on the decomposition of the income gap indicate that both the gap in educational

levels and the gap in labor market status matter for the gap in incomes between people with

and without poor parents, and that the relative importance of these characteristics differs over

the income distributions. While these results are in line with the literature (Corcoran and

Adams (1997) and Blanden and Gregg (2004)) the variation over the income distribution adds

new insights.

The distributional aspect of the gap in incomes and in the explanatory power of the observed

characteristics leads to the concern that an empirical focus on the mean income gap can be

problematic. By focusing on the mean income gap an assumption of preference for equal weights

2Duncan et al. (1994) survey the literature on childhood poverty and early childhood development.
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on each point in the income distribution is implicitly imposed. The results in this paper indicate

that applying this assumption could heavily distort any potential political conclusions. Without

available preferences from the policy maker, the less restrictive focus on a distributional level

will be a more appropriate empirical measure of the income gap.

In order to obtain some insight on how the intergenerational transmission mechanism works,

the role of the endowments of the child as adult is analyzed. This is done by including the

observed characteristics of the child as adult in the estimation of the income gap. By doing so

it is found that once child characteristics are included, parental characteristics lose almost all

their explanatory power. This can be seen as an indication that parental characteristics affects

the income of the child through the characteristics of the child.

The transition mechanism of endowments between parents and children is also analyzed.

Studying this it is found that a gap in the return to characteristics between people with and

people without poor parents is present for a large share of the observed characteristics.

The model by Becker and Tomes (1979) suggests that there may be a gap in income between

people with and without poor parents even when accounting for the gap in endowments between

the two groups. This is also in line with the previous mentioned result in Cocoran and Adams

(1997). Using the method of matching the empirical results in this paper suggests that such a

gap may indeed exist.

Finally the paper looks into the dynamic aspect of poverty. This is done by estimating the

transition rates in and out of poverty for individuals with poor parents and for individuals with

non-poor parents separately. From a policy perspective it will be important to know, if the

observed higher rate of poverty among people with poor parents than people with non-poor

parents can be traced back to a higher transition rate into poverty or a lower transition rate

out of poverty. These explanations can have substantially different policy implications.

A line of literature (Bane and Ellwood (1986), Stevens (1999) and Devicienti (2011)) has

looked into the persistent effects of poverty by estimating duration models and focusing on the

duration dependence. Other papers (Jarvis and Jenkins (1997), Stewart and Swaffield (1999),

Cappellari (2007) and Cappellari and Jenkins (2004)) have focused on the Markovian depen-

dence in a binary choice setup. This paper adds to the literature by incorporating the effects of

previous poverty history on the present transition rates into or out of poverty. This is done by

introducing a state dependence setup based on Heckman and Borjas (1980). Additionally, this

paper adds to this line of research by linking it to the literature on intergenerational poverty

spillovers. This is done by comparing the transition rates for people with poor parents with

those with non-poor parents.

The results indicate that the higher poverty rate for people with poor parents is mainly

explained by a higher transition rate into poverty. The transition rate out of poverty is also

higher for people with poor parents, which could indicate a learning mechanism from growing
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up in poverty. It might however also be a result of higher ability individuals among those

with poor parents ending up in poverty. Similar to Bane and Ellwood (1986), Stevens (1999)

and Devicienti (2011) it is found that duration dependence in the state of poverty seem to

be an important factor. It is found that besides education, labor market status and external

factors such as changes in the national unemployment rate, the role of previous adulthood

experiences of poverty seems to be a non-neglectable factor. This result is related to the

Markovian effects found in Jarvis and Jenkins (1997), Stewart and Swaffield (1999), Cappellari

(2007) and Cappellari and Jenkins (2004). However the inclusion of earlier poverty history

adds to the literature. The result can be seen as an indication that the experience of poverty

not only have a persistent effect if it appears during childhood, but also when it appears later

in life.

2.2 Illustrative model

In the following a slightly modified version of the simple model in Solon (1999) based on the

classic model in Becker and Tomes (1979) is used to provide a foundation for the empirical

exercises in this paper.

In the model the parents can be seen as an entity which is faced with the decision choice

of choosing between consumption and investment in the child. The choice is based on the

Cobb-Douglas utility function:

U = (1− α)Log(Ct−1) + αLog(yt), (2.1)

where subscript t and t−1 denote child and parents, respectively. The utility function illustrates

that parents gain utility from consumption (Ct−1) and from the income of the child (yt), where

α denotes the relative preference of the parents for income of the child versus consumption.

The parents are subject to the following budget constraint:

yt−1 = Ct−1 + It−1, (2.2)

which limits the expenditures of the parents and allows for the use on consumption and on

investment in the child (It−1). Furthermore the income of the child will be given by the

investment technology:

yt = γtEt + (1 + r)It−1 + ut. (2.3)

This investment technology gives the income of the child as adult as a function of the

discounted investment of the parents ((1 + r)It−1) and a vector of observed endowments of the

child as adult (Et) and the return to each of these endowments (γ). Each endowment i ∈ [1,M ]

is given by a transition mechanism of the following structure:

Ei
t =

M∑
j=1

βi,jEj
t−1 + vit, (2.4)
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where the level of endowment i of the child as adult is given by the endowments of the parents,

the relative importance of each of these (βi,j) and the term vit, which in Becker and Tomes

(1979) is described as ’market luck’. Market luck will in this context include all inputs not

covered by the endowments of the parents.

Solving this simple system gives an equation describing the intergenerational income corre-

lation:

yt = α(1 + r)yt−1 + αγtβEt−1 − ut + α(ut − vt), (2.5)

where β is an MxM endowment correlation matrix.

Assuming two types of parents split by the family income threshold ȳt, parents with fam-

ily income below ȳt are defined as poor (P ) and parents with family income above defined

as non-poor(NP ). Poor and non-poor parents are allowed to have different distributions of

endowments, different return to and transitions of endowments and different preferences. The

income gap between people with poor parents and people with non-poor parents can now be

illustrated as:

yNPt − yPt = (1 + r)
(
αNPyNPt−1 − αPyPt−1

)
(2.6)

+αNPγNPt βNPENP
t−1 − αPγPt βPEP

t−1

+νNPt − νPt ,

where νt = α(ut − vt)− ut.
This simple equation illustrates that there might be several mechanisms through which a

gap in income between people with and without poor parents could be induced. The first part

shows that a direct effect through the income gap of the parents could persist. The second

shows that a gap in income could be induced by a gap in endowments, differences in the return

to these endowments and differences in the transition of these endowments. Finally the third

part points to the importance of taking the gap in unobserved characteristics of the children

into account.

While this simple equation is desirable in a theoretical setting, it will be hard to identify

empirically since the family income of the parents is given by the endowments of the parents

as in equation (2.3). Including this relation in the system the gap in income between people

with and without poor parents can be described as:

yNPt − yPt = (1 + r)
(
TNP − T P

)
(2.7)

+δNPENP
t−1 − δPEP

t−1

+νNPt − νPt ,

where T = (1 + r)It−2 + ut−1 represents the transfer from parents to child which is not bound

in the endowment of the parents and δ = α (γt−1 (1 + r) + γtβ) is a parameter describing the
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complex way parental endowments affect the income of the child as adult3.

In this paper this final equation will be analyzed empirically. This will be done in three

steps. First the δ values for different endowments of the parents will be compared by bunching

the T values in the unobservable together with the ν values. Secondly the two different paths

where the endowments of the parents can affect the income gap of the children as adults will

be compared by looking into the following equation:

yNPt − yPt = αNPγNPt−1 (1 + r)ENP
t−1 − αPγPt−1 (1 + r)EP

t−1 (2.8)

+γNPt ENP
t − γPt EP

t

+(1 + r)
((
TNP + νNPt

)
−
(
T P + νPt

))
By including the actual endowment of the children as adults in the equation the role of

the endowment of the parents not going through the endowment transition mechanism can be

assessed.

Thirdly the importance of the T values will be assessed by constructing a control group by

matching on the endowments of the parents and hereafter invoking the conditional independence

assumption, so that the gap in ν values can be omitted. A comparison of the incomes of people

with poor parents and those from the control group will give an indication of the size of the

gap in the T values.

Finally the endowment transition mechanism in this section described by equation (2.4) will

be analyzed by looking into the correlation between the endowments of the parents and the

endowments of the child as adult. This will be done for each of the endowments of the child

as adult separately. The analysis will allow for a gap between people with and without poor

parents both directly and in terms of return to endowments. This will be done by looking into

the following equation for each endowment i:

Ei
t = (1−Dt−1)

(
M∑
j=1

βNP,i,jEj
t−1 + vNP,it

)
+Dt−1

(
M∑
j=1

βP,i,jEj
t−1 + vP,it

)
(2.9)

m

Ei
t =

M∑
j=1

βNP,i,jEj
t−1 +Dt−1

M∑
j=1

(
βP,i,j − βNP,i,j

)
Ej
t−1 +Dt−1

(
vP,it − v

NP,i
t

)
+ vNP,it ,

where Dt−1 is a dummy variable describing if a person has poor parents.

The empirical results in this paper provide insight on the gap in income between people with

and without poor parents carefully keeping the above described model setup in mind, however

since reasonable identification of these different effects is hard to come by, causality cannot

be claimed on the basis of the empirical findings. Keeping the illustrative model in mind will

however give some intuition for the observed correlations.

3It−2 represent the investment in the parents by the grandparents.
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2.3 Data

The data set used in this paper comes from the data register IDA (Integrated Database for

Labor Market Research), which is provided by Statistics Denmark. IDA is a matched employer-

employee longitudinal database including yearly socioeconomic information on all Danes. The

register has information from 1980 and is still being updated. The version used in this paper

includes data from 1980 to 2010.

2.3.1 Sample selection

From the IDA database the data set used in this paper was constructed in the following way.

The sample used consists of a cohort of people in the age group 33 to 35 in 2010. These

people are followed from labor market entry until the last year of observation in 2010, where

everyone is right-censored. The cohort is chosen such that people can be observed during a

part of their labor market carrier and that information of their parents’ disposable income can

be retreated during a large part of their childhood. In this sample the disposable income of the

parents was observed each year between the child’s age of 5 to 144.

Furthermore people were only included in the sample from the time where they no longer

lived with their parents and had finished their highest level of education. The assumption on

education is chosen in order to exclude students from the sample. This is done recognizing

that a large number of students are poor, however the poverty of students are considered as

being different than the rest of the poverty since it can be seen as a temporary and calculated

individual investment.

In Basu and Segalman (1981) the state of poverty is split into three. The transitory poor,

the marginally poor and the residually poor, where the residually poor are a group of individuals

and families who remain in poverty through long continued periods of time. For this group

the prospect of a transition out of poverty is unlikely and the transmission of poverty between

generations is high. The marginally poor consist of people who live on the knife-edge between

poverty and a normal life. This group is highly affected by shocks to the economy and to policy

interventions. The last group, named the transitory poor is a group of temporarily poor for

whom the state of poverty is temporary and somewhat by choice. This group consists primarily

of students, who at some point will move out of poverty. In this study the temporarily poor

will not be of interest and is therefore deleted for the sample.

Lastly, people for whom the disposable income of their parents are unknown at the ages

between 5 and 14 are also excluded. This selection primarily excludes immigrating children.

For the main results of the paper the analyses were restricted to the years 2009 and 2010

where the individuals were between 32 and 35 years old. In the literature it is suggested that

4Data samples with different observation windows were used in the estimation process with similar results.
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using the income in the ages between 30 and 40 is a reasonable way to proxy lifecycle income

(Jenkins (1987), Grawe (2006) and Haider and Solon (2006)). The reason for including two

years of data is to obtain identification in the empirical model. For use in the estimations two

random samples were drawn each consisting of 15,000 individuals. The first sample includes

people with poor parents and the second include people with non-poor parents5.

In order to analyze transitional dynamics two samples consisting of 10,000 individuals each

were constructed. The first sample includes individuals with poor parents and the second

include individuals with non-poor parents. These individuals were followed from labor market

entry to 2010, where they were right-censored. Individuals who could not be followed from

entry to the end of the observation period were excluded.

2.3.2 Measuring poverty and parental poverty

In this paper the effect of being raised in a poor household is examined. This means that one

has to be very careful when defining the poverty selection variable. This variable is defined on

the basis of the individual disposable income. The disposable income is available for all Danes

in the IDA database provided by Statistics Denmark. It is a measure including all incomes such

as wages, transfers and interest excluding taxes. The measure is designed such that it mirrors

the available income for consumption and savings for the individual.

Since the emphasis of this paper is on poverty, the disposable income needs to be made

comparable across household structures. In this paper the so-called OECD-modified scale is

applied6. The scale assigns a value of 1 to single households without children, a value of

0.5 for each additional adult and a value of 0.3 for each additional child in the household(
total household income

1+0.5∗adults+0.3∗children

)
. This definition allows marriage to be an insurance against individual

poverty and takes public goods in the household into account.

Figure 2.1 shows a contour plot of the bivariate density of parents and individual position

in the disposable income distribution7. From this figure it can be seen that an intergenerational

correlation in income is present and that this correlation seems to have the shape of a saddle

path, where the correlation is highest at the bottom and at the top of the income distribution. A

similar intergenerational relationship is mentioned in Corak and Heisz (1999) and Grawe (2004)

looking at earnings in Canada. In Eide and Showalter (1999) it is found that intergenerational

association is strongest at the bottom of the earning distribution in the U.S.A.. In Couch and

Lillard (2004) it is found to be strongest at the top of the income distribution in the case

of Germany. The high correlation at the top of the income distribution has previously been

5Parental poverty is defined in the next section.
6The OECD-modified equivalence scale was first proposed in Hagenaars et al. (1994) and is the standard

in EUROSTAT. See Atkinson et al. (1995) for a survey of some frequently used equivalence scales.
7Parental income is measured as average income during the child’s age from 5 to 14 and the income of the

individual is collected in 2010.
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investigated in the Nordic countries in Björklund et al. (2012) and Bonke et al. (2011). In this

paper the focus will be on the high correlation at the bottom of the income distribution.

Based on this variable of disposable income a person is defined as being poor if he has a

disposable income which is below 50 percent of the median income of the entire population

between the age of 18 and 558. Notice that this measure of poverty is a relative measure. It

depends on the shape and the individual position of the income distribution. The advantage of

this measure is its simplicity and that it follows the dynamics of the income of the rest for the

country. This makes it easy to interpret the results from the model and to avoid any politically

loaded arguments on the selection of poverty.

Arguments for a relative measure of poverty can also be found in the sociological literature,

where in Townsend (1979) it is defined as: ”Individuals, families and groups in the population

can be said to be in poverty when they lack the resources to obtain the type of diet, participate

in the activities and have the living conditions and the amenities which are customary, or at

least widely encouraged or approved in the societies to which they belong. Their resources are

so seriously below those commanded by the average family that they are in effect excluded

from the ordinary living patterns, customs, and activities.” This definition has later become

8A measure of poverty, where poverty was defined as being below 60 percent of the median income was also
used.
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the baseline for defining poverty and such relative poverty measures are now used in OECD,

EUROSTAT and Danish Economic Councils9.

On the basis of this poverty measure a parental poverty selection variable was constructed.

A person is defined as being raised in a poor household if his parents were poor for at least

half of the years between the child’s age of 5 to 14. This definition is used in order to avoid

defining temporarily poverty as poverty, since the effects of being raised in a temporarily poor

family might be very different from the effect of persistent poverty (Solon (1992), Zimmerman

(1992), Lee and Solon (2009)).

Studies such as Haveman et al. (1997), Korenman and Miller (1997) and Teachman et al.

(1997) show that having experienced many years of poverty during ones upbringing is more

negatively associated with outcomes later in life than shorter periods of poverty. However,

the choice of measuring parental poverty between the child’s age of 5 to 14 might decrease

the measured effect since studies such as Duncan et al. (1998) have shown that early poverty

matters more than poverty later in the upbringing because cognitive development is more

responsive to investment in the early years.

Another concern in the identification is that the measured effect is a combination of the

effect of inherited abilities and childhood nurture. However, since the paper aims at measuring

the total effect of being raised in a poor household, this concern will not be relevant for the

results in this paper10.

2.3.3 Explanatory variables

In the empirical estimations a series of explanatory variables are used. These variables can

be split into two types: variables describing individual characteristics and variables describing

parental characteristics. The characteristics of the parents are all observed and used in the

empirical model at the time when the child was five years old.

Education is chosen to be described as being in one of three groups: low, medium or high,

where the educational group refers to the highest level of education of an individual. The

low educational group contains all basic education such as elementary school and high school.

The medium educational group contains people with vocational educations and other skilled

workers. The high educational group consists of all people with a higher degree. For example

undergraduates and graduates.

9Other areguments can be found in Rainwater (1972) who asserts that the social psychology of the materi-
alistic society requires that in order to live out prescribed identities a certain level of material wealth is needed,
and that this wealth barrier is proportional to the technological stage of the society. In Milner (1972) the term
status inflation is defined to reflect the decrease in social value attributed to a given level of absolute income.
The point being that it is not the absolute income, but the relative income that determines a person’s social
status and thereby affects individual wellbeing.

10In reality a decomposition into the effect of nature versus nurture is in many ways just a convenient
abstraction since cognitive skills are developed both ex-ante and ex-post of birth.
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The employment status is split into four groups. A person is said to be in a high-end job

if he/she is employed as a CEO or as a high ranking executive. A regular worker is defined

as all wage-earners not included in the first group. If a person is observed not having a job,

then he/she will be categorized as being non-employed. Finally people who are self-employed

or cases where the job-status is not available are included in the group labeled self-employed

or unobserved.

In Table 2.1 descriptive statistics can be found for some of these explanatory variables. The

table is split by parental income group, such that a mean value appears for each parental income

group for each explanatory variable. The table can therefore give some insight on differences

in explanatory variables between people with and without poor parents.

In the table the total number of people in each group is displayed. From these numbers it

can be seen that about 7% of the total sample has poor parents. Similar it can be seen that a

higher fraction of those with poor parents are poor in 2010. From the observable characteristics

of the individuals it can be seen that people with and without poor parents seem to look similar.

There are however some minor differences; people with poor parents seem to be less educated,

have higher unemployment rate, less labor market experience and are less likely to have a

high-end job. These differences in characteristics could all potentially drive a gap in disposable

income between people with and without poor parents.

Turning to information on the parents. The educational level of the parents seem strongly

related to the parental income groups such that poor parents are much less educated. It can

also be seen that the parents in non-poor families are much more likely to be living together

and that the father is much more likely to have the security of a UI-fund membership.
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Table 2.1: Descriptive statistics split on parental income group

Variables (Mean): Poor parents Non-poor parents

Individual characteristics in 2010:

Fraction poor 0.08 0.05

Women 0.50 0.49

Married 0.52 0.53

Children in the household 0.68 0.70

Residence in the capital area 0.21 0.24

Labor market experience (years) 10.47 11.12

Employment status:

Regular worker 0.50 0.50

High-end job 0.25 0.30

Non-employed 0.18 0.15

Self-employed or unobserved 0.07 0.05

Educational group:

Low 0.20 0.16

Medium 0.41 0.41

High 0.39 0.43

Parental characteristics when the child was 5 years old:

Non-Danish parent 0.06 0.05

Siblings 0.61 0.79

Parents in the same household 0.64 0.85

Residence of the mother in the capital area 0.11 0.17

Father in part-time job 0.01 0.01

Mother in part-time job 0.18 0.32

Educational group of father:

Low 0.65 0.34

Medium 0.24 0.45

High 0.11 0.21

Educational group of mother:

Low 0.63 0.46

Medium 0.24 0.34

High 0.13 0.20

Employment status of father:

Regular worker 0.22 0.65

High-end job 0.05 0.14

Non-employed 0.09 0.09

Self-employed or unobserved 0.63 0.13

Employment status of mother:

Regular worker 0.37 0.67

High-end job 0.01 0.02

Non-employed 0.27 0.24

Self-employed or unobserved 0.35 0.06

UI-fund membership of the father (grouped):

Construction and industry 0.02 0.11

General workers 0.06 0.14

Public sector employees 0.01 0.06

Childcare, teachers and nurses 0.01 0.03

Trade and restaurants 0.01 0.02

Christian trade union 0.01 0.03

Engineers and business economists 0.01 0.02

Academics and masters 0.11 0.06

Other UI-fund 0.07 0.21

Fraction insured 0.31 0.68

Number of people 20,159 252,531
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2.4 Econometric model

In the following the empirical methods used in this paper are presented. First the duration

models used for the estimation procedures are described and thereafter the Oaxaca-Blinder

based decomposition method.

2.4.1 Disposable income distributions

In order to estimate the disposable income distributions a semi parametric method based on

Donald et al. (2000) is used. This model takes advantage of the simple transformation between

hazard functions and density functions and uses the results from the vast literature on spell-

duration models to estimate a flexible income hazard function and then transforming it into an

income distribution. The hazard function then becomes a tractable and flexible tool that can

be used to decompose the effect of various covariaties on the income distribution.

An alternative method that could be used in this framework is quantile regressions as

suggested in Buchinsky (1994). In Picchio and Mussida (2011) the quantile regression method

and the hazard function based method are compared and it is found that they yield very similar

results.

Other alternatives could be to divide the income distribution into small intervals and then

estimate an ordered probit model as in Fortin and Lemieux (1998) or use a kernel density

estimator with sample weights attached to each individual as in DiNardo et al. (1996). In the

case of a kernel density estimator the counterfactual would then be estimated by reweighting

the individual in accordance to their observable characteristics, and in the case of the ordered

probit model the counterfactual would be constructed by changing the covariaties and the

parameter estimates. Some of the disadvantages of the kernel density estimator compared to

the hazard function based method are that it has no straight forward way of providing standard

errors and that it does not provide a method for graphing the cumulative density function.

In the following the method used in this paper is described.

2.4.1.1 Model specification

Assuming that individual differences in the income distributions can be fully characterized by a

set of observed and unobserved characteristics (x, v). The income distribution can be described

by a positive random variable W with associated probability density function f(w|x, v) and

cumulative density function F (w|x, v) and the income hazard function becomes:

θ(w|x, v) =
f(w|x, v)

1− F (w|x, v)
=
f(w|x, v)

S(w|x, v)
,
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where S(w|x, v) is the survival function and θ(w|x, v) is the hazard function. That is θ(w|x, v)

is the probability of an event happening in this period given that it has not happened before.

The key insight from the equation above is that the hazard function is a simple transformation

of the probability density function. Because of this transformation and the conditioning nature

of the hazard function, the spell-duration literature offers an easy way of introducing flexibility

to the estimation of the probability density function. The income hazard function is simply

used as a tractable and flexible tool to consistently estimate the probability density function.

The hazard function used in this paper is assumed to be of a proportional structure, where

all individuals are assumed to have the same baseline hazard θ0(w). However in order to

relax this strong assumption, the covariaties β are allowed to affect the baseline hazard in

different ways over the income support Ω, so following Gritz and MaCurdy (1992) βp ∈ Ip,

with Ip ∈ ΩP = {I1, ..., IP}, where Ip is the 100 ∗ p
P

percentile of the unconditional income

distribution. In this paper the model is extended by allowing for a similar variation for the

difference between the unobserved types, so that vp ∈ Ip, with Ip ∈ ΩP = {I1, ..., IP}.
The baseline hazard is assumed to be piecewise constant over the income support in order

to avoid strict parametric assumptions11. This is done by splitting the income support into

J intervals with the first interval being all incomes within the lowest percentile of the income

distribution and the Jth interval being all incomes above the 99th percentile. The remaining

part of the income support from the first to the 99th percentile is then split into a finite number

of intervals of equal length. A parameter αj ∈ A, where A = {α1, ..., αJ} is then estimated

associated with each of these intervals Ij = [wj, wj+1), with Ij ∈ ΩJ = {I1, ..., IJ} 12. The

hazard function can then be specified as:

θ(w|x, v) = θ0(w)g(x, v) = exp

(
J∑
j=1

1 (w ∈ Ij)αj +
P∑
p=1

1 (w ∈ IP )x′βp +
P∑
p=1

1 (w ∈ IP ) vp

)
,

where 1 (.) is an indicator function.

J is chosen sufficiently large so that it captures the shape of the income distribution. P is

then chosen to minimize the Akaike Information Criterion (AIC). To understand this interval

choice it is worth noticing that in the extreme case where P is chosen to be equal to one, the

model simply transforms into a mixed proportional hazard model similar to the one used in

the spell-duration literature, and in the case where P is equal to J the estimation is the same

as estimating a separate histogram for each possible combination of covariaties.

Following Heckman and Singer (1984) the distribution of unobservables will be approxi-

mated by a bivariate discrete distribution with a fixed number of support points. In this paper

the distribution of unobserved types is assumed to has two support points with probability

masses pi = P (v = vi), i ∈ {1, 2}. The functional form assumption on the hazard function

11This type of baseline specification is discused in Meyer (1990).
12I1 = [0, w1) and IJ = [wJ ,∞).
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together with the variation in individual observable characteristics and the inclusion of two

years of data allows for the identification of the distribution of unobservables.

2.4.1.2 Likelihood function

The contribution to the likelihood function from an observation i in the workforce (W ), with

wi ∈ [wj, wj+1), xi and zi can be described as:

LWi
(
wi|xi, vi; ΘW

)
= P (wj ≤ wi < wj+1) = S (wj|xi, vi)− S (wj+1|xi, vi) ,

with S (wj|xi, vi) = exp

(
−
∫ wj

0

θ (s|xi, vi) ds
)
,

where ΘW is the set of parameters to be estimated.

From this it follows that S (0|xi, vi) = 1 and S (∞|xi, vi) = 0. Hence, the likelihood contri-

bution of an observation in the 99th percentile becomes S (wJ |xi, v) and the contribution from

an observation in the first percentile becomes 1− S (w1|xi, vi).
The log-likelihood function then becomes the sum of the equation above for all individuals.

2.4.2 Transitional dynamics

The econometric method used in this part of the paper is a multivariate mixed proportional

hazard method (see Van den Berg (2001) for a survey of this type of models). This method

makes it possible to analyze dynamics between different states on the labor market, and will

in this paper be applied to the dynamics between poverty and non-poverty (a ∈ {p, n}).
The hazard function to be estimated can for any given person be described as:

θa (t|x, ta, va) = λa(t)φa(x)ha(ta)va

In this paper the hazard function is chosen to be exponentially defined.

λa(t) is the baseline hazard at time t, which is the same for all individuals in a given state13.

The baseline hazard is assumed to be piecewise constant with an interval length of one year for

the first eight years in a state, and a constant baseline after more than eight years in the same

state.

The systematic part φa(.) is a continuous function which captures the individual effects from

the observable variables x, where x ∈ X ⊆ <n. The observable characteristics are introduced

in a flexible manner by allowing the effect of these characteristics to differ over time in a given

13Since the proportional hazard assumption has very little foundation in economic theory, one might find
this assumption problematic. To my knowledge, there is no identification result that allows for a more flexible
structure of the hazard function in this type of model. To address this concern, the model was separately
estimated for samples of individuals with different observable characteristics such as educational level and
region of residence.
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state. In particular the effect of observable characteristics is assumed constant for the first two

years in a state and is then allowed to change in year three and then again in year six in a given

state. ha(.) is a non-negative function capturing the effect of the entire event history from the

initial state up until the present spell. ha(.) is also allowed to differ over time in a given state

in a similar manner as the systematic part.

Finally, va is a vector of unobserved non-negative specific random variables. These are

constant over time but can differ between types and states. The selection on unobserved

heterogeneity will, in this paper, be accounted for by assuming that v is a random draw from

a discrete distribution with two support points for each state and flexible correlation between

these points. In order to identify the parameters of the model, a normalization is needed for

each state. In this paper this is done by fixing one of the support points in each state of the

unobserved distribution to zero. Given that the distribution of unobservables G is independent

of the observables, and that the baselines are positive continuous functions of t, then the

model is identified from the distribution of (T1,∆1, T2,∆2, ..., Tm,∆m)|x14. This identification

comes through individual repeated spells, structural assumptions and the inclusion of external

variation through the nation wide unemployment rate.

2.4.2.1 Likelihood function

The likelihood contribution for a given person i can be viewed as the product of the likelihood

contributions for this person in each spell. Let person i be observed from time t0 to time

t̄, where the last observed spell is right-censored. Furthermore let m be the total number of

completed transitions for person i. Then the total likelihood contribution for person i can be

described as:

L (t̄|x, tm, v) = L (Tm+1 > t̄|x, tm, t̄, v) ∗
m∏
D=1

L (TD|x, tD−1, v)

This likelihood contribution is composed of the contribution of the last (censored) spell, and

the contribution of all the completed spells.

The likelihood contribution from the last observed spell for person i can be described as

staying (surviving) in the last state ∆m up until the time of right-censoring. The likelihood

contribution of this last spell can then be described as:

L (Tm+1 > t̄|x, tm, t̄, v) = exp

− ∑
k∈Ω|∆m

(∫ t̄−tm

0

λk(u)du

)
φk(x)hk(tm)v∆m

 ,

where Ω|∆m is the set of possible transitions at D = m+ 1 given the current state ∆m.

14This result follows from Abbring and van den Berg (2003), Horny and Picchio (2010), Cockx and Picchio
(2012) and Picchio (2012)
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The likelihood contribution from a complete spell where person i exits the spell by moving

to another state at time tD can be described as the hazard from moving from state ∆D−1 to

state ∆D at time tD multiplied by the likelihood contribution from staying in state ∆D−1 up

to time tD, that is:

L (TD|x, tD−1, v) = θ∆D−1∆D

(
tD|x, tD−1, v∆D−1∆D

)
∗ exp

− ∑
k∈Ω|∆D−1

(∫ tD−tD−1

0

λk(u)du

)
φk(x)hk(tD−1)v∆D−1


The unobserved heterogeneity can be integrated out by using the Stieltjes integral. Now, by

assuming that the unobservable heterogeneity can be described by: v ∈ {v1, v2, ..., vN} and

πn = P (v = vn), where n ∈ {1, 2, .., N}, then the total likelihood contribution from person i

can be rewritten as:

L(t̄|x, tm) =
N∑
n=1

L(t̄|x, tm, vn)πn

2.4.3 Decomposition method

Based on the estimation procedures described above the income distributions and the transi-

tional dynamics were simulated15. Using the predicted income distributions for people with

poor and people with non-poor parents, the income gap at each percentile q ∈ [1, 100] of the

income distribution can be obtained as:

∆ = Q
(
q|Θ̂n, xn

)
−Q

(
q|Θ̂p, xp

)
,

where Θ̂a =
{
θ̂1
a, θ̂

2
a, ..., θ̂

M
a

}
is the set of estimated coefficients, xG is the set of observable

individual and parental characteristics and Q(.) denotes the log-quantile function, for a =

{n, p}.
Following Donald et al. (2000) the difference is decomposed into a part due to differences in

observable characteristics (∆OC) and a part due to residual differences (∆RD) This method is

basically built on recovering the counterfactual distributions that would prevail if people with

poor parents had the same return to characteristics as people with non-poor parents.

The method can be understood as performing an Oaxaca-Blinder decomposition (Oaxaca

(1973) and Blinder (1973)16) at each percentile of the income distribution.

The difference can then be described as:

∆ = ∆OC + ∆RD,

15The simulation algorithms can be found in appendix 2.A.
16This type of method originates in the demography literature by Kitagawa (1955) and was later used in the

sociology literature by Duncan (1968) and Althauser and Wigler (1972), but the first time it appears in the
economics literature are in Oaxaca (1973) and Blinder (1973).

66



where ∆OC =
[
Q
(
q|Θ̂p, xn

)
−Q

(
q|Θ̂p, xp

)]
and ∆RD =

[
Q
(
q|Θ̂n, xn

)
−Q

(
q|Θ̂p, xn

)]
As described in Fortin et al. (2010) this decomposition method is closely related to the

program evaluation literature in the sense that the part due to residual differences can be

interpreted as the average treatment effects on the treated (ATT ), such thatATT = ∆RD = ∆−
∆OC can basically be seen as a difference-in-difference estimator.

This relation between the decomposition method and the program evaluation literature

illustrates one of the important downfalls of the method. Given the type of question for which

the decomposition method is used to find an answer in this paper, the problem of omitting

general equilibrium effects need to be emphasized. The partial equilibrium method of using

the observed outcome from one group in order to construct counterfactuals for the other group

might indeed be problematic. In this paper it is argued that the relative gap between those

with poor parents and people with non-poor parents is the most reasonable comparison since

the measure of parental poverty in itself is a relative measure between two such groups.

In order to assess if a ATT of parental income on individual income can be observed a

control group was constructed based on nearest neighbor propensity score matching. Relying

on the conditional independence assumption this control group could then potentially make it

possible to look into the direct effect of parental poverty on individual poverty.

The main difference between the program evaluation literature and this type of decomposi-

tion method is that the part due to differences in observable characteristics is a key component

of interest in the decomposition literature while it is simply seen as selection bias to be con-

trolled for in the program evaluation literature.

A further decomposition is used in order to decompose the part due to differences in ob-

servable characteristics into the difference due to the differences in each of the observable

characteristics in order to obtain further insights on which factors have a major impact on the

gap in incomes.

∆OC = ∆OC1 + ∆OC2 + ...+ ∆OCM
,

where ∆OCm =
[
Q
(
q|Θ̂p, x

−m
n

)
−Q

(
q|Θ̂p, xp

)]
and x−mn =

{
x1
p, x

2
p, ..., x

m
n , ..., x

M
p

}
.

By constructing the decomposition in this way the role of each of the observed characteristics

can be evaluated and compared. A similar decomposition could be done for the part of the

income gap due to residual differences. Such a further decomposition would be related to the

decomposition of discrimination terms in Blinder (1973) and henceforth would suffer from the

same criticism as by Jones (1983), which means that no particular causal interpretation of the
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differences in the magnitude of the estimated baseline parameters could be attempted17. While

there might be ways to get around this limitation, such a further decomposition will not be a

part of this paper.

2.5 Results

In this section the results of the paper are presented. First the decomposition results on the

disposable income distributions are presented, secondly the role of child characteristics as adult

will be commented on, thereafter the existence of a direct effect of parental income level is

investigated, section 2.5.4 looks into other outcomes and lastly the transitional dynamics in

and out of poverty are analyzed.

2.5.1 Disposable income distributions

This section aims at quantifying and decomposing the gap in disposable incomes between

people with poor parents and people with non-poor parents. This quantification will then

make it possible to provide some insight on the mechanisms that shape the gap.

The model described in the preceding section is estimated and the income distributions

are simulated. In Figures 2.2 and 2.3 below the predicted income distributions are graphed

together with the income distributions observed in the data. From this figure it can be seen

that the model is very good at fitting the observed income distributions.

Using the decomposition technique described in the previous section, the quantitative im-

portance of different observable characteristics on the income inequality between people with

poor parents and people with non-poor parents can be observed and compared. These results

will give some insight on which endowment gaps between the parents from the two groups are

important for the existence of the income gap and thereby add information on the relevance

17See Oaxaca and Ransom (1999) for a thorough response to and discussion of the Jones (1983) criticism.
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of different transmission mechanisms. The results from this exercise can be observed in Figure

2.4 for the entire income distribution and the results at the mean can be found in Table 2.2.

Figure 2.4 shows the cumulated mean income gap at different percentiles. This means that

the gap of about 12% at the 50th percentile should be read as the mean income gap for people

with an income below the 50th percentile for each of the two groups separately. Similar the

gap at the right hand side of the figure shows the mean income gap of the entire sample.

From the figure it can be seen that the gap in incomes over the income distribution is

decreasing. When only including the lowest 10% of the income distributions the gap is around

25% while the mean income gap for the entire sample is at around 8%. This result of the

income gap being skewed to the left in the income distribution might be seen as an indicator

of a sticky floor being present in the labor market for people with poor parents (See Booth

et al. (2003) and Yurtoglu and Zulehner (2009) for sticky floor theory). It indicates that a

group of individuals with poor parents are doing significantly worse than their counterparts

with non-poor parents and never manage to lift themselves out of the income group they were

born into.

Following the decomposition method described in the previous section the income gap is

decomposed. Figure 2.4 shows how the gap in income would look if a given gap in characteristics

of the parents was taken out.

For the sake of visibility the observable characteristics of the parents were split into three

groups. The level of education of the mother and the father was grouped into a group labeled

parental education. All characteristics describing the attachment of the parents to the labor

market were labeled parental labor market status. These included fraction of year employed,

if the parent was in a high-end position at the firm, if the parent was self-employed, if the

parent was working part-time, if the parent was working in the private or public sector as

well as an identifier of the father’s union membership. Finally the third group included all

other observable characteristics of the parents, which in the decomposition showed not to be

as important for the income gap. This group included parental immigrant status, number of

siblings, ages of the parents, marital status of the parents and area of residence of the mother.

From the figure it can be seen that the gap in both parental education and labor market

status seems to be important for the gap in income between the two groups. Higher levels of

education and labor market status for non-poor parents compared to poor parents seem to be

able to explain an important part of the income gap between the two groups, except at the

bottom of the income distributions. From the figure it is however also worth noticing that

the part explained by unobservables is very large. This suggests that a large part of the gap

in incomes is not captured by the included observable characteristics. Finally the figure also

shows the gap when accounting for all observable and unobservable characteristics, so that

only the gap in return to characteristics is left. This gap suggests that even if people with
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poor parents had the same characteristics as people with non-poor parents, a slight income

gap would still persist. People with poor parents will have lower incomes at the bottom of

the income distribution and higher at the top. It also shows, however, that at the mean there

would be no gap due to this return to characteristics.

In the literature (Corcoran and Adams (1997) and Blanden and Gregg (2004)) it is often

emphasized that the intergenerational persistence of educational level plays a key role in the

transmission of poverty between generations. In this paper the role of education is also found

to be important, however it is also found that other factors such as labor market status seem

to play an equally important role in the transmission in the case of Denmark.

One advantage of analyzing the gap in incomes over the entire distribution is that it is

possible to look into the gap at different points of the income distribution as shown in Figure

2.4. Another advantage is that the often imposed normative assumption of equal weights on all

points of the income distribution is not necessary when looking at the mean gap. The income

gap shown in Figure 2.4 is calculated with equal weights on each point, so as to be comparable to

the results from a standard mean correlation regression. However, equal weights are indeed not
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equivalent to a neutral weighting scheme or an indicator of the objective measure. The choice of

the weight function is at the core of the political debate. Depending on political preferences one

might weight inequality at different points of the income distribution differently. It is beyond

the scope of the paper to provide a theory of optimal weighting. It is however possible to apply

different weights to the estimated model of the gap in income distributions and thereby give

some information on how different preferences might affect not only the income gap, but also

the decomposition results.

In Table 2.2 results with different weights can be seen. Three different weighting schemes

were applied. The first column shows the results when applying equal weights to all points in

the distribution. Column two shows a weighting scheme where double weights were applied

at the bottom of the distribution and the linear decreasing weights were applied to the rest of

the distribution with zero weights at the top. Similarly, column three shows the results when

applying a weighting scheme with double weights at the top and then linear decreasing weights

for the rest of the distribution with zero weight at the bottom of the distribution.

Table 2.2: Decomposition results at the sample mean with different weights.

Comparison group: Non-poor Parents

Equal weights 2*weight at bottom 2* weight at top

Accounting for:

Characteristics of the Parents:

Parental education 6.6%
[6.6,7.1]

8.4%
[8.4,8.9]

4.8%
[4.8,5.2]

Parental labor market status 5.9%
[5.6,6.2]

7.0%
[6.7,7.2]

4.9%
[4.6,5.1]

Other parental characteristics 8.4%
[8.3,8.8]

10.9%
[10.7,11.2]

6.0%
[5.9,6.3]

Unobservables 3.0%
[2.7,3.3]

5.4%
[5.2,5.7]

0.6%
[0.3,0.9]

Return to characteristics −0.1%
[−0.3,0.3]

1.7%
[1.5,2.1]

−1.8%
[−2.1,−1.5]

Total income gap 7.9%
[7.7,8.2]

10.1%
[9.8,10.3]

5.8%
[5.5,6.0]

95% confidence intervals in brackets.

Table 2.2 shows that a weighting scheme with high weights at the bottom of the income

distribution will make the mean gap higher while a weighting scheme with high weights at the

top of the distribution and low weights at the bottom will make the income gap considerably

lower. The correct mean income gap depends on the question posed and the preferences of the

observer.

Another important point which can be observed from Table 2.2 is that not only does the size

of the mean income gap depend on the weighting scheme, the relative importance of different

explanations of the gap also differs with the weighting scheme. This is indeed no surprise when
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looking at Figure 2.4. These results strongly highlight the fact that if one does not have the

correct preference based weighting scheme at hand, an analyses based on the mean income gap

can be misleading. Thus, an analysis of the gap over the entire distribution of incomes can be

done with less restrictions on the preferences of the observer.

Referring to the theoretical model in section 2.2 of this paper the results in this section

suggest that the gap in incomes can partly be explained by the gap in endowments of the

parents, where the education of the parents and their position on the labor market seem to be

the most relevant observed factors. However, these results also suggest that a large part of the

gap in income cannot be explained by the included observable characteristics of the parents.

Whether this additional gap is due to a gap in direct investments in the child as a suggested

channel in the theoretical model or it is due to omitted endowments of the parents in the

estimated model is less clear.

2.5.2 The role of child endowments as adult

In order to get insights on how much of the explanatory power of the endowments of the parents

goes through the endowments of the child as adult the gap over the income distribution was

estimated including the educational level of the child as adult and the labor market status of

the child as adult18. This is done referring to equation eight in the theoretical model in section

2.2. When including the characteristics of the child as adult the gap left to be explained by the

characteristics of the parents will be the part not going through the endowments of the child.

The results from this estimation can be seen in Table 2.3 and in appendix 2.B, where a

weighting scheme with equal weights is applied.

In Table 2.3 model 1 refers to the baseline model and model 2 refers to the model where the

educational level and labor market status of the child as adult are included. When comparing

models 1 and 2 it can be seen that once individual characteristics are included, the role of the

characteristics of the parents becomes almost negligible. This indicates that the gap in parental

characteristics affect the income gap through the gap in individual characteristics.

Furthermore unobservables are more important in model 1 than in model 2. This suggests

that individual characteristics include additional information not available in the parental char-

acteristics.

Referring to the theoretical model in section 2.2 the results in this section suggest that the

role of parental endowments on the gap in incomes between people with and without poor

parents primarily goes through the endowments of the child as adult.

18Labor market status is defined in the same way as for the parent including fraction of year employed, if
the person is in a high-end position at the firm, if the person is an employer, if the person is working part-time
and if the person is working in the private or public sector.
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Table 2.3: Decomposition results.

Comparison group Non-poor Parents

Model 1 Model 2

Accounting for:

Characteristics of the Parents:

Parental education 6.6%
[6.6,7.1]

7.0%
[6.9,7.4]

Parental labor market status 5.9%
[5.6,6.2]

7.2%
[7.1,7.5]

Other parental characteristics 8.4%
[8.3,8.8]

7.8%
[7.6,8.1]

Characteristics of the Individual:

Education 6.7%
[6.4,6.9]

Labor market experience 5.6%
[5.2,5.7]

Unobservables 3.0%
[2.7,3.3]

3.8%
[3.6,4.0]

Return to characteristics −0.1%
[−0.3,0.3]

0.0%
[−0.4,0.2]

Total income gap 7.9%
[7.7,8.2]

7.8%
[7.5,7.9]

95% confidence intervals in brackets.

2.5.3 A direct effect of parental income level

In order to detect if a direct effect of the income of the parents on the income of the individual

that does not go through the endowments for the parents can be observed, a control group

was constructed by using the method of nearest neighbor propensity score matching19. The

matching was conducted based on observable characteristics of the parents, so that the matched

sample has similar parental characteristics except for the parental income20. This method was

used recognizing that people with non-poor parents might not be a reasonable control group

when looking at the direct effect of parental income. Using the method of nearest neighbor

propensity score matching and thus relying on the conditional independence assumption one

should in principle be able to shut down other mechanisms than the direct effect of the parental

income and thus be able to observe the average treatment on the treated effect. It is however the

case that the conditional independence assumption could be violated in the present case due to

omitted parental characteristics and thus affect the results. One might however still speculate

19See Heckman, Ichimura, Smith & Todd (1998), Dehejia & Wahba (1999) and Dehejia & Wahba (2002) for
theory on the matching method.

20The characteristics from the parents used in the construction of the matched control group are: immigrant
status, number of children, marital status, educational levels, ages of the parents, high end job, employer,
regular wage earner, part-time job, fraction of year employed, area of residence of the mother and father’s union
membership.
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that the results from this matching procedure will be more credible than simply relying on the

observed gap due to unobservables in the baseline model.

Estimating the model of the income gap between the matched control group and those with

poor parents and applying a weighting scheme with equal weights a mean income gap of 4.3%

with 95% confidence interval of [4.0%, 4.5%] is found. This suggests that around half of the

gap in incomes between the people with poor parents and people with non-poor parents is

not a result of a gap in endowments. Taking the conditional independence assumption at face

value and referring to the theoretical model in section 2.2 this result suggests that a gap in the

direct investments in the child between poor and non-poor parents seems to be of significant

importance for the gap in income of the children as adults. However if the assumption of equally

distributed unobserverbles is violated, then some of the observed gap between the control group

and those with poor parents can be a matter of omitted variable bias.

The results in this section are similar in spirit to what was found in Cocoran and Adams

(1997) where, after controlling for family background and environment characteristics, the

degree of intergenerational poverty persistence remained large.

2.5.4 Other outcomes

In this section the role of parental poverty on other characteristics than the income of the child

as adult is examined. Referring to equation nine in the theoretical model in section 2.2 this is

done by estimating probit models for each of the endowment outcomes of the child as adult on

all the observed characteristics of the parents, a dummy variable for the parents being poor or

non-poor and cross-terms in order to capture the difference in return to endowment between

people with and without poor parents. In Appendix 2.C the results from this exercise can be

found. Table 2.4 displays the results on the cross-terms and on the dummy variable indication

if a person has poor parents. The table only shows estimates significant at a 95% level.

The outcomes analyzed in this section are non-employment, high-end job, marital status,

private sector job, have children living at home, more than ten years of labor market experience

and more than fourteen years of education. Besides from being relevant outcomes in themselves,

these outcomes can also be seen as intermediates in the intergenerational transmission of income

status, as explained in the model in section 2.2. If people with poor parents obtain a lower

return on the endowments of their parents in terms of individual endowments, this might

spillover to a lower income.

Table 2.4 shows differences in the return to the endowments of the parents between people

with poor and non-poor parents. Noticeably it does not seem to be the case that the gap in

returns goes through a single indicator where people with poor parents do worse. The gap seems

to go through a number of channels and these channels also seem to vary between outcomes.

There is however some characteristics of the parents where the gap in return persists across
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most observed outcomes; if the parents, for instance, were living together during the childhood

seems to have rather different effects for people from poor households. The results in Table 2.4

show that people with poor parents where the parents were living together during childhood

are more likely to be non-employed, less likely to have a high-end job, less likely to be married,

less likely to have children, less likely to have more than ten years of labor market experience

and less likely to have more than fourteen years of education compared to similar people with

non-poor parents. This result points to that two poor parents are a stronger indicator of a

family in distress than poverty due to single parenthood.

While the results on the cross-term between having poor parents and having parents living

together during childhood seem to indicate that people with poor parents obtain a lower return

to the endowments of their parents, this result cannot be generalized when looking into other

estimates in Table 2.4. Generally, while it is clear that there certainly seems to be differences

in the return to parental endowments between people with and without poor parents, it is less

clear that this gap in returns is on the cost of people with poor parents. Conclusions on these

aspects differ in parental endowments and outcome variables.

At the bottom of Table 2.4 the conditional correlation between having poor parents and

the outcome of interest are shown, and below the horizontal line the unconditional correlations

are displayed. From the unconditional correlations it can be seen that people with poor par-

ents are doing worse in all observed outcomes. From the conditional correlations it is worth

noticing that even after including a series of characteristics of the parents and allowing these

to differ between people with poor parents and others, there is still a significant effect for the

outcomes of non-employment, high-end job, more than ten years of labor market experience

and more than fourteen years of education. These results indicate that some important trans-

mission mechanisms are not captured by the series of observable characteristics included in the

estimation.

75



Table 2.4: Results on the cross-terms from the probit estimations, marginal effects at the mean are reported, years 2009-2010.

Non-employed High-end job Married Public sector Children 10+ exp. 14+ edu.

Women 0.028∗∗∗ 0.019∗∗∗ 0.017∗∗

(0.005) (0.005) (0.005)

Parent non-Danish 0.065∗∗ 0.021∗ -0.044∗∗

(0.011) (0.010) (0.012)

Siblings -0.013∗ 0.020∗ 0.028∗∗ 0.027∗∗ 0.027∗∗

Education of mother: (0.006) (0.009) (0.010) (0.009) (0.010)

Medium -0.015∗

(0.007)

High 0.015∗ -0.026∗∗ -0.038∗∗∗

Education of father: (0.007) (0.009) (0.009)

Medium -0.036∗∗∗

(0.007)

High -0.032∗∗∗ 0.046∗∗∗ -0.068∗∗∗

Age of father: (0.008) (0.010) (0.009)

Age group 16-30 0.017∗ -0.018∗ -0.039∗∗ -0.033∗∗

(0.007) (0.009) (0.009) (0.010)

Age group 41+ -0.018∗

Age of mother: (0.008)

Age group 16-28 -0.022∗∗

(0.008)

Age group 39+ -0.020∗∗ 0.024∗∗

(0.006) (0.009)

Self-employed father -0.013∗ 0.019∗ 0.025∗∗ 0.035∗∗

(0.006) (0.008) (0.009) (0.009)

High end job father -0.052∗∗

(0.014)

Non-employed father 0.017∗ -0.021∗ -0.024∗

(0.008) (0.010) (0.011)

Self-employed mother

High end job mother

Non-employed mother 0.020∗

(0.009)

part-time work father -0.067∗∗ -0.057∗

(0.026) (0.029)

part-time work mother

Fraction of year unemployed father 0.032∗

(0.013)

Fraction of year unemployed mother 0.025∗∗ 0.051∗∗ -0.021∗ -0.084∗∗ 0.083∗∗

(0.007) (0.010) (0.010) (0.012) (0.012)

Residence in capital area mother 0.023∗∗ -0.081∗∗ 0.026∗∗

(0.006) (0.009) (0.009)

Private sector job mother 0.018∗

(0.009)

Private sector job father -0.024∗ 0.036∗∗

(0.012) (0.012)

Parents in the same household 0.041∗∗ -0.037∗∗ -0.035∗∗ -0.029∗∗ -0.072∗∗ -0.052∗∗

UI-fond of father: (0.007) (0.008) (0.010) (0.009) (0.010) (0.009)

Construction and industry -0.032∗

(0.016)

General workers 0.059∗∗ -0.024∗ 0.022∗

(0.011) (0.011) (0.010)

Public sector employees

Childcare, teachers and nurses 0.085∗∗ 0.067∗ 0.063∗

(0.028) (0.030) (0.030)

Trade and restaurants -0.044∗ 0.047∗

(0.020) (0.020)

Christian trade union -0.048∗∗ 0.072∗ 0.121∗∗

(0.018) (0.030) (0.034)

Engineers and business economists 0.122∗∗

(0.041)

Academics and masters

Other UI-fund 0.022∗ -0.024∗

(0.010) (0.010)

Poor parents -0.026∗∗ -0.039∗∗ 0.092∗∗ -0.042∗∗

(0.008) (0.011) (0.014) (0.014)

Poor parents (correlation) 0.029∗∗ -0.045∗∗ -0.012∗∗ -0.032∗∗ -0.020∗∗ -0.042∗∗ -0.053∗∗

(0.002) (0.002) (0.003) (0.002) (0.002) (0.003) (0.003)

Number of observations 536590 536590 536590 536590 536590 536590 536590

∗ p < 0.05, ∗∗ p < 0.01
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2.5.5 Transitional dynamics

The results in the previous sections have all been based on the illustrative model in section

2.2. While this model can give some valuable insights on the transmission of poverty between

generations it omits the dynamic aspect of poverty, due to its simplicity.

From a policy perspective it will be important to know if the previously described higher

rate of poverty among people with poor parents compared to people with non-poor parents can

be traced back to a higher transition rate into poverty or a lower transition rate out of poverty.

In this section the dynamic aspect of poverty in Denmark is investigated using duration

analysis as in Bane and Ellwood (1986), Stevens (1999) and Devicienti (2011). This paper

however adds to this line of research by incorporating the effects of previous poverty history on

the present transition rates into or out of poverty. This makes it possible to give some empirical

insights on the effect of poverty experienced as adult in addition to the previous result on the

experience of poverty as a child.

Figure 2.5 displays the hazard rate into poverty and the hazard rate out of poverty for

people with and without poor parents separately. The estimates can be found in appendix

2.D21. From this figure it can be seen that people with poor parents have a higher hazard rate

into poverty, but also a higher hazard rate out of poverty. While one might expect to see higher

hazard rates into poverty for people with poor parents, the higher hazard rates out of poverty

seem more surprising. These hazard rates suggest that the punishment of moving into poverty

is less pronounced for people with poor parents, since they can expect to stay in the state for

a shorter period of time compared to people with non-poor parents. This can be seen as a

learning mechanism for those growing up in poor households. It might however also be a result

of higher ability individuals among those with poor parents ending up in poverty.

These results are related to the results in Blanden and Gibbins (2006) and Airio et al.

(2004)22, where it is found that people with poor parents and people who were poor as teenagers

are more likely to be poor as adults. However the specific focus on transition probabilities in

this paper makes it possible to add additional insight into this literature by showing that this

higher probability of being poor of people with poor parents is mainly due to higher transition

rates into poverty.

In Figures 2.6a and 2.6b the results from the estimated duration model are used to decom-

pose the hazard rates for people with poor parents. The figures show the part of the hazard

rate that can be described by a given characteristic of the individuals separately23.

21Specifics on the applied empirical model can be found in section 2.4.2.
22Blanden and Gibbins (2006) and Airio et al. (2004) both use relative poverty measures and can thus be

related to the results found in this paper. Other papers like Corcoran and Adams (1997), Corcoran (1995),
Corcoran (2001) and Musick and Mare (2004) find similar results but use a measure of poverty based on the
US Census Bureau poverty line or a family income to needs ratio, which makes the results from these papers
harder to relate to the present study.

23Note that summing up the part of the hazard rate for each of the included characteristics separately does
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In both figures the part of the hazard rate explained by all observable characteristics included

in the model shows that a fairly large part of the hazard rates can be explained by observable

characteristics, however the part due to unobserved characteristics increases in the duration of

time spent in the state of poverty and in the state of non-poverty.

In Figures 2.6a and 2.6b the observable characteristics used in the estimation are split into

four groups. The group labeled education includes the level of education of the individuals.

The group labeled labor market status includes labor market experience, type of job, indicator

of employment and fraction of year employed, indicator of part-time job and an indicator if the

individual works in the private sector. The group labeled other characteristics includes years

dummies, nationwide unemployment rate, individual marital status, immigrant status, gender,

an indicator if the individual is living with children and an indicator if the person has residence

in the area around the capital city of Copenhagen. Finally a group labeled state dependence

is included.

In this paper previous poverty experiences is included as state dependence as defined in

not sum to one since the estimated model is non-linear.
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Heckman and Borjas (1980). This is done by including two variables describing the aggregated

number of years in poverty and in non-poverty and by including two variables describing the

number of times a person has been in the state of poverty and the number of times a person has

been in the state of non-poverty. Both of these variables are updated at the time of transition,

and thus constant within a given spell. However, the effect of these variables is allowed to differ

over time within a state. These measures of state dependence are included in order to get some

insights on the importance of previous experiences of poverty on the transition probabilities

and thereby look into the persistent effects of poverty experienced as adult.

From Figures 2.6a and 2.6b it can be seen that state dependence is able to explain a

rather large part of the hazard rate for people with poor parents both for the hazard rate into

poverty and the hazard rate out of poverty. However the part explained by state dependence

is decreasing in duration of time in a given state. Both education and labor market status also

seem to have an important impact on the hazard rate out of poverty. Education also seems

to matter for the hazard rate into poverty, whereas labor market status seems to lose much

explanatory power after the first years in poverty. In both hazard rates the group labeled other

characteristics seems to play an important part. Taking a closer look at which characteristics

that are of most importance, it is found that this result is driven by the inclusion of year

dummies and the yearly nation wide employment rate. These results of heterogeneity due to

observed characteristics are in line with the literature (Stevens (1999), Devicienti (2011) and

Cappellari and Jenkins (2004)).

The results in this section suggest that the dynamic aspect of poverty is not to be neglected

in a discussion of poverty and that a decomposition reveals that while education, labor market

status and external variation in the economy seem to have a large impact on the transition

rates in and out of poverty, previous poverty history also seems to have an important factor.
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2.6 Concluding remarks

This paper is an empirical study of the intergenerational transmission of poverty in Denmark.

The paper is structured around the classical model on intergenerational income mobility in

Becker and Tomes (1979). This simple modeling setup makes it possible to get some intuition

behind which relations are relevant to examine and also how the revealed correlations can be

understood.

Applying this study to the case of Denmark is by itself interesting, but it might also be seen

from an international perspective as a study of the lower bound case for the transmission of

poverty between generations, since the Nordic countries in international comparisons are most

often found to have the highest level of intergenerational social mobility (Jäntti et al. 2006). In

this perspective this paper should be seen in relation to Björklund et al. (2012) and Bonke et

al. (2011) in which the social mobility at the upper end of the income distribution is analyzed

for Denmark and the neighboring country of Sweden.

In this paper it is found that people with poor parents have a lower income than people with

non-poor parents over the entire income distribution. It is found that while the gap in incomes

persists over the entire income distribution, it is heavily skewed to the left. This result indicates

that while there seem to persist a uniform effect of childhood poverty much of the observed

effect at the mean often mentioned in the literature seem to be due to a group of individuals

with poor parent performing significantly worse than there counterpart with non-poor parents.

The results on the decomposition of the income gap indicate that both the gap in educational

levels and the gap in labor market status matter for the gap in income between people with

and without poor parents and that the relative importance of these characteristics differs over

the income distribution. These results are in line with the literature on the effect at the mean

(Corcoran and Adams (1997) and Blanden and Gregg (2004)).

The distributional aspect of the gap in income and in the explanatory power of the observed

characteristics leads to the concern that an empirical focus on the mean income gap, and thereby

applying the implicit assumption of preference for equal weights on each point in the income

distribution, might heavily distort the political conclusions based on the results.

In order to get some insights on the mechanism through which the intergenerational trans-

mission mechanism works, the role of the endowments of the child as adult was focused upon.

This was done by including the observed characteristics of the child as adult in the estima-

tion of the income gap. By doing this it was found that once child characteristics were in-

cluded, parental characteristics lost almost all their explanatory power. This can be seen as

an indication that parental characteristics affects the income of the child as adult through the

characteristics of the child.

The transition mechanisms of endowments between parents and children were also analyzed.

Studying this it was found that a gap in the return to characteristics between people with and
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people without poor parents was present for a large share of the observed characteristics.

The modeling setup suggests that a possible gap in incomes between people with and without

poor parents might exist also when accounting for the gap in endowments between the two

groups. This was also suggested by the empirical findings in Cocoran and Adams (1997).

Using the method of matching the empirical results in this paper suggests that such a gap

might indeed exist.

Finally the paper looks into the dynamic aspect of poverty and finds that people with poor

parents have a higher probability of moving into poverty and a higher probability of moving

out of poverty. When looking into what can explain the hazard rate in and out of poverty for

people with poor parents, it is found that besides education, labor market status and external

factors such as changes in the national unemployment rate, the role of poverty previously

experienced seems to be non-neglectable in the transitional dynamics. This result is related

to the Markovian poverty effects found in Jarvis and Jenkins (1997), Stewart and Swaffield

(1999), Cappellari (2007) and Cappellari and Jenkins (2004). However the inclusion of earlier

poverty experiences adds to the literature. The result can be seen as an indication that the

experience of poverty not only have a persistent effect if it appears during childhood, but also

when it appears later in life.

The empirical results in this paper suggest that the basic principals in the simple theoretical

model outlined in section 2.2 seem to be a reasonable starting point for future research. Using

these basic principals in a structural modeling framework would provide useful insights on the

mechanisms guarding the process of intergenerational poverty spillovers.
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Appendices

2.A Simulation algorithms

Once the parameter estimates from the hazard functions described above have been determined,

the income distribution and the poverty trap hazards implied by these parameter estimates can

be simulated using the following algorithms.

Disposable income distributions

1. Draw a vector of parameter estimates assuming normality around the estimates given the

estimated variance-covariance matrix.

2. Generate N individuals by drawing N times from the empirical distribution of observable

characteristics and from the estimated distribution of unobservable characteristics.

3. The predicted cumulative income distribution function is computed for each baseline

interval from the following theoretical cumulative distribution function:

F (wj|xi, vi) =

j∑
r=0

(S(wr|xi, vi)− S(wr+1|xi, vi)) ,

with i ∈ {1, ..N} and j ∈ {0, ..J + 1}. From a standard uniform distribution a κi is then

drawn for each individual. Individual i will then be assigned a random income in the

income interval [wj, wj+1) if F̂ (wj|xi, v̂i) ≤ κi < F̂ (wj+1|xi, v̂i).

4. The steps 1 to 3 are repeated a thousand times in order to construct Monte Carlo confi-

dence intervals (this algorithm is based on Picchio and Mussida (2011)).

Transitional dynamics

1. Draw a vector of parameter estimates assuming normality around the estimates given the

estimated variance-covariance matrix.

2. Generate N individuals by drawing N times from the empirical distribution of observable

characteristics and from the estimated distribution of unobservable characteristics.
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3. The predicted hazard functions in and out of poverty are computed.

4. The steps 1 to 3 are repeated a thousand times in order to construct Monte Carlo confi-

dence intervals.

2.B The role of child endowments as adult
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2.C Other outcomes
Table 2.7: Results from the probit estimations, marginal effects at the mean are reported, years 2009-2010. Part 1/3.

Non-employed High-end job Married Public sector Children 10+ exp. 14+ edu.

Education of mother:

Medium -0.032∗∗ 0.054∗∗ 0.024∗∗ 0.019∗∗ 0.012∗∗ 0.014∗∗ 0.084∗∗

(0.001) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

High -0.032∗∗ 0.144∗∗ 0.033∗∗ 0.070∗∗ 0.012∗∗ -0.130∗∗ 0.232∗∗

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

Education of father:

Medium -0.018∗∗ 0.015∗∗ 0.009∗∗ 0.006∗∗ 0.007∗∗ 0.026∗∗ 0.024∗∗

(0.001) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

High -0.021∗∗ 0.105∗∗ 0.019∗∗ 0.044∗∗ 0.005∗ -0.096∗∗ 0.178∗∗

(0.002) (0.002) (0.002) (0.002) (0.002) (0.003) (0.003)

Women 0.038∗∗ 0.036∗∗ 0.089∗∗ 0.282∗∗ 0.200∗∗ -0.180∗∗ 0.146∗∗

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Parent non-Danish 0.027∗∗ 0.020∗∗ -0.003 -0.007∗ -0.022∗∗ -0.133∗∗ 0.053∗∗

(0.002) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003)

Siblings -0.007∗∗ -0.016∗∗ 0.033∗∗ -0.001 0.055∗∗ 0.045∗∗ -0.039∗∗

(0.001) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

Age of father:

Age group 16-30 0.002 -0.003 0.011∗∗ 0.003 0.025∗∗ -0.005∗ -0.016∗∗

(0.001) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

Age group 41+ 0.008∗∗ -0.002 -0.016∗∗ 0.004 -0.027∗∗ -0.007∗∗ -0.001

(0.002) (0.002) (0.003) (0.002) (0.002) (0.003) (0.003)

Age of mother:

Age group 16-28 0.009∗∗ -0.013∗∗ 0.004∗ -0.001 0.020∗∗ -0.019∗∗ -0.028∗∗

(0.001) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

Age group 39+ 0.000 0.004 -0.007∗ 0.008∗∗ -0.016∗∗ -0.006∗ 0.010∗∗

(0.002) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003)

Parents in the same household -0.045∗∗ 0.039∗∗ 0.055∗∗ 0.009∗∗ 0.007∗∗ 0.042∗∗ 0.069∗∗

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

UI-fond of father:

Construction and industry -0.011∗∗ -0.024∗∗ 0.011∗∗ 0.012∗∗ 0.008∗∗ 0.063∗∗ -0.028∗∗

(0.002) (0.002) (0.003) (0.003) (0.003) (0.003) (0.003)

General workers 0.003 -0.067∗∗ -0.001 -0.004 0.008∗∗ 0.073∗∗ -0.106∗∗

(0.002) (0.002) (0.002) (0.002) (0.002) (0.003) (0.002)

Public sector employees -0.004 0.007∗ 0.008∗ 0.030∗∗ 0.000 -0.000 0.020∗∗

(0.002) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003)

Childcare, teachers and nurses -0.014∗∗ 0.025∗∗ 0.014∗∗ 0.031∗∗ -0.002 0.022∗∗ 0.034∗∗

(0.003) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004)

Trade and restaurants -0.013∗∗ 0.001 0.052∗∗ 0.018∗∗ 0.012∗ 0.017∗∗ 0.006

(0.004) (0.005) (0.006) (0.006) (0.005) (0.006) (0.006)

Christian trade union -0.010∗∗ 0.022∗∗ 0.016∗∗ -0.015∗∗ 0.001 -0.010∗ 0.057∗∗

(0.003) (0.004) (0.005) (0.004) (0.004) (0.005) (0.005)

Engineers and business economists -0.007∗ 0.069∗∗ -0.004 0.055∗∗ -0.005 -0.135∗∗ 0.146∗∗

(0.004) (0.005) (0.005) (0.005) (0.005) (0.006) (0.006)

Academics and marsters -0.014∗∗ -0.010∗∗ 0.014∗∗ -0.017∗∗ 0.010∗∗ 0.030∗∗ -0.007∗

(0.002) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003)

Other UI-fond -0.014∗∗ -0.008∗∗ 0.018∗∗ 0.009∗∗ 0.011∗∗ 0.046∗∗ -0.005∗

(0.001) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

Self-employed father -0.015∗∗ 0.024∗∗ 0.017∗∗ -0.004 0.014∗∗ -0.016∗∗ 0.037∗∗

(0.002) (0.002) (0.003) (0.003) (0.002) (0.003) (0.003)

Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01
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Table 2.7: Results from the probit estimations, marginal effects at the mean are reported, years 2009-2010. Part 2/3.

Non-employed High-end job Married Public sector Children 10+ exp. 14+ edu.

High-end job father -0.009∗∗ 0.053∗∗ 0.016∗∗ -0.009∗∗ 0.001 -0.049∗∗ 0.086∗∗

(0.002) (0.002) (0.003) (0.002) (0.002) (0.003) (0.003)

Non-employed father 0.039∗∗ -0.026∗∗ -0.020∗∗ -0.014∗∗ -0.008∗∗ -0.055∗∗ -0.052∗∗

(0.002) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003)

Self-employed mother -0.017∗∗ 0.020∗∗ 0.017∗∗ 0.004 0.003 -0.015∗∗ 0.041∗∗

(0.002) (0.003) (0.004) (0.003) (0.003) (0.004) (0.004)

High-end job mother -0.005 0.056∗∗ -0.000 0.014∗∗ -0.006 -0.093∗∗ 0.101∗∗

(0.004) (0.004) (0.005) (0.004) (0.005) (0.005) (0.005)

Non-employed mother 0.031∗∗ -0.015∗∗ -0.028∗∗ 0.001 -0.030∗∗ -0.043∗∗ -0.018∗∗

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

Part-time work father 0.012∗ 0.022∗∗ -0.017∗ 0.005 -0.006 -0.079∗∗ 0.029∗∗

(0.005) (0.006) (0.007) (0.006) (0.006) (0.007) (0.007)

Part-time work mother -0.004∗∗ 0.012∗∗ 0.003 0.003 0.002 0.006∗∗ 0.025∗∗

(0.001) (0.001) (0.002) (0.002) (0.002) (0.002) (0.002)

Fraction of year unemployed father 0.045∗∗ -0.009∗ -0.062∗∗ 0.004 -0.054∗∗ -0.122∗∗ -0.000

(0.003) (0.004) (0.004) (0.004) (0.004) (0.005) (0.005)

Fraction of year unemployed mother 0.027∗∗ -0.009∗∗ -0.021∗∗ -0.006 -0.008∗ -0.067∗∗ -0.011∗∗

(0.002) (0.003) (0.004) (0.003) (0.003) (0.004) (0.004)

Residence in capital area mother 0.018∗∗ -0.030∗∗ -0.042∗∗ -0.006∗∗ -0.038∗∗ 0.003 -0.044∗∗

(0.001) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

Private sector job mother 0.000 0.015∗∗ -0.002 0.034∗∗ -0.002 -0.025∗∗ 0.024∗∗

(0.001) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

Private sector job father -0.001 0.026∗∗ 0.003 0.053∗∗ -0.001 -0.024∗∗ 0.031∗∗

(0.001) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

Cross-terms with poor parents:

Education of mother:

Medium -0.002 -0.005 -0.004 0.011 -0.008 -0.003 -0.015∗

(0.005) (0.006) (0.007) (0.007) (0.006) (0.007) (0.007)

High 0.015∗ -0.001 -0.009 -0.009 -0.026∗∗ -0.038∗∗ -0.005

(0.007) (0.008) (0.009) (0.009) (0.009) (0.009) (0.009)

Education of father:

Medium 0.009 -0.007 -0.009 0.002 0.004 -0.036∗∗ -0.002

(0.005) (0.006) (0.007) (0.007) (0.007) (0.007) (0.007)

High 0.005 -0.032∗∗ -0.016 -0.011 -0.009 0.046∗∗ -0.068∗∗

(0.007) (0.008) (0.010) (0.009) (0.009) (0.010) (0.009)

Women 0.003 0.028∗∗ -0.002 0.019∗∗ 0.000 0.000 0.017∗∗

(0.004) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)

Parent non-Danish 0.004 0.012 0.065∗∗ 0.013 0.021∗ -0.044∗∗ 0.021

(0.007) (0.010) (0.011) (0.011) (0.010) (0.012) (0.012)

Siblings -0.013∗ 0.020∗ 0.028∗∗ -0.016 0.027∗∗ -0.008 0.027∗∗

(0.006) (0.009) (0.010) (0.009) (0.009) (0.010) (0.010)

Age of father:

Age group 16-30 0.017∗ 0.011 -0.005 -0.018∗ -0.039∗∗ -0.033∗∗ 0.010

(0.007) (0.009) (0.009) (0.009) (0.009) (0.010) (0.010)

Age group 41+ 0.000 0.000 -0.018∗ 0.001 -0.010 0.002 0.001

(0.006) (0.008) (0.008) (0.008) (0.008) (0.009) (0.009)

Age of mother:

Age group 16-28 -0.001 0.009 0.008 0.006 0.007 -0.022∗∗ 0.007

(0.005) (0.007) (0.008) (0.008) (0.007) (0.008) (0.008)

Age group 39+ -0.020∗∗ 0.000 0.024∗∗ -0.003 0.013 0.015 0.005

(0.006) (0.008) (0.009) (0.009) (0.008) (0.009) (0.009)

Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01
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Table 2.7: Results from the probit estimations, marginal effects at the mean are reported, years 2009-2010. Part 3/3.

Non-employed High-end job Married Public sector Children 10+ exp. 14+ edu.

Parents in the same household 0.041∗∗ -0.037∗∗ -0.035∗∗ -0.013 -0.029∗∗ -0.072∗∗ -0.052∗∗

(0.007) (0.008) (0.010) (0.009) (0.009) (0.010) (0.009)

UI-fond of father:

Construction and industry -0.016 -0.032∗ 0.019 -0.028 0.015 0.036 0.000

(0.012) (0.016) (0.018) (0.017) (0.017) (0.019) (0.019)

General workers 0.005 -0.008 0.059∗∗ -0.024∗ 0.022∗ 0.015 -0.000

(0.008) (0.011) (0.011) (0.011) (0.010) (0.012) (0.012)

Public sector employees -0.012 0.035 0.000 -0.022 -0.044 0.026 0.044

(0.016) (0.023) (0.025) (0.023) (0.024) (0.026) (0.026)

Childcare, teachers and nurses -0.014 0.085∗∗ 0.042 0.008 0.030 0.067∗ 0.063∗

(0.019) (0.028) (0.029) (0.028) (0.026) (0.030) (0.030)

Trade and restaurants 0.015 -0.027 0.018 -0.044∗ 0.047∗ 0.035 -0.024

(0.017) (0.018) (0.022) (0.020) (0.020) (0.022) (0.022)

Christian trade union -0.048∗∗ 0.072∗ -0.013 0.040 -0.035 0.028 0.121∗∗

(0.018) (0.030) (0.033) (0.033) (0.031) (0.035) (0.034)

Engineers and business economists -0.010 0.056 -0.038 0.012 -0.021 -0.010 0.122∗∗

(0.023) (0.031) (0.036) (0.034) (0.034) (0.043) (0.041)

Academics and marsters 0.011 0.009 0.012 0.003 0.015 0.012 -0.012

(0.007) (0.008) (0.009) (0.009) (0.008) (0.009) (0.009)

Other UI-fond 0.011 0.009 0.022∗ -0.024∗ 0.001 0.010 0.001

(0.008) (0.009) (0.010) (0.010) (0.010) (0.010) (0.010)

Self-employed father -0.013∗ 0.015 0.019∗ 0.004 0.015 0.025∗∗ 0.035∗∗

(0.006) (0.008) (0.008) (0.008) (0.008) (0.009) (0.009)

High-end job father 0.006 0.023 -0.006 0.009 -0.008 -0.052∗∗ 0.008

(0.010) (0.012) (0.014) (0.013) (0.013) (0.014) (0.014)

Non-employed father 0.017∗ 0.004 -0.010 -0.007 -0.021∗ -0.024∗ 0.013

(0.008) (0.011) (0.011) (0.011) (0.010) (0.011) (0.012)

Self-employed mother 0.007 -0.005 0.014 -0.000 -0.006 -0.009 -0.004

(0.008) (0.009) (0.011) (0.010) (0.010) (0.011) (0.011)

High-end job mother 0.010 0.030 0.018 -0.023 0.020 0.017 0.050

(0.019) (0.022) (0.026) (0.023) (0.023) (0.028) (0.028)

Non-employed mother -0.001 -0.009 0.020∗ 0.002 0.010 -0.001 -0.015

(0.006) (0.008) (0.009) (0.009) (0.009) (0.010) (0.010)

Part-time work father 0.035 0.012 0.054 -0.067∗∗ -0.057∗ -0.018 0.024

(0.022) (0.026) (0.030) (0.026) (0.029) (0.032) (0.031)

Part-time work mother -0.005 0.000 0.006 0.006 -0.001 0.002 -0.009

(0.006) (0.007) (0.008) (0.008) (0.008) (0.008) (0.008)

Fraction of year unemployed father -0.008 -0.001 0.001 0.013 0.017 0.032∗ -0.002

(0.008) (0.011) (0.012) (0.012) (0.011) (0.013) (0.013)

Fraction of year unemployed mother 0.025∗∗ 0.051∗∗ 0.004 0.007 -0.021∗ -0.084∗∗ 0.083∗∗

(0.007) (0.010) (0.011) (0.011) (0.010) (0.012) (0.012)

Residence in capital area mother 0.023∗∗ 0.007 0.001 0.005 0.011 -0.081∗∗ 0.026∗∗

(0.006) (0.008) (0.009) (0.009) (0.008) (0.009) (0.009)

Private sector job mother -0.009 0.014 0.018∗ 0.004 0.006 0.008 0.017

(0.006) (0.008) (0.009) (0.009) (0.008) (0.009) (0.009)

Private sector job father -0.001 0.019 -0.016 0.017 -0.014 -0.024∗ 0.036∗∗

(0.008) (0.010) (0.011) (0.011) (0.011) (0.012) (0.012)

Poor parent -0.026∗∗ -0.039∗∗ -0.008 0.003 0.002 0.092∗∗ -0.042∗∗

(0.008) (0.011) (0.014) (0.013) (0.013) (0.014) (0.014)

N 536590 536590 536590 536590 536590 536590 536590

Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01
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2.D Results from hazard estimations
Table 2.8: Results from hazard estimations. Part 1/2.

Non-Poor Parents Poor Parents

From Poor to Non-Poor From Non-Poor to Poor From Poor to Non-Poor From Non-Poor to Poor

Parameters Estimates Std. err. Estimates Std. err. Estimates Std. err. Estimates Std. err.

Duration dependence:

Elapsed duration in years

Elapsed 1 -2.76 (0.24) -5.29 (0.32) -2.67 (0.17) -5.06 (0.25)

Elapsed 2 -2.91 (0.24) -5.30 (0.32) -2.77 (0.17) -5.12 (0.25)

Elapsed 3 -2.42 (0.32) -5.58 (0.33) -2.27 (0.20) -5.31 (0.27)

Elapsed 4 -2.47 (0.33) -5.42 (0.34) -2.14 (0.21) -5.11 (0.28)

Elapsed 5 -2.12 (0.35) -5.13 (0.33) -1.94 (0.23) -4.75 (0.28)

Elapsed 6 -1.98 (0.83) -4.83 (0.35) -1.82 (0.36) -4.99 (0.29)

Elapsed 7 -1.82 (0.82) -4.79 (0.37) -1.61 (0.38) -4.68 (0.30)

Elapsed 8 -1.44 (0.86) -4.40 (0.35) -1.52 (0.40) -4.55 (0.30)

Elapsed 9+ -0.55 (0.88) -2.73 (0.33) -0.25 (0.36) -2.94 (0.29)

Year dummies:

1993-1996 1.55 (0.26) 2.78 (0.27) 1.68 (0.17) 2.78 (0.20)

1997-2000 1.01 (0.15) 1.67 (0.15) 1.11 (0.11) 1.65 (0.11)

2001-2004 0.71 (0.13) 0.60 (0.12) 0.86 (0.08) 0.78 (0.09)

Unemployment rate* 3.05 (3.29) -2.91 (3.61) 0.82 (2.21) -0.97 (2.79)

Married -0.29 (0.12) -0.17 (0.09) -0.12 (0.09) -0.18 (0.07)

Children in the household 0.15 (0.12) -0.34 (0.09) 0.07 (0.08) -0.25 (0.07)

Residence in capital area -0.05 (0.07) 0.22 (0.07) -0.01 (0.06) 0.20 (0.07)

Non-Danish 0.01 (0.10) 0.28 (0.12) -0.06 (0.09) 0.36 (0.10)

Women 0.10 (0.07) -0.38 (0.07) 0.12 (0.06) -0.14 (0.06)

Education:

Elapsed duration in years

Medium:

Elapsed 1-2 0.87 (0.12) 0.12 (0.16) 0.99 (0.09) 0.09 (0.13)

Elapsed 3-5 0.90 (0.32) 0.79 (0.22) 0.92 (0.20) 0.50 (0.16)

Elapsed 6+ 1.14 (0.83) 0.55 (0.20) 0.60 (0.51) 0.49 (0.17)

High:

Elapsed 1-2 1.51 (0.13) 0.87 (0.18) 1.23 (0.10) 1.09 (0.13)

Elapsed 3-5 0.84 (0.36) 1.41 (0.24) 0.96 (0.19) 1.50 (0.17)

Elapsed 6+ -0.06 (0.87) 0.58 (0.25) 0.85 (0.40) 1.01 (0.19)

Labor market experience:

Elapsed duration in years

Medium:

Elapsed 1-2 -0.12 (0.11) -1.04 (0.14) 0.04 (0.09) -0.90 (0.10)

Elapsed 3-5 -0.20 (0.31) -1.28 (0.18) -0.10 (0.19) -0.85 (0.13)

Elapsed 6+ -0.27 (0.74) -0.54 (0.18) -0.50 (0.43) -0.41 (0.15)

High:

Elapsed 1-2 -0.36 (0.19) -1.39 (0.26) -0.28 (0.15) -1.48 (0.21)

Elapsed 3-5 -1.10 (0.58) -2.88 (0.41) -0.31 (0.35) -1.70 (0.22)

Elapsed 6+ -2.16 (25.41) -1.48 (0.24) 0.03 (0.86) -1.15 (0.19)

Fraction of year unemployed:

Elapsed duration in years

Elapsed 1-2 0.74 (0.19) 0.29 (0.24) 0.69 (0.14) 0.13 (0.19)

Elapsed 3-5 0.60 (0.41) 0.86 (0.30) 0.90 (0.27) 0.64 (0.25)

Elapsed 6+ 0.44 (0.87) 1.57 (0.28) 0.11 (0.50) 1.39 (0.27)

Occurence dependence:

Cumulative no. of spells

before previous spells**

In Poverty:

Elapsed 1-2 -0.65 (1.25) 4.39 (1.40) -0.72 (1.01) 5.04 (1.17)

Elapsed 3-5 0.67 (2.95) 3.39 (1.97) 0.78 (2.07) 4.86 (1.57)

Elapsed 6+ -0.27 (8.19) 2.36 (2.31) -0.17 (4.65) 3.30 (1.86)

In Non-Poverty:

Elapsed 1-2 1.45 (1.02) -1.69 (1.56) 0.46 (0.87) -2.87 (1.27)

Elapsed 3-5 0.24 (2.79) -2.30 (2.42) 0.07 (1.84) -1.42 (1.76)

Elapsed 6+ -0.90 (7.61) -4.13 (3.24) -0.51 (4.61) -2.61 (2.60)

*Measured in fractional difference from the mean of the observed period.

**Measured in no. of transitions/10. 94



Table 2.8: Results from hazard estimations. Part 2/2.

Non-Poor Parents Poor Parents

From Poor to Non-Poor From Non-Poor to Poor From Poor to Non-Poor From Non-Poor to Poor

Parameters Estimates Std. err. Estimates Std. err. Estimates Std. err. Estimates Std. err.

Lagged duration dependence:

Cumulative duration of spells

before previous spell in years*

In Poverty:

Elapsed duration in years

Elapsed 1-2 9.59 (4.03) 16.26 (3.12) 13.25 (2.76) 12.94 (2.52)

Elapsed 3-5 9.38 (6.59) 15.02 (4.59) 13.18 (5.06) 12.34 (3.79)

Elapsed 6+ 8.60 (31.17) 14.39 (6.70) 12.83 (11.55) 12.42 (5.58)

In Non-Poverty:

Elapsed duration in years

Elapsed 1-2 11.12 (1.73) 29.39 (2.56) 12.90 (1.33) 30.04 (2.02)

Elapsed 3-5 11.77 (5.17) 31.58 (4.49) 11.47 (2.94) 30.78 (3.44)

Elapsed 6+ 12.36 (17.33) 30.17 (9.93) 12.04 (10.53) 30.29 (6.81)

Self-employed:

Elapsed duration in years

Elapsed 1-2 -0.56 (0.14) 1.64 (0.17) -0.98 (0.10) 1.73 (0.12)

Elapsed 3-5 -1.01 (0.39) 1.89 (0.22) -1.27 (0.21) 1.62 (0.15)

Elapsed 6+ -0.78 (0.88) 1.56 (0.18) -0.68 (0.47) 1.68 (0.15)

High-end job:

Elapsed duration in years

Elapsed 1-2 -0.17 (0.21) -1.18 (0.35) -0.19 (0.19) -0.49 (0.22)

Elapsed 3-5 -0.39 (0.53) -0.26 (0.28) -0.04 (0.40) -1.42 (0.36)

Elapsed 6+ -0.11 (1.29) -0.42 (0.32) -0.57 (0.86) -0.97 (0.31)

Non-employed:

Elapsed duration in years

Elapsed 1-2 -0.73 (0.10) 0.99 (0.13) -0.64 (0.07) 0.89 (0.11)

Elapsed 3-5 -1.17 (0.25) 1.13 (0.17) -1.06 (0.15) 0.62 (0.15)

Elapsed 6+ -1.00 (0.78) 0.72 (0.16) -1.03 (0.32) 0.65 (0.15)

Part-time work:

Elapsed duration in years

Elapsed 1-2 -0.20 (0.11) 1.66 (0.14) -0.14 (0.09) 1.37 (0.12)

Elapsed 3-5 -0.46 (0.27) 2.16 (0.21) -0.19 (0.18) 1.76 (0.17)

Elapsed 6+ 0.02 (0.78) 1.84 (0.27) -0.57 (0.42) 1.73 (0.23)

Private sector job:

Elapsed duration in years

Elapsed 1-2 -0.02 (0.12) -0.15 (0.15) -0.04 (0.09) -0.12 (0.12)

Elapsed 3-5 0.13 (0.28) 0.09 (0.19) -0.18 (0.19) -0.34 (0.17)

Elapsed 6+ 0.08 (0.72) -0.37 (0.20) -0.26 (0.43) -0.05 (0.16)

Unobserved heterogeneity:

Type 2 -1.61 (0.27) -1.60 (0.14) -1.35 (0.10) -1.72 (0.13)

Non-Poor Parents Poor Parents

Distribution of unobserved types:

P (vPoor1, vNon−Poor1) 5% 0%

P (vPoor1, vNon−Poor2) 82% 66%

P (vPoor2, vNon−Poor1) 8% 11%

P (vPoor2, vNon−Poor2) 5% 23%

*Measured in years/100.
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3.1 Introduction

Gender differentials in wages—the gender wage gap—is a sizeable, robust, persistent and often

controversial feature of modern labor markets. Indeed, in the US, the consensus appears to

be that the unconditional gender wage gap currently stands between 20% and 25% depending

on race (see Blau and Kahn (2000) and Gupta, Oaxaca, and Smith (2006)). For Denmark,

where our data originates, Gupta et al. (2006) report an unconditional gap of about 20%.1

While the gender wage gap narrowed in many countries during the 1970s and 1980s, it appears

stable since at least the mid 1990s for the US (Eckstein and Nagypál (2004)). In Denmark

the gap stabilized already in the late 1970s (Gupta et al. (2006)). Such large, persistent and

unexplained differences in pay are obviously controversial in both academic and public debates.

Systematic differences in observable characteristics between working men and women such

as age, education, experience, race, workplace characteristics etc. account for a sizeable fraction

of the gender wage gap, but a robust residual wage gap remains. For example, O’Neill (2003)

reports an unexplained gap of about 3% in the US.

While there is no shortage of documentation for the existence of a gender difference in

pay, less progress has been made in understanding its causes. The literature has put forward

a number of explanations, such as unobserved heterogeneity in terms of preferences, produc-

tivity, and labor market behavior (Frederiksen (2008), Bartolucci (2009), Yamaguchi (2013)),

taste-based discrimination (Flabbi (2010)), statistical discrimiation (Pinkston (2003)), gender

differences in human capital accumulation (Light and Ureta (1995), Munasinghe, Reif, and

Henriques (2008)), differential behavior in relation to children (Erosa, Fuster, and Restuc-

cia (2002), Caucutt, Guner, and Knowles (2002)) includning the presence of parental leave

spells (Ruhm (1998), Rafael Lalive (2011)), and gender differences in wage bargaining behavior

(Bowles, Babcock, and McGinn (2005), Matano and Naticchioni (2012)). Understanding which

explanations contribute to the gender wage gap is not only intrinsically interesting, but also

has obvious policy relevance for policymakers concerned with, say, reducing the gender wage

gap.

We believe progress on understanding the anatomy of the gender wage gap has been held

back in part due to the lack of a theoretical and empirical framework able to encompass most

of the competing sources of gender differences in pay. In this paper we develop such a unify-

ing framework. In particular, we develop a tractable equilibrium search model with two-sided

heterogeneity, human capital accumulation, child bearing, parental leave taking, and endoge-

nous wage bargaining. The model lends itself to estimation and incorporates several possible

explanations for the gender wage gap such as differences in intrinsic labor market productivity,

statistical discrimination due to parental leave spells, differences in human capital accumula-

1According to Scarpetta and Swaim (2008), the unconditional gender wage gap ranges between 10% and
38% within the OECD countries.
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tion, differences in search behavior, and differences in bargaining power.

In the current version of the paper we solve the model and show, through simulations,

how the various possible channels affect the gender wage gap. We find that, given reasonable

parameter values, maternity leave can explain around 10-15% of the gender wage gap. Maternity

leave can affect the wage gap through its duration, the level of income during leave and through

the fraction of the leave paid by the firm. While the replacement of income is found to have

a very small effect on the wage gap, both the duration and the payment of the firm can have

sizable impacts. We find that an increase in the duration of the leave will increase the wage

gap, since women do not accumulate labor market experience or receive job offers during leave.

If firms are required to pay more of the leave, this will affect the wage gap since firms will no

longer be prepared to pay the same fraction of the rent to the worker. We additionally show

that the model is able to match life-cycles observed in the data. This is the first contribution

of the paper2.

The second contribution of the paper is to document a number of empirical facts regarding

the gender wage gap in Denmark using a comprehensive administrative matched employer-

employee dataset covering the entire Danish population during 1980-2010. This part of the

paper is still in development and does not yet fully exploit the richness of the data, in particular

the possibility of looking at both the worker-side and the firm-side of the labor market, and the

specific predictions of the theoretical model. At the moment, we consider the role of education,

labor force participation and labor market experience in the observed gender wage gap.

The rest of the paper is organized as follows. Section 2 goes through our modeling setup.

In section 3 we discuss the data used. Section 4 presents simulation results from the model.

Finally, section 5 concludes.

3.2 The model

In this section we go through the model. First by describing the environment and secondly by

explaining the wage determination process.

3.2.1 The environment

Basic setup: The model is set in discrete time. Consider a steady state labor market pop-

ulated by men and women, referred to as workers. We treat men and women symmetrically

2For future work we plan to structurally estimate the model using an Indirect Inference estimation procedure.
We are currently working on a number of theoretical extensions of the model which will potentially be empirically
important (such as introducing a public sector), and on the identification of the structural parameter. Once
the structural parameter vector is estimated we can perform counterfactual analysis to recover the relative
importance of each of the sources of the gender wage gap included in the model. We believe this represents an
important contribution to the literature on the gender wage gap.
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but leave all parameters in the model gender specific. Later we will use superscripts M and W

to distinguish between the two genders. We do not consider the marriage market that match

men and women, but allow both men and women to be hit by fertility shocks. The number of

children born to a worker is indexed by c = 0, 1, ..., C. Workers arrive to the labor market with

imbedded human capital α, the worker’s “type”. We assume that α ∼ H(·). Time is discrete

and is discounted at rate ρ. Unemployed workers search for jobs and employed workers search

for better jobs. We take search behavior to be exogenous and will describe how job offers arrive

to workers below. The labor market is frictional and sustains dispersion in the productivity of

jobs. Let p be the productivity of a job.

Life-cycle: The life cycle of an individual spans two phases: “Young” and “Old”. We use

superscripts Y and O to distinguish between the two phases, and superscript l as a generic life-

cycle phase superscript (that is, it is henceforth implicitly understood that l ∈ {Y,O}). Young

workers are fertile and old workers are infertile. While young, a worker’s cth child arrives with

exogenous per-period probability ηc for c = 1, 2, ..., C.

A young worker transits to the absorbing infertile state (i.e. grows old) if s/he is hit by an

infertility/aging shock with probability µY . Old workers leave the labor market with per-period

probability µO. When an old worker leaves the labor market, the labor force is replenished by

a young worker (of the same gender), with ability drawn from H.

Income during maternity and paternity spells: During maternity or paternity leave

spells a worker receives an exogenous fraction ϕ of the wage rate he or she enjoyed when

entering the leave spell. The payments last throughout the entire spell. We specify entry and

exit processes for the leave spells further below.

Income during maternity and paternity spells are paid by the employer although there is

no production taking place. From the viewpoint of the firm, fertility is thus a downside risk.

The risk varies with gender and life-cycle stage of workers. For example, young women might

take leave more frequently and for longer periods of time than young men. Older workers are

infertile. Rational and forward-looking firms take this into account during wage negotiations

with workers, which complicates wage setting considerably. In particular, the resulting wage

contracts are in general complicated functions of all the state variables and analytical solutions

are not available. To circumvent this complication we instead design a within-firm insurance

scheme which assumes that a firm retains a fraction θc from each young worker with c children

(hence we omit the superscript l on θc). If a young worker has exhausted her fertility (c = C)

then θC will be set to zero. The proceeds are used for financing the costs of workers with c+ 1

children on parental leave. We discuss this scheme in more details below, where we also derive

θc in terms of model fundamentals.
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Labor market states: The model features three (non-absorbing) labor market states: Un-

employment, employment and parental leave. We consider transitions between jobs in the

employment state.

A job offer takes the form of a draw from the relevant sampling distribution of job types,

also to be specified further below. Employed workers are occasionally laid off, at which point

they enter unemployment.

• Parental leave (relevant for young workers only): A parental leave spell is initiated when

a worker is hit by a fertility shock (an event that happens with probability ηc for workers

with c − 1 children), and is terminated with constant per-period probability γc for c =

1, 2, ..., C. While in a parental leave spell the worker does not work, but retains the

right to return to his/her old job upon termination of the parental leave spell. If the

worker was unemployed when hit by the fertility shock s/he returns to unemployment.

The conditions under which a worker returns to her old job (or unemployment) from a

parental leave spell will be outlined below. The worker is not subject to any shocks during

a parental leave spell.

• Unemployment: The probability of obtaining a job offer is life-cycle specific. Let λl0 denote

the constant per-period probability that an unemployed worker in life-cycle l receives a

job offer. A job offer is a draw p in the sampling distribution of job offers F (·) on (p, p).

Note, that the offer distribution is independent of the life-cycle state. We assume that

unemployment income is such that any unemployed worker preferes working in a job of

productivity p to unemployment.

• Employment: Let λl1 denote the constant per-period probability that an employed worker

in life-cycle l receives an alternative offer. The productivity of the offered job p is drawn

from the sampling distribution F (·). An employed worker in life-cycle l is laid off with

constant per-period probability δl.

Experience and human capital accumulation: Let t denote the number of periods a

worker has worked in any job and let G(t) be the accumulated human capital. Human capital

is general, i.e. is perfectly transferable across jobs. At present we do not allow for human

capital depreciation during unemployment periods or during parental leave spells.

Production: Consider a match between a type-α worker with experience t and a type-p job.

Denote the per-period output of the match by Y . The worker’s log-human capital, measuring

the amount of efficient labor supplied by the worker, is h(α, t) = α + G(t). The log output

y(p, α, t) of the match is simply

y(p, α, t) = p+ h(α, t) = p+ α +G(t) (3.1)
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which implies that the match output evolves with experience accumulation, and depends on

the identity of the firm (via p) and the identity of the worker (via α). It is possible to augment

the match level output process with a stationary shock process to worker ability.

Timing of events: The within period timing of events is as follows

• Primo age τ : If the worker is employed and not on parental leave his/her labor market

experience is updated from t to t + 1. If the worker is unemployed or on parental leave

his/her experience is not updated.

• Medio age τ : Production and payments take place. Production is governed by (3.1) and

wage payments will be detailed below.

• Ultimo age τ : At the end of each period (age level) the worker is subject to shocks. The

nature of these shocks depends on the worker’s labor market state, life-cycle status and

his/her fertility history as detailed above. In each case we assume that the risks faced by

the worker are mutually exclusive and always leave open the possibility that the worker

is not hit by any shock in a period. Once the shocks have been realized, contracts are

(re-)negotiated if both parties consent (see below for details).

3.2.2 Wage Determination

Labor market frictions imply that a match between a firm and worker commands rent in

equilibrium and we need to put a mechanism in place that governs how the rent is shared

between the parties of the match, and how the contract is renegotiated following the labor

market shocks outlined above. To keep wage setting tractable we follow the approach of Barlevy

(2008), Burdett, Carrillo-Tudela, and Coles (2011) and Bagger, Fontaine, Postel-Vinay, and

Robin (2011), and restrict the set of feasible contracts to piece-rate contracts. This contract is

the main endogenous object of the model. Let 0 ≤ R ≤ 1 be the piece-rate contract, that is, R

is simply the share of the output that accrues to the worker in wage payments.

The match specific flow profit accruing to the firm is thus

π = (1− (1− 1(l = Y )θc)R) exp{p+ α +G(t)}, (3.2)

where 1(·) is the indicator function taking the value one if the argument is true and the value

zero otherwise. Hence, the maximum piece-rate that the firm is willing to offer to old workers

is naturally R
O

= 1, while for young workers it is Rc = 1/(1 + θc) ≤ 1.

Defining r ≤ 0 as the log-piece-rate, we arrive at the following log-wage equation for a

match between a type-α worker with experience t and a type-p firm:

w(r, p, α, t) = r + y(p, α, t) = r + p+ α +G(t). (3.3)
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3.2.2.1 Determining the piece-rate contract

We pin down the piece-rate contract by adopting the bargaining model of Cahuc, Postel-Vinay,

and Robin (2006) or Dey and Flinn (2005). Let β ∈ [0, 1] be the worker’s bargaining power.

Let UY
t (α, c) be the Bellman value associated with being unemployed for a young type-α

worker with experience t, and c children. For old workers, c is redundant and the relevant state

space is (α, t), yielding a Bellman value of UO
t (α). Let V Y

t (r, p, α, c) be the Bellman value for a

young type-α worker with experience t, c children, and who is employed in a type-p firm with

piece-rate contract R. The corresponding Bellman value for an old worker is V O
t (r, p, α).

Old workers: Consider first an unemployed old worker who has received a job offer (an event

that occurs with per-period probability λO0 ). The parties engage in a bargaining over the piece-

rate contract (see Cahuc, Postel-Vinay and Robin (2006) for details). The worker’s outside

option is continued unemployment (Bellman value UO
t (α)), and the log-piece-rate r solves the

following sharing rule:

V O
t+1(r, p, α)− UO

t (α) = β
[
V O
t+1(0, p, α)− UO

t (α)
]
. (3.4)

Next, consider an old worker employed by a type-p employer who receives an outside offer

from a type-p′ employer (an event that occurs with per-period probability λO1 ). One of three

scenarios emerge:

(i) V O
t+1(r, p, α) ≥ V O

t+1(0, p′, α), such that the poaching employer is unable to give a wage

offer that the worker would even consider. Full surplus extraction at the poaching firm

is less valuable than the worker’s current contract with the incumbent employer. The

worker discards the offer.

(ii) V O
t+1(r, p, α) < V O

t+1(0, p′, α) ≤ V O
t+1(0, p, α), such that the poaching employer is able to

offer the worker an improvement of his/her current contract, but the current employer is

able to counter that offer (and find it optimal to do so) to retain the worker (full surplus

extraction at the incumbent firm yields higher value than full surplus extraction at the

poaching firm, so the incumbent firm can counter any offer the poacher gives the worker).

The worker will in this case obtain an improved contract and remain at his/her current

employer. The new and improved contract r′ solves

V O
t+1(r′, p, α) = β

[
V O
t+1(0, p, α)− V O

t+1(0, p′, α)
]

+ V O
t+1(0, p′, α). (3.5)

(iii) V O
t+1(0, p, α) < V O

t+1(0, p′, α), such that the poaching employer is able to outbid the current

employer and secure the worker’s labor services. The worker will make a job-to-job
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transition from the current employer to the poaching employer. The new contract r′

solves

V O
t+1(r′, p′, α) = β

[
V O
t+1(0, p′, α)− V O

t+1(0, p, α)
]

+ V O
t+1(0, p, α). (3.6)

The expected present discounted value of a match, V O
t (0, p, α,G), is strictly increasing

in p. This implies the existence of two reservation productivities. The first, denoted q =

q(r, p, α,G) solves V O
t (0, q, α,G) = V O

t (r, p, α,G).3 It is thus the least productive firm that

can offer the worker a contract that matches his/her current contract. The second is the least

productive employer-type that can offer to poach the worker from his/her current employer.

Since V O
t (0, p, α,G), is strictly increasing in p, this reservations productivity is simply the

productivity of the current employer. We derive these results formally in Appendix 3.B.1 and

3.C.1.

Young workers: Piece-rates for young workers are determined in a similar fashion as for old.

However notice that the maximum piece-rate, R, that a firm is willing to offer a young fertile

worker is given by the log-piece-rate rc = log(Rc) = log( 1
1+θc

) = −log(1 + θc). For a young

unemployed worker receiving a job offer the log-piece-rate r solves

V Y
t+1(r, p, α,G, c) = β

[
V Y
t+1(rc, p, α,G, c)− UY

t (α, t, G, c)
]

+ UY
t (α, t, G, c). (3.7)

Next, consider a young worker employed by a type-p employer who receives an outside offer

from a type-p′ employer (an event that occurs with per-period probability λY1 ). One of three

scenarios emerges:

(i) V Y
t+1(rc, p, α,G, c) ≥ V Y

t+1(rc, p
′, α,G, c)), such that the poaching employer is unable to

give a wage offer that the worker would even consider. The worker discards the offer.

(ii) V Y
t+1(r, p, α,G, c) < V Y

t+1(rc, p
′, α,G, c) but V Y

t+1(rc, p, α,G, c) > V Y
t+1(rc, p

′, α,G, c), such

that the poaching employer can offer the worker an improvement of his/her current sit-

uation, but the current employer is able to counter that offer (and find it optimal to do

so) to retain the worker. The worker will in this case obtain an improved contract and

remain at his/her current employer. The new and improved contract r′ solves

V Y
t+1(r, p, α,G, c) = β

[
V Y
t+1(rc, p, α,G, c)− V Y

t+1(rc, p
′, α,G, c)

]
+ V Y

t+1(rc, p
′, α,G, c).

(3.8)

(iii) V Y
t+1(rc, p, α,G, c) < V Y

t+1(rc, p
′, α,G, c), such that the poaching employer is able to outbid

the current employer and secure the worker’s labor services. The worker will make a job-

to-job transition from the current employer to the poaching employer. The new contract

3As it turns out, we have in fact q = q(r, p, α). See Appendix 3.B for details.
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r′ solves

V Y
t+1(r, p′, α,G, c) = β

[
V Y
t+1(rc, p

′, α,G, c)− V Y
t+1(rc, p, α,G, c)

]
+ V Y

t+1(rc, p, α,G, c).

(3.9)

The expected present discounted value of a match, V Y
t (rc, p, α,G, c), is strictly increasing

in p. This implies the existence of two reservation productivities. The first, denoted q =

q(r, p, α,G, c) solves V Y
t (rc, q, α,G, c) = V Y

t (r, p, α,G, c).4 It is thus the least productive firm

that can offer the worker a contract that matches his/her current contract. The second is

the least productive employer-type that can offer to poach the worker from his/her current

employer. Since V Y
t (rc, p, α,G, c), is strictly increasing in p, this reservations productivity is

simply the productivity of the current employer. We derive these results formally in Appendix

3.B.2 and 3.C.2.

3.2.2.2 The Wage Equation

Old workers: Consider an old type-α worker with experience t who is employed in a type-p

firm. The worker’s outside option firm is of type p′. Based on the bargaining model described

above and equation (3.3) the log-wage equation for an old worker becomes:

w(p, α, t) = α +G(t) + βp+ (1− β)p′

− (1− β)2 λO1
1 + ρ

∫ p

p′

∂V O
t+1

∂p
(0, x, α)F (x)dx. (3.10)

This equation expresses the wage for an old worker as a function of the human capital of the

worker (intrinsic (α) and accumulated (G(t))), the productivity of the firm (p), the distribution

of firm productivities (F ), frictional patterns (λO0 , λO1 , δO), the rent-splitting parameter (β) and

the per-period probability of an old worker leaving the labor market 5.

From the equation it can be seen that the worker will receive a return to his human capital

plus a convex combination of the productivity in the firm and of the outside option weighted by

the bargaining power. From this wage level the firm will be able to extract an additional part

since the outside option in future bargaining’s will be improved. This additional extraction

is due to the bargaining structure described above and its level depends on the probability of

outside offers, the discount rate, the bargaining power and the productivity difference between

the outside option and the firm.

4As it turns out, we have in fact q = q(r, p, α, c). See Appendix 3.B for details.
5The derived value of

∂V O
t+1

∂p (0, p, α) can be found in equation (3.17) in Appendix 3.B.1.
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Young workers: Consider a young type-α worker with c children and experience t. The

worker is employed in a type-p firm with an outside option determined by p′. Based on the

bargaining model described above and equation (3.3) the log-wage equation for a young worker

becomes:

w(p, α, t, c) = α +G(t) + βp+ (1− β)p′ + rc

− (1− β)2 ρ+ γc+1

ρ+ γc+1 + ϕηc+1

λY1
1 + ρ

∫ p

p′

∂V Y
t+1

∂p
(rc, x, α, c)F (x)dx. (3.11)

This equation expresses the wage for a young worker as a function of the human capital of the

worker (intrinsic (α) and accumulated (G(t))), the productivity of the firm (p), the distribution

of firm productivities (F ), frictional patterns (λY0 , λY1 , δY ), the rent-splitting parameter (β), the

per-period probability of a young worker receiving an infertility/aging shock and the parameters

describing fertility and paternity leave (θ, γ, η) 6.

The wage equation for young workers is similar to that of old workers except that it includes

rc since full surplus extraction is no longer an option when c < C. The additional surplus

extraction will now also depend on the option of future parental leave spells.

3.3 Data and Empirical Results

In this section we present the data used and some empirical results that we want the model to

be able to match.

3.3.1 Data

We use annual cross-section data from the Danish register-based matched employer-employee

data set IDA.7 IDA contains socioeconomic information on workers and background information

on employers, and covers the entire Danish population age 15 to 70 in the period from 1980 to

2010. In the register the annual wage income and average hourly wage for the job occupied in

the last week of November is available as well as information on employment status, level of

education, and accumulated labor market experience.8

6The derived value of
∂V Y

t+1

∂p (rc, p, α, c) can be found in equations (3.31) and (3.32) in Appendix 3.B.2.
7Integreret Database for Arbejdsmarkedsforskning (Integrated Database for Labor Market Research) is

constructed and maintained by Statistics Denmark.
8Note that we can only measure experience from 1964 and onwards.

108



3.3.2 Sample selection

We construct two samples for the analysis. The main sample is used for describing the changes

in the gender wage gap over the lifecycle. This sample is also used as a reference for the

model’s ability of fitting the data. A second sample is used for giving an empirical overview of

the relevant changes in the gender wage gap during the last 30 years.

The main sample was constructed as a cohort of all individuals entering the labor market in

1985. We define labor market entry as the point in time where people obtain their highest level

of education. We disregard individuals changing highest completed education later than age

35. We also disregard individuals who have missing information in some of the years from 1985-

2010. This reduces the sample with about 4%. The accumulation of labor market experience

starts at labor market entry, so we disregard any experience prior to this date.

The second sample used for describing the changes in the gender wage gap over time where

includes all individuals at the age of 40 for each year from 1980 to 2010. The sample includes

information on yearly wages, hourly wages, employment status, years of education, gender and

accumulation of labor market experience.

3.3.3 Empirical facts

In this section some empirical results are presented. These figures will give some insights on

the gender wage gap in Denmark on a descriptive level. Some of these results are considered to

be empirical facts the model should be able to match, while others are determined on a macro

level.

3.3.3.1 The gender wage gap in Denmark from 1980 to 2010

Since our model is cast in steady state, it is important that the empirical facts that we want

to match are not part of a macro economic trend.

In order to get some insights on the changes in the gender wage gap during the last thirty

years we plot key economic variables in figure 3.1. We plot averages of the gender gap in yearly

wages, hourly wages, accumulated labor market experience, employment rates, and duration of

education at the age of forty in each year using the second sample. Wages shown in the figure

are average for full time employed only.

From this figure it can be seen that the gender wage gap was decreasing from the 1980’s

and onto the beginning of the 1990’s, from which time it remained at a constant level of around

25% until the financial crisis of 2008. When comparing the gap in hourly wages and in yearly

wages it can be seen that these follow the same pattern during the observed period, however

the gap in hourly wages seem to be slightly lower, reflecting that women on average work fewer

hours even when only including full time employed.
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Figure 3.1: Gender gap at age 40 from 1980 to 2010.

While not much has happened with the gender gap in wages during the last thirty years,

some remarkable changes have happened to the gap in duration of education, employment rates,

and accumulated labor market experience. The gap in education has moved from men having

around 8% longer education on average at the beginning of the 1980’s to women having around

2% longer education in 2010. This change in the educational gap is a common pattern in many

western countries (Hausmann, Tyson, and Zahidi (2008)).

The gap in accumulated labor market experience decreased from a gap above 50% in 1980

to a gap of around 8% in 1993 whereafter it has increased to a level of around 14%. The large

decrease in the 80’s is due to women slowly catching up. The labor market entry of women

in the 50’s and 60’s happend for a large part in part-time jobs. In these jobs labor market

experience accumulated at a slower pace than in full-time jobs. Gradually, women moved from

part-time to full-time jobs. We suspect that the small increase from 1993 and onwards is

due to the educational changes. Since women take longer educations, labor market experience

automatically decreases.

The gap in employment rates was also decreasing in the period from 1980 to 1993 whereafter

it has settled on a level around 4%.

3.3.3.2 Lifetime trends in the gender wage gap

Since the model is used for simulating the gender gap over labor market histories, we are

interested in capturing the changes in these histories observed empirically.

Figure 3.2 shows the gender gap in yearly wages, hourly wages, and accumulated labor

market experience for individuals entering the labor market in 1985. The mean wages are

calculated based only on full time employed.

From the figure it can be seen that the gender gap in wages has a concave shape in time
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Figure 3.2: Life-cycle trends in the gender gap for individuals with labor market entry in 1985.

since labor market entry. The gender wage gap increases the first 15 years in the labor market,

whereafter it stagnates at a level of around 25%.

From Figure 3.2 it can be seen that the gap in experience is decreasing in percent in years

since labor market entry. However it can also be seen that it remains present even 26 years

after labor market entry.

3.3.3.3 Maternity leave

Furthermore, we present some empirical facts on fertility for the investigated sample of indi-

viduals entering the labor market in 1985.

While the fertility rate has been declining in many western countries, it has remained

relatively high in the Nordic countries (Sleebos (2003)). For the presented sample the mean

number of children is 1.7, which is below the replacement level, but higher than the OECD

average. The average age of having a first child is 27 for women and 30 for men in the sample.

Table 3.1: Distribution of number of children after 26 years in the labor market

Number of children Percent of sample
0 22%
1 17%
2 39%
3 17%

4+ 5%

Table 3.1 shows the distribution of children after 26 years in the labor market (in 2010). At

this time the youngest individual is 40 and we assume that fertility is complete. Notice that the

average age is higher, but those with only primary education and entering in 1985 are around
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age 40 in 2010. From this table it can be seen that 23% do not have children before the end of

the sample period and it is rare to have more than three children.

In figure 3.9 in the appendix the average duration of parental leave for men and women

can be seen for the entire population split by gender. From the figure it can be seen that the

average duration of leave for women was just above seven months in the period from 1994 to

2001. In 2002 a reform came into force which increased the average duration of the maternity

leave to around eleven and a half months where it stayed until 2008. For men the duration of

the leave started at 15 working days in 1994 and had increased to 26 working days in 2008.

This increase was helped along by reforms in 1998 and in 2002 which added to the part of the

leave reserved for the father. Compared to other Nordic countries the share of the leave taken

by the father is considerably lower in Denmark (Haagensen (2012)).

3.4 Simulation Results

In this section we first present the choice of model parameters. We then proceed to simulate

the model in order to investigate the various quantitative features.

3.4.1 Model Parameters

In this section the different sets of parameter values used in the simulations of the model are

presented.

The baseline set of parameters is chosen from Bagger et al. (2011). This is done since the

modeling structure closely resembles theirs. In their estimation they look only at privately

employed males. This is important to keep in mind when proceeding. The parameter values in

Bagger et al. (2011) can be seen in table 3.2 labeled as calibration 1.

Notice that simulating the model with zero probability of going on parental leave and
1
µY

+ 1
µO

= 1
µ
, where µ is taken from Bagger et al. (2011) gives almost the same result as just

simulating Bagger et al. (2011).9 Although the model is derived in steady state, we simulate

worker life-cycles. In the simulation this is done by fixing the unemployment rate at the steady

state level at entry and then draw a random job offer from the offer distribution for all those

who are not unemployed.

In the baseline version of the model, we want to show how much of the gender wage gap

reasonable parameter values of parental leave can explain. Thus, calibration 2 is simply the

parameter values from calibration 1, where we add parental leave parameters.

Maternity leaves are modeled as having an average duration of ten months in accordence

with figure 3.9 and the probability of moving into maternity leave is chosen as to fit the timing

9The reason that it is not exactly the same is that although the expected life-time is the same, the piece-rates
are not, since they depend not only on the expected life-time but also on µY and µO, separately.
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Table 3.2: Parameter values

Calibration 1 Calibration 2 Calibration 3 Calibration 4
Bargaining power (β) 0.3160 0.3160 0.3160 0.3160
Rate from young to old - 0.0056 - 0.0056
Rate from old to death 0.0018 0.0028 0.0018 0.0028
Worker type distribution H(α) = N(α, σα)
α 0.0000 0.0000 0.0000 0.0000
σα 0.0940 0.0940 0.0940 0.0940
Job mobility:
δO 0.0107 0.0107 0.0107 0.0118
δY - 0.0107 - 0.0118
λO0 0.0590 0.0590 0.0590 0.0425
λY0 - 0.0590 - 0.0425
λO1 0.0265 0.0265 0.0265 0.0228
λY1 - 0.0265 - 0.0228
Firm productivity distribution F (p) = 1− exp(−[ν1(p− ν0)]ν2)
ν0 = pmin (Location) 4.9230 4.9230 4.8900 4.7400
ν1 (Scale) 4.1405 4.4105 4.4105 4.4105
ν2 (Shape) 0.9324 0.9324 0.9324 0.9324

Return to human capital accumulation: G(t) = 1
12

∑3
k=1 ek (t− τk) 1{t>τk} *

e1 0.0112 0.0112 0.0402 0.0472
e2 -0.0088 -0.0088 -0.0268 -0.0428
e3 -0.0046 -0.0046 -0.0080 -0.0080
Maternity leave parameters:
ϕ - 0.8000 - 0.8000
γc - 0.1000 - 0.1000
θc, c < C - 0.0200 - 0.0200
η0 - 0.0139 - 0.0139
η1 - 0.0417 - 0.0417
η2 - 0.0020 - 0.0020
η3 - 0.0020 - 0.0020

* τ1 = 0, τ2 = 10 and τ3 = 20.

and distribution of childbirth in the data described in table 3.1. We allow for up to four

children. The payment of the firms is set to 2% of the wage of young female workers10 and the

reimbursement during leave is set to 80% of the wage in the period before the leave. The final

set of parameter values are reported in table 3.2.

At the end of this section we want to demonstrate that the model can in fact fit the data on

men and women as presented in the previous section. Based on calibrations 1 and 2 a new set

10A back of the envelope calculation reveals that the payment of the firm is about 2% of the wage: Assuming
that people has on average 15 fertile years after labor market entry and that they get around 1.8 children. The
average duration of leave is 10 months and the firm pay wages during leave for about 5 months. The firm is
refunded payments during leave up to the UI-benefit level. This amounts to around 2/3 of the average wage
being refunded. The payment of the firm will therefore be: 1.8

15 ∗
5
10 ∗

1
3 = 0.02.
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of parameter values was chosen to do so. In order to fit the data we changed the transition rates

in order to fit the employment level, the return to experience in order to fit the life-cycle wage

profile, and the location of the firm productivity distribution in order to fit the level of wages.

We are aware that this is a very adhoc way of doing it, but the sole purpose is to demonstrate

that the model can fit the data in these dimonsions without any difficulty. These calibrations

are labeled 3 and 4 for men and women, respectively.

In the following we simulate the initial state as follows. We set the employment level to the

steady state employment level. Each employed worker draws a random draw from the job offer

distribution and accepts that job. We think that this is a reasonable way of thinking about the

transition from school to work life. However, one could also have targeted a lower employment

level in order to obtain persistence in the transition period.

3.4.2 The gender wage gap and maternity leave

The central feature and the extension of the literature in this model is the inclusion of maternity

leave in the setup of Bagger et al. (2011). In this section the role of the maternity leave in this

modeling setup is examined.

This is done by comparing simulation output from a model using calibration 1 and a model

using calibration 2. The gap between these two simulations will give some insight on the role

played by the maternity leave in this theoretical model framework.

Figure 3.3 shows the gap in percent in average wages, labor market experience, employment

rate, rent and firm productivity between simulations with and without maternity leave. From

this figure it can be seen that the inclusion of maternity leaves creates a gap in wages starting at

a rate around 2% and increasing in the fertile years whereafter it decreases in the following years,

without ever going to zero. From the figure it can be seen that maternity leave seems mainly

to affect the accumulation of labor market experience, the rent and the mean productivity of

the firms where people are employed.

The gap in the accumulation of experience comes into play through the lack of experience

accumulation during leave. This makes the experience gap and thereby the wage gap increase

during the fertile years, whereafter the gap decreases. Since the job offer arrival rates and job

destruction rates are chosen to be the same in these two simulations, catching up in experience

will not be possible and even though the return to experience is concave in its accumulation, a

gap in experience will remain present for the entire evaluated period.

The decrease in the average rent due to the inclusion of maternity leave in the model mainly

goes through the payment from the firm to people on leave. In the model this effect is captured

by letting the firm pay a fraction of the wage into a maternity insurance fund, which then pays

the worker during leave.
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Another way through which maternity leave affects the wage is by job offers not arriving

during leave. This effect goes through both the mean productivity in firms where people are

employed and through the rent rate.

Thus, from this figure it can be seen that the gap in wages due to the inclusion of maternity

leave will go through the experience accumulation, the rent and the firm productivity.

Figure 3.3: Gap due to maternity leave.

3.4.2.1 Model Sensitivity in Central Parental Leave Parameters

Figures 3.4, 3.5, and 3.6 show how sensitive the wage gap is to variations in the three central

parameter values in the introduction of the maternity leave. Each figure shows the baseline

case and simulations using higher and lower values of the evaluated parameter. The wage gap

is evaluated for variation in the mean duration of the maternity leave in Figure 3.4, for the

replacement rate during leave in Figure 3.5, and for changes in the payment from the firm in

Figure 3.6.

From Figure 3.4 it can be seen that the mean duration of the maternity leave spells matter

for both for the shape and for the level of the wage gap.

Longer average leave spells create a large increase in the wage gap during the fertile years,

which then decreases as females become infertile. This effect primarily goes through the lack of

labor market experience accumulation during leave spells. Thus, longer maternity leave spells

amount to less experience and thereby a larger wage gap. Since the return to experience is

concave in experience, this effect becomes smaller as experience increases.

Since women do not receive job offers during leave, an increase in the duration of the mater-

nity leave will however also affect the piece-rate and the observed firm productivity distribution.

From Figure 3.5 it can be seen that very little happens to the wage gap when the reim-

bursement of income during leave is shifted from non to full previous wage.
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Figure 3.4: Duration of maternity leave.

Figure 3.5: Replacement of income during maternity leave.

There is however a small change in the gap which goes through the piece-rate. Workers

require a marginally lower wage when fertile if there is no replacement of income during leave.

This happens since the trade-off determining the piece-rate is between future wage growth and

current consumption. If workers are not able to capitalize on their current wages due to parental

leave, then they require lower wages in order to move to the more productive firms.

Finally, Figure 3.6 shows that the part of the wage the firm pays to insure themselves from

paying wage during maternity leave is highly important for the wage gap. This is only natural,

since this affects the maximum piece-rate that the firm is willing to pay the worker.

If the firm has to pay a high insurance premium the worker will receive a proportionally

lower wage.
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Figure 3.6: Fraction of wage paid by the firm as insurance for maternity leave.

3.4.3 Comparative Statics

In section 3.4.2 the only difference was in parental leave taking. However, one would also suspect

that women and men differ in other dimensions. This section investigates how differences in

fundamental parameters affect the gender gap in different key variables over the life-cycle. The

simulations are based on the parameter values in calibrations 1 and 2 for men and women,

respectively.

We investigate the following parameters: individual productivity α and return to experience

G(t), firm productivity p, labor market frictions δ,λ0,λ1, and bargaining power β.

The point of departure for each comparative static is calibration 1. We simulate the baseline

version of the model and then the version with the changed parameter. We will refer to the

baseline model (calibration 1) as men and the version with the changed parameter as women.

For each of the comparative statics we show the gender gap in the key economic variables;

wages, labor market experience, piece-rate, employment rate, and average firm productivities.

3.4.3.1 Individual Ability, α, and Return to Experience, G(t)

First, consider a gap in individual ability or return to labor market experience between men

and women. One example of such a gap could be based on Flabbi (2010), where it is found

that men are 6.5% more productive than women. Since the effect of individual ability on wages

is modeled as independent of piece-rates, labor market experience, employment rate, and the

firm productivity, a gap in ability between men and women will only affect the gap in wages

directly as described in equation 3.3.

The same logic would apply to return to experience. Since experience accumulation is only

affected by labor market transition rates, gaps in return to experience would only affect the

wage directly.
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3.4.3.2 Firm Productivity, p

In Figure 3.10 the effect of a decrease in the location parameter (ν0) resulting in a wage drop

of 10 % is shown, e.g. a drop from 4.9230 to 4.8176. It can be seen that this translates directly

into a wage gap of around 10%. More importantly, notice that the effect is constant across

years. Thus, it is impossible to separately identify changes in the location parameter and the

mean worker ability.

This highlights an important restriction in the identification of the model. We cannot

separate whether one group of workers is fundamentally more productive (ability) than another

group or if they draw from different firm offer distributions. However, under the assumption

that a given firm is equally productivity whether it hires a woman or a man with the same

characteristics, we can identify differences in ability distributions by using within firm variation.

In Figures 3.11 and 3.12 we lower the scale parameter (ν1) by 10 percent and the shape

parameter (ν2) by 10 percent, respectively.

A decrease in the scale parameter increases both the mean and the variance of the offer

distribution, while a decrease in the shape parameter decreases the mean, but increases the

variance. Both changes decrease wages and increase the piece-rate. The piece-rate increases

since the potential future gain from being with a high productive firm is now smaller.

3.4.3.3 Labor Market Frictions, δ,λ0,λ1

A gap in wages between men and women might persist due to differences in labor market

frictions. In this model these are described by three parameters δ,λ0,λ1 capturing the job

destruction rate, the job offer arrival rate while unemployed, and the job offer arrival rate while

employed, respectively.

Differences in these can be observed empirically by looking at the hazard rates into, out of,

and between jobs. In Taber and Vejlin (2013) these are found in a Danish setting. From Taber

and Vejlin (2013) it follows that women have a 10% higher probability of leaving a job, a 28%

lower probability of moving into employment from unemployment, and a 14% lower probability

of moving from job to job.

Applying these gender transition gaps to our model gives rise to a wage gap as can be seen

in Figure 3.13. The Figure shows a wage gap due to frictions which is concave in time after

labor market entry ending at a rate around 3% after 26 years.

The role of labor market frictions is obviously at the center of a search model as used in this

paper. Thus, a difference in frictions between men and women, will affect the gender wage gap

through a variety of channels. First, notice that the parameter values implied by the transition

rates in Taber and Vejlin (2013) will make the job destruction rate lower and both job offer

rates higher. This implies a lower employment rate and thereby a lower level of experience
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accumulation, which in turn will affect the gender gap in wages. These effects are constant over

the life-cycle as can be seen in Figure 3.13.

Secondly, since the job offer rate in employment (λ1) is lower for women, this will imply a

lower productivity of the firms where women are employed compared to men even though the

offer distribution is the same. This means that women will crawl the job ladder at a slower

pace. This gap will increase over the life-cycle, which in turn will affect the wage gap. This

can be seen in the gap in firm productivities.

Thirdly, since women can expect fewer job offers in employment and a higher probability

of moving into unemployment where they can also expect fewer job offers, they will demand a

higher rent in their present jobs. This means that since they have prospects of a lower level of

future incomes they will put a higher valuation on present incomes. This can be seen from the

average rent gap in the figure.

All these factors contribute to the wage gap, which is at first negative but quickly turns

positive. The small negative gap at the beginning of the career is due to the bargaining protocol

applied in our model. A wage posting model like Burdett and Mortensen (1998) will not give

this result.

3.4.3.4 Bargaining Power, β

In the literature it is often stated that women seem to be doing worse in terms of negotiation for

promotions and higher wages (see e.g. Bowles et al. (2005), Bowles, Babcock, and Lai (2007)

and Small, Gelfand, Babcock, and Gettman (2007)). In our framework there exist two possible

channels for this observation. First, women might get fewer job offers and therefore have fewer

possibilities to renegotiate. Secondly, the bargaining power of women might be smaller. A

priori, it is however not clear how different the bargaining power should be.

In order to illustrate how changes in bargaining power affect the key variables, we let the

bargaining power be half of what can be found in Bagger et al. (2011) (e.g. 0.1580). This is

done in order to illustrate how a gap in bargaining power between men and women can affect

the gender wage gap. A gender gap in bargaining power will affect the wage through the rent.

Assuming women have half the bargaining power of men, they will receive lower rent in all jobs.

This will in turn affect the wage gap such that women will end up receiving wages on a level

around 7% lower than men which can be seen in Figure 3.14.

3.4.4 Model fit

Finally, we show that the model is able to reproduce the observed life-cycle gender wage gap.

We do this in a very adhoc way. The only point that we want to make clear is that the model

can in fact fit the gender wage gap in the data as described in the previous section. Just
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to recap, we changed the transition rates in order to fit the employment level, the return to

experience in order to fit the life-cycle wage profile, and the location of the firm productivity

distribution in order to fit the level of wages.

Men are simulated given calibration 3 and women are simulated given calibration 4. The

data the model should be able to fit is the sample of individuals entering the labor market in

1985.

The model should be able to capture the trends in wages from labor market entry, but also

the ability of the model to capture the employment rates and the accumulation of experience

is commented on in this section.

Figure 3.7 shows the trends in hourly wages for men and women in the sample of individuals

entering the labor market in 1985 and the trends in wages in the model given the chosen

calibrations. From this figure it can be seen that the model given reasonable parameter values

is able to capture the trends in wages both for men and for women. However, the wage profil

in the data seems to be more hump-shaped than in the model.

In Appendix 3.A.3 the trends in employment rates and in labor market experience is shown.

From these it can be seen that the model is rather good at capturing the trends in employment

rates, however the model seems to somewhat overshoot the accumulation of labor market

experience for both men and women, while the ordering is correct.

Figure 3.7: Wage in model and in data.

Thus, overall the model seems to be able to fit the wage profile of the workers’ life-cycle.

3.4.5 Resulting gender gaps

Given the simulation of the model for men and for women based on calibrations 3 and 4 the

model gives predictions on the resulting gender gaps in wage, rent, labor market frictions, em-
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ployment rate, firm productivity, and individual productivity defined as the sum of permanent

ability and human capital.

Figure 3.8 shows the gender gap in percent resulting from the chosen parameter values. The

gap in wages, accumulated labor market experience, and employment rates can be observed in

the data and was used in choosing the parameter values. The gap in individual productivity,

rent, and in the productivity of the firms where people are employed is chosen based on results

from the empirical literature and in order to obtain a fit in the observable characteristics.

Figure 3.8: Gender gap in model

Finally as an illustration, we decompose the gender wage gap resulting from calibrations

3 and 4 into the three components in equation (3.3). Since it was arbitrary that we changed

the firm productivity distribution and not the worker ability distribution, we have lumped the

two together. We can see that firm and individual productivity matter most. Differences in

labor market experience matter only slightly. However, differences in the piece-rates actually

mitigate some of the gap. This is caused by the fact that women have lower turn-over in the

labor market and therefore require a higher piece-rate in order to move to a given firm. We

would like to stress that this decomposition is meant purely as an illustration of what the final

estimated model might be used for.

3.5 Conclusion

In this paper a structural model is developed which enables a decomposition of the gender wage

gap. The model includes two-sided heterogeneity, search frictions, human capital accumulation,

child bearing, parental leave taking, and endogenous wage bargaining. The inclusion of human

capital accumulation, child bearing, and parental leave taking in a equilibrium search model is

new to the literature on the gender wage gap.
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The model incorporates a range of different possible explanations for the gender wage gap

such as differences in intrinsic labor market productivity, statistical discrimination, differences

in labor market experience, differences in job offer arrival rates, and differences in bargaining

power. These are all potentially valid explanations for the gender wage gap. The developed

model will be able to decompose the wage gap into each of these different explanations and

thereby provide evidence on the relative importance of each of them.

Based on reasonable calibrations, simulations of the model were conducted. These indicate

that child bearing and parental leave taking might play an important role in the gender wage

gap. The simulations also indicate that the inclusion of both frictions and human capital

accumulation is essential in modeling the gender wage gap.

For future work the model will be estimated on Danish register data which will give informa-

tion on the underlying parameter values and thereby make it possible to achieve a decomposition

of the gender wage gap.
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Appendices

3.A Figures

3.A.1 Figure to section 3.4.1

Figure 3.9: Duration of parental leave for men and women.
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3.A.2 Figures to section 3.4.3

Figure 3.10: Firm productivity - Location parameter

Figure 3.11: Firm productivity - Scale parameter
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Figure 3.12: Firm productivity - Shape parameter

Figure 3.13: Frictions
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Figure 3.14: Bargaining power
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3.A.3 Figures to section 3.4.4

Figure 3.15: Employment rate in model and data.

Figure 3.16: Labor market experience in model and data.
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3.B Value functions

3.B.1 Old workers

This part of the model is similar to Bagger et al. (2011). It is reproduced here for completeness.

3.B.1.1 Employment

The environment of an employed old worker is nonstationary due to experience accumulation. The

structure of the model implies that

V O
t (r, p, α) = r + p+ α+G(t) +

δO

1 + ρ
UOt (α) +

λO1 F (q)

1 + ρ
V O
t+1(r, p, α)

+
λO1

1 + ρ

∫ p

q

[
(1− β)V O

t+1(0, x, α) + βV O
t+1(0, p, α)

]
dF (x)

+
λO1

1 + ρ

∫ p

p

[
(1− β)V O

t+1(0, p, α) + βV O
t+1(0, x, α)

]
dF (x)

+
1− µO − δO − λO1

1 + ρ
V O
t+1(r, p, α) (3.12)

where we have used that V O
t (0, p, α) is increasing in p, a fact we confirm below, and where, by

definition, q solves V O
t (r, p, α) = (1 − β)V O

t+1(0, q, α) + βV O
t+1(0, p, α). In (3.12), r + p + α + G(t)

is the log income flow to the worker, and δO

1+ρU
O
t (α) represents the option value of unemployment

(an event that occurs with probability δO in each period). The three terms
λO1 F (q)

1+ρ V O
t+1(r, p, α),

λO1
1+ρ

∫ p
q

[
(1− β)V O

t+1(0, x, α) + βV O
t+1(0, p, α)

]
dFO(x), and

λO1
1+ρ

∫ p
p [(1− β)V O

t+1(0, p, α)

+βV O
t+1(0, x, α)]dFO(x) represents the option value of receiving an outside offer (an event that occurs

with probability λO1 . If the offer falls short of q, which by definition is the minimum firm-type that

can offer the worker an improvement over his or her current contract, the worker discards the offer.

Conditional on having received an offer, the worker discards the offer with probability F (q). If the

offer is from a firm of type x ∈ (q, p], the worker renegotiates his or her contract with the current em-

ployer as outlined in section 3.2.2.1, equation (3.5). Offers thus lead to renegotiation with probability

F (p) − F (q). Finally, if the offer is from a firm of type x ∈ (p, p], the worker changes employer and

uses his or her current employer to extract surplus from the new employer. Offers lead to job-to-job

transitions with probability F (p) = 1− F (p). The final term in (3.12) represents the situation where

the worker is not subject to any shocks, in which case his or her experience is updated from t to t+ 1.

This event occurs with probability 1− µO − δO − λO1 .11

Integrating (3.12) by parts we obtain

V O
t (r, p, α) = r + p+ α+G(t) +

δO

1 + ρ
UOt (α) +

1− µO − δO

1 + ρ
V O
t+1(r, p, α)

+
λO1 (1− β)

1 + ρ

∫ p

q

∂V O
t+1

∂p
(0, x, α)F (x)dx+

λO1 β

1 + ρ

∫ p

p

∂V O
t+1

∂p
(0, x, α)F (x)dx. (3.13)

11We assume throughout that events are mutually exclusive and that µO + δO + λO1 < 1.
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In the case where the worker extracts all surplus from his/her current type-p employer, i.e. when

p = q, and so, r = 0, (3.13) simplifies and reads

V O
t (0, p, α) = p+ α+G(t) +

δO

1 + ρ
UOt (α)

+
λO1 β

1 + ρ

∫ p

p

∂V O
t+1

∂p
(0, x, α)F (x)dx+

1− µO − δO

1 + ρ
V O
t+1(0, p, α) (3.14)

From (3.14) we notice that

∂V O
t

∂p
(0, p, α) =

1 + ρ

ρ+ µO + δO + βλO1 F (p)
. (3.15)

where ΞO(p) = 1/[ρ+ µO + δO + βλO1 F (p)] > 0; the value of employment is strictly increasing in firm

type p. Moreover, p is the only state variable affecting ΞO(p), and thus
∂V O

t
∂p (0, p, α).

Solving (3.14) yields

V O
t (0, p, α) =

1 + ρ

ρ+ µO + δO

[
p+ α+

βλO1
1 + ρ

∫ p

p

∂V O
t+1

∂p
(0, x, α)F (x)dx

]

+

∞∑
s=0

(
1− µO − δO

1 + ρ

)s [
G(t+ s) +

δO

1 + ρ
UOt+s(α)

]
. (3.16)

We can now express (3.13) as

V O
t (r, p, α) =

1 + ρ

ρ+ µO + δO

[
r + p+ α+

λO1 (1− β)

1 + ρ

∫ p

q

∂V O
t+1

∂p
(0, x, α)F (x)dx

+
λO1 β

1 + ρ

∫ p

p

∂V O
t+1

∂p
(0, x, α)F (x)dx

]
+
∞∑
s=0

(
1− µO − δO

1 + ρ

)s [
G(t+ s) +

δO

1 + ρ
UOt+s(α)

]
, (3.17)

where
∂V O

t
∂p (0, p, α) is given by (3.14).

3.B.1.2 Unemployment

The environment of an unemployed old worker is stationary (as there is no experience accumulation).

We assume that unemployment is equivalent to employment with full surplus extraction at the least

productive firm of type p. That is, UOt (α) = V O
t+1(0, p, α). In this case,

UOt (α) = b+ α+G(t) +
λO0

1 + ρ

∫ p

p

[
βV O

t+1(0, x, α) + (1− β)UOt (α)
]
dF (x)

+
1− µO − λO0

1 + ρ
UOt (α), (3.18)

where b+ α+G(t) is the log flow income during a period of unemployment. The term
λO0
1+ρ

∫ p
p

[
βV O

t+1(0, x, α) + (1− β)UOt (α)
]
dF (x) in (3.18) represents the option value of unemployed

search; the worker receives a job offer with probability λO0 , all offers are accepted, and the offers
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are drawn in [p, p] according to F (p). The final term in (3.18) represents the situation where the

worker is not subject to any shocks. This event occurs with probability 1−µO−λO0 , and implies that

the worker is simply unemployed in the next period as well, a state that yields value UOt (α).

The Bellman value of unemployment can be simplified, using integration by parts, into

ρ+ µO

1 + ρ
UOt (α) = b+ α+G(t) +

βλO0
1 + ρ

∫ p

p

∂V O
t

∂p
(0, x, α)F (x)dx. (3.19)

The Bellman equations (3.16) and (3.19) represent a complete characterization of the behavior of

old workers.

3.B.2 Young workers

The setup of young workers differs from that of old workers in that young workers face a fertility

risk. This adds c (the number of children, c ∈ {0, 1.., C}) to the state vector. Fertility is followed

by a parental leave spell. Additionally, young workers face a risk of growing old and entering the

second life cycle phase. Young workers may be in one of four labor market states: Parental leave from

employment, employment, parental leave from unemployment, and unemployment. Let V Y
t (r, p, α, c)

be the Bellman value of employment with contract r in a firm of type p for a worker of type α

with experience t and c children. The value of a parental leave spell from this job is PEt (r, p, α, c).

Unemployment for the same type of worker has Bellman value UYt (α, c), and a parental leave spell from

such an unemployment period has Bellman value PUt (α, c). Only young workers can enter parental

leave spells, so the l = Y,O index is omitted for the values of parental leave spells.

3.B.2.1 Employment

Consider a young type-α worker with experience t and with c ∈ (0, 1, ..., C) children. The worker is

employed in a type-p firm with a contract r. This situation generates the value V Y
t (r, p, α, c) to the

worker. Specifically,

V Y
t (r, p, α, c) = r + p+ α+G(t) +

δY

1 + ρ
UYt (α, c) +

λY1 F (q)

1 + ρ
V Y
t+1(r, p, α, c)

+
λY1

1 + ρ

∫ p

q

[
(1− β)V Y

t+1(r, x, α, c) + βV Y
t+1(r, p, α, c)

]
dF (x)

+
λY1

1 + ρ

∫ p

p

[
(1− β)V Y

t+1(r, p, α, c) + βV Y
t+1(r, x, α, c)

]
dF (x)

+
µY

1 + ρ

[
(1− β)V O

t+1(0, q, α) + βV O
t+1(0, p, α)

]
+
ηc+1

1 + ρ
PEt (r, p, α, c+ 1) +

1− µY − ηc+1 − δY − λY1
1 + ρ

V Y
t+1(r, p, α, c), (3.20)

where ηC+1 ≡ 0 and PEt (r, p, α, C + 1) ≡ 0. Compared to (3.12), (3.20) contains two new terms.

First, the term µY

1+ρ

[
(1− β)V O

t+1(0, q, α) + βV O
t+1(0, p, α)

]
represents the option value of growing old.

This event occurs with probability µY and leads to a renegotiation of the worker’s current contract.
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Second, the term ηc+1

1+ρ P
E
t (r, p, α, c + 1) reflects the option value of fertility and the ensuing parental

leave spell (at c = C, this option is not available).

Integration by parts of the integral terms in (3.20) yields

V Y
t (r, p, α, c) = r + p+ α+G(t) +

δY

1 + ρ
UYt (α, c) +

λY1 (1− β)

1 + ρ

∫ p

q

∂V Y
t+1

∂p
(r, x, α, c)F (x)dx

+
λY1 β

1 + ρ

∫ p

p

∂V Y
t+1

∂p
(r, x, α, c)F (x)dx+

µY

1 + ρ

[
(1− β)V O

t+1(0, q, α) + βV O
t+1(0, p, α)

]
+
ηc+1

1 + ρ
PEt (r, p, α, c+ 1) +

1− µY − δY − ηc+1

1 + ρ
V Y
t+1(r, p, α, c), (3.21)

and in the full-surplus extraction case we have p = q and

r = rc =

{
− ln(1− θ) if c < C,

0 if c = C,
(3.22)

such that

V Y
t (rc, p, α, c) = rc + p+ α+G(t) +

δY

1 + ρ
UYt (α, c) +

λY1 β

1 + ρ

∫ p

p

∂V Y
t+1

∂p
(rc, x, α, c)F (x)dx

+
µY

1 + ρ
V O
t+1(0, p, α) +

ηc+1

1 + ρ
PEt (rc, p, α, c+ 1) +

1− µY − δY − ηc+1

1 + ρ
V Y
t+1(rc, p, α, c). (3.23)

The Bellman value of parental leave from employment with non-exhausted fertility c ∈ (1, 2, ..., C)

is given as

ρ+ γc
1 + ρ

PEt (r, p, α, c) = ϕ [r + p+ α+G(t)]

+
γc

1 + ρ

[
(1− β)V Y

t+1(rc, q, α, c) + βV Y
t+1(rc, p, α, c)

]
, (3.24)

where the term γc
1+ρ

[
(1− β)V Y

t+1(rc, q, α, c) + βV Y
t+1(rc, p, α, c)

]
reflects the assumption that contracts

are renegotiated when a worker returns from a parental leave spell.

At p = q (and hence r = rc) we obtain

ρ+ γc
1 + ρ

PEt (rc, p, α, c) = ϕ [rc + p+ α+G(t)] +
γc

1 + ρ
V Y
t+1(rc, p, α, c), (3.25)

which, when substituted into (3.23), implies

V Y
t (rc, p, α, c) =

(
1 +

ηc+1

ρ+ γc+1
ϕ

)
[rc + p+ α+G(t)]

+
δY

1 + ρ
UYt (α, c) +

λY1 β

1 + ρ

∫ p

p

∂V Y
t+1

∂p
(rc, x, α, c)F (x)dx+

µY

1 + ρ
V O
t+1(0, p, α)

+
ηc+1γc+1

(1 + ρ)(ρ+ γc+1)
V Y
t+1(rc, p, α, c+ 1) +

1− µY − δY − ηc+1

1 + ρ
V Y
t+1(rc, p, α, c), (3.26)

where γC+1 ≡ 0 and V Y
t+1(0, p, α, C + 1) ≡ 0. Equation (3.23) is a double recursion on t and c, with

c ∈ (0, 1, ..., C).
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To proceed, we first show that
∂V Y

t+1

∂p (0, x, α, c) is independent of t and increasing in p for each c.

Indeed,

∂V Y
t

∂p
(rc, p, α, c) = 1 +

ηc+1

ρ+ γc+1
ϕ+

µY

1 + ρ

∂V O
t+1

∂p
(0, p, α) +

ηc+1γc+1

(1 + ρ)(ρ+ γc+1)

∂V Y
t+1

∂p
(rc, p, α, c+ 1)

+
1− µY − δY − ηc+1 − βλY1 F (p)

1 + ρ

∂V Y
t+1

∂p
(rc, p, α, c). (3.27)

We have already shown above that
∂V O

t+1

∂p (0, p, α) > 0 and is independent of t.

Suppose now that
∂V Y

t
∂p (rc, p, α, c) is independent of t for all c ∈ (0, 1, ..., C); then we can write

(3.27) in the following way

∂V Y
t

∂p
(rc, p, α, c) = Ξ0(p, c) + Ξ1(p, c)

∂V Y
t

∂p
(rc, p, α, c+ 1) (3.28)

where

Ξ0(p, c) =
1 + ρ

ρ+ µY + δY + ηc+1 + βλY1 F (p)

[
1 +

ηc
ρ+ γc+1

ϕ+
µY

ρ+ µO + δO + βλO1 F (p)

]
, (3.29)

and

Ξ1(p, c) =
ηc+1γc+1

[ρ+ γc+1][ρ+ µY + δY + ηc+1 + βλY1 F (p)]
. (3.30)

where ηC+1 ≡ 0. It follows that

∂V Y
t

∂p
(rc, p, α, C) = Ξ0(p, C) =

1 + ρ

ρ+ µY + δY + βλY1 F (p)

[
1 +

µY

ρ+ µO + δO + βλO1 F (p)

]
, (3.31)

and that

∂V Y
t

∂p
(rc, p, α, c) =

C−1∑
k=c

Ξ0(p, k)

k−1∏
m=c

Ξ1(p, k) + Ξ0(p, C)

C−1∏
k=c

Ξ1(p, k), (3.32)

where we have defined
∏k′′

k=k′ ak
.
= 1 for any ak whenever k′ > k′′. Equations (3.31) and (3.32) confirm

that
∂V Y

t
∂p (0, p, α, c) is increasing in p and independent of t.

Now going back to (3.26), we can write

V Y
t (rc, p, α, c) =

1 + ρ

ρ+ µY + δY + ηc+1
[

(
1 +

ηc+1

ρ+ γc+1
ϕ

)
[rc + p+ α]

+
λY1 β

1 + ρ

∫ p

p

∂V Y
t+1

∂p
(rc, x, α, c)F (x)]dx

+
∞∑
s=0

(
1− µY − δY − ηc+1

1 + ρ

)s [(
1 +

ηc+1

ρ+ γc+1
ϕ

)
G(t+ s) +

δY

1 + ρ
UYt+s(α, c)

+
µY

1 + ρ
V O
t+1+s(0, p, α) +

ηc+1γc+1

(1 + ρ)(ρ+ γc+1)
V Y
t+1+s(rc, p, α, c+ 1)

]
, (3.33)

where
∂V Y

t+1

∂p (rc, x, α, c) is given by (3.32), V O
t+1+s(0, p, α) is given by (3.16), and UYt+s(α, c) is to be

determined below. With these objects pinned down, (3.33) defines a recursion in c ∈ (0, 1, ...., C).
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Using the conventions that ηC+1 = 0 and V Y
t (rc, p, α, C + 1) = 0, we can solve the C + 1 equations by

backwards induction on c.

Indeed, for c = C, (3.33) simplifies to

V Y
t (rc, p, α, C) =

1 + ρ

ρ+ µY + δY

[
rc + p+ α+

λY1 β

1 + ρ

∫ p

p

∂V Y
t+1

∂p
(rc, x, α, C)F (x)dx

]

+
∞∑
s=0

(
1− µY − δY

1 + ρ

)s [
G(t+ s) +

δY

1 + ρ
UYt+s(α, c) +

µY

1 + ρ
V O
t+1+s(0, p, α)

]
, (3.34)

where
∂V Y

t
∂p (rc, p, α, C) is given by (3.31). Given V Y

t (rc, p, α, C), we solve for V Y
t (rc, p, α, c) for c =

0, 1, ...., C − 1 using (3.33).

We complete the characterization of young workers by considering the Bellman values for unem-

ployment and for parental leave from unemployment. Consider an unemployed type-α worker with

experience t and c ∈ (0, 1, ..., C) children. The Bellman value is UYt (α, c). We assume, as we did for

old workers, that UYt (α, c) = V O
t+1(0, p, α). Hence,

UYt (α, c) = b+ α+G(t) +
µY

1 + ρ
UOt (α) +

ηc+1

1 + ρ
PUt (α, c+ 1)

+
λ0

1 + ρ

∫ p

p
[βV Y

t+1(rc, x, α, c) + (1− β)UYt (α, c)]dF (x) +
1− µY − ηc+1 − λ0

1 + ρ
UYt (α, c), (3.35)

using integration by parts on the integral term yields

ρ+ µY + ηc+1

1 + ρ
UYt (α, c) = b+ α+G(t) +

µY

1 + ρ
UOt (α) +

ηc+1

1 + ρ
PUt (α, c+ 1)

+
βλ0

1 + ρ

∫ p

p

∂V Y
t+1

∂p
(rc, x, α, c)F (x)dx, (3.36)

where
∂V Y

t+1

∂p (rc, p, α, c) is given by (3.32). The Bellman value of a parental leave spell from unemploy-

ment is given as
ρ+ γc
1 + ρ

PUt (α, c) = ϕ[b+ α+G(t)] +
γc

1 + ρ
UYt (α, c), (3.37)

which, upon substitution into (3.36), yields

UYt (α, c) = ΞU0 (c) + ΞU1 (c)UYt (α, c+ 1), (3.38)

where

ΞU0 (c) =

(
1 + ρ

ρ+ µY + ηc+1

)(
1 +

ηc+1

ρ+ γc+1
ϕ

)
[b+ α+G(t)] +

µY

ρ+ µY + ηc+1
UOt (α)

+
βλ0

ρ+ µY + ηc+1

∫ p

p

∂V Y
t+1

∂p
(rc, x, α, c)F (x)dx (3.39)

and

ΞU1 (c) =
ηc+1γc+1

(ρ+ µY + ηc+1)(ρ+ γc+1)
. (3.40)
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Equation (3.38) is a simple recursive equation in c ∈ (0, 1, ..., C), and may be solved by backwards

induction on c. Indeed, for c = C, we have ηc+1 ≡ 0, and so,

UYt (α,C) = ΞU0 (C) =

(
1 + ρ

ρ+ µY

)
[b+ α+G(t)] +

µY

ρ+ µY
UOt (α)

+
βλ0

ρ+ µY

∫ p

p

∂V Y
t+1

∂p
(rc, x, α, C)F (x)dx, (3.41)

where UOt (α) is given by (3.19) and
∂V Y

t+1

∂p (rc, x, α, C) is given by (3.31). Given UYt (α,C), we can

compute UYt (α, c) for any c ∈ (0, 1, ..., C − 1) using (3.38), (3.39) and (3.40).

3.C Piece-rate contracts

3.C.1 Old workers

Consider an old type-α worker with experience t who is employed in a type-p firm. The worker’s

outside option firm is of type q. Suppose this worker is contacted by a type-p′ firm, where q ≤ p′ < p.

The two employers compete for the worker’s services. Since q ≤ p′ < p, the type-p firm will outbid the

type-p′ firm and retain the worker. The sharing rule V O
t+1(r, p, α) = (1−β)V O

t+1(0, p′, α)+βV O
t+1(0, p, α),

together with (3.13), (3.14), and (3.19) implies that the worker’s improved contract r in the type-p

firm is given as

r = −(1− β)(p− p′)− (1− β)2 λO1
1 + ρ

∫ p

p′

∂V O
t+1

∂p
(0, x, α)F (x)dx

+
1− µO − δO

1 + ρ

[
βV O

t+2(0, p, α) + (1− β)V O
t+2(0, p′, α)− V O

t+2(r, p, α)
]
, (3.42)

which, by the sharing rule, simplifies as

r = −(1− β)(p− p′)− (1− β)2 λO1
1 + ρ

∫ p

p′

∂V O
t+1

∂p
(0, x, α)F (x)dx. (3.43)

In the case where p′ ≥ p, intercharge p and p′ in (3.43).

Under the maintained assumption that UOt (α) = V O
t+1(0, p, α), (3.43) also defines contracts for

workers hired out of unemployment (take p′ = p).

3.C.2 Young workers

Consider a young type-α worker with c children and experience t. The worker is employed in a type-p

firm with outside option determined by q. S/he now meets a type-p′ firm, where q ≤ p′ < p. Hence,

the type-p employer is able to retain the worker. The improved piece-rate contract that ensures this

outcome is given as

r = r − (1− β)(p− p′)
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− (1− β)2 ρ+ γc+1

ρ+ γc+1 + ϕηc+1

λY1
1 + ρ

∫ p

p′

∂V Y
t+1

∂p
(rc, x, α, c)F (x)dx. (3.44)

In the case where p′ ≥ p, intercharge p and p′ in (3.43).

Similar to the case of old workers, under the maintained assumption that UYt (α) = V Y
t+1(rc, p, α, c),

(3.44) also defines contracts for workers hired out of unemployment (take p′ = p).
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