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Abstract

The aim of this thesis is to study fertility using hazard modeling and controlling for unob-

served heterogeneity.

In order to assess the impact of socio-economic status on fertility decisions, we focus on

the period during which lowest low fertility emerged in Italy. We start by constructing a

data set which makes use of two different surveys: one to infer socio-economic status, from

Bank of Italy (SHIW), the other to estimate models of first, second and third births, from

ISTAT (Labor Force Survey). Starting from a basic single spell discrete time hazard model

without Unobserved Heterogeneity, we extend it to a more complex multiple spell duration

model that controls for women specific unobserved characteristics. We show that women’s

socio-economic status indeed delays the onset of motherhood, but also that there are strong

recuperation effects which works through first and second births. Finally, we evaluate, with

the help of Monte Carlo simulations, the consequences of omission or misspecification of the

unobserved heterogeneity in discrete time duration models with single spells. The findings

are encouraging for practitioners who would like to estimate discrete time duration models

by using sequential discrete binary models with or without Gaussian random effects which

are implemented in standard econometric software packages.

JEL Classifications: J13, J18, C41, C24, C15.

Keywords: Discrete Time duration models, Spline, Unobserved Heterogeneity, Fertility,

Italy, Lowest-Low fertility, Postponement and Recuperation Effect.
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Introduction

The modeling of waiting times to particular events experienced by, for instance, individuals

or firms, has become a popular and well established topic in statistics. Information on waiting

times, normally referred to as durations, are readily available in numerous data sources and

used in a wide array of applications.

Statistical models dealing with durations have a long history. The first examples of

applications were in mortality analysis and clinical trials, where the duration of interest

represents the length of time between births, diagnosis or beginning of a medical treatment,

or death; and in reliability analysis, where the duration represents the length of time from

the first use of an item to its mechanical failure. Those first applications have influenced the

terminology used in the statistical literature. The event ending a duration is called risk or

failure event; the probability that an individual has not yet experienced the risk event at a

specified time (duration) is termed survival probability; and the instantaneous probability

that an individual experiences the risk event at a specific time, given that she (he or it) did

not experience it earlier, is termed the hazard function. There are numerous examples of

duration analysis in economics and social sciences, but where the failure or risk events tend

to refer to positive events such as finding a job (Lancaster 1979) or giving births (Newman
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and McCulloch 1984).

One of the points that has been stressed by econometricians (and that was originally

neglected by biometricians) is the fact that statistical models are often incomplete. That

is, even if an attempt has been made to include all the relevant factors determining the

outcome of interest, there tend to be important variables that are not available in the data,

and therefore not included in the model. These omitted variables are generally referred to

as Unobserved Heterogeneity.

In this work we focus on the way in which fertility hazards are modeled. More precisely,

we study the consequences of ignoring the Unobserved Heterogeneity in duration models,

both from a methodological perspective and from the applied side. We also present specific

analyses of the Italian case.

The thesis is organized in 3 chapters. In Chapter 1, we propose a basic hazard spec-

ification for the analysis of fertility choices using Italian data. Chapter 2 describes a non

standard hazard model with Unobserved Heterogeneity in a multi spell context and discusses

the empirical evidence concerning postponement and recuperation of fertility in Italy. Chap-

ter 3 concludes with methodological issues and consequence of ignoring or misspecifying the

Unobserved Heterogeneity in discrete time duration models with single spell.

Chapter 1 deals with the relationship between women’s wages and childbearing deci-

sions in Italy.

It is a joint work with Arnstein Aassve and Francesco C. Billari: part of the chapter has

been published as an Institute for Social and Economic Research (ISER), University of Essex,

working paper (n. 2006-06). This work was conducted during a research visit in 2005 and

2



2006, and the author gratefully acknowledges the hospitality and support provided by ISER.

The paper was presented by me at the European Society Population Economics (ESPE,

June 2006, Verona) and at the European Economic Association Meeting (EEA, August

2006, Vienna). A range of useful comments were provided during these presentations. The

chapter also benefits from the comments of the participants to the Demographic Workshop

in May 2006 at ISER.

The chapter assesses the impact of women’s wages on childbearing decisions: so far,

research has been hampered by the availability of data combining fertility and wage. This

is especially a problem for third birth parity. We overcome this problem by combining

two different data sets. Data from the Survey of Italian Households’ Income and Wealth

(Bank of Italy 2002) are used to predict women’s potential wage, which is then introduced

as explanatory variable in discrete time hazard regression models for first, second and third

births. Data from the Labor Force Survey (ISTAT, 2003) are used in order to reconstruct

women’s demographic and fertility histories. Since we use wages predicted from the Bank of

Italy data set as covariates in the ISTAT data, the standard errors might have an upward

bias. To overcome this limit we bootstrapped the standard errors using 300 replications with

observations clustered at the woman level.

We start by modeling a simple hazard specification without Unobserved Heterogeneity,

with single spells and set in discrete time. The work is innovative because of 1) the linkage

of different data sets and 2) because there are no available studies on the role that wage

plays on the transition to first, second and third birth for the Italian context. The wage

effect is negatively associated with childbearing, though the magnitude varies according to

birth parity. Consistent with opportunity cost theory, wage has a strong and negative effect

3



in the timing of first birth and women with higher wages tend to delay motherhood. We

find that wage has a non-proportional effect on the hazard, and that there is a “recuperation

effect” (even if not complete), the latter suggesting that women with higher wages start

to have children later, but recuperate after some time. Furthermore, there is no evidence

that institutional effects are responsible for the postponement of maternity. Different is the

pattern for second and third birth: the wage effect is negative but it has smaller intensity

when compared to the first one. Nevertheless, in line with Ermisch (1989), we find evidence

of institutional effects affecting the decision of having more than one child: the risk of

experiencing a second and third birth is higher for a Northern woman because she is more

confident in the availability of childcare.

It is reasonable to suppose that increasing financial support to households with children

may have an impact on the probability of having the third and fourth child, mainly for

poorer households. To this extent, the Welfare Minister Livia Turco (law number 448 of

the Year 1998) introduced two policy measures with the explicit purpose of supporting poor

households with children. These two measures could provide a significant increase in income

for low-income families, covering a non-negligible proportion of the cost of an additional

child. Our estimates give some support for the law having an impact. But it is not clearly

identifiable and quantifiable given our methodological approach, which in turn is caused by

the data available. Despite this limitation our results provide interesting evidence of the key

role wage plays in fertility decisions.

Chapter 2 is based on the data constructed in the first chapter. The specification is a

multi-spell random effect hazard model, whereby estimation of first, second and third birth

4



is done jointly. The model allows for unobserved heterogeneity and we test to what extent

the assumption about its functional form has any impact on the overall parameter estimates.

This chapter is part of the working paper published at ISER (n. 2006-46) and it is

coauthored with Arnstein Aassve and Francesco C. Billari.

The research is innovative since we model fertility hazards with a Gaussian Unobserved

Heterogeneity and for then to use a Non Parametric Maximum Likelihood Estimation (NM-

PLE) to assess the number of relevant masspoints.

Using the two data sets of Chapter 1, one to infer socio-economic status, the other to

estimate models for first, second and third birth, a bootstrap estimation of the standard

errors in the hazard equation is needed because of the imputed regressors. All analysis of

this chapter have been conducted with a free package aML, an useful software for studying

multi-spell, multi-level models with huge data sets. aML does not have a pre-built procedure

for the bootstrap method and we used a PERL routine to do it. We would like to thank Dr.

Fabrizio Iozzi for helping us in writing and implementing this procedure. At each replication,

we bootstrapped the 20% of the original sample. We used 100 replications and clustered the

observations at the woman level.

One of the major explanations brought forward for the emergence if low fertility in

Italy (and other Mediterranean countries) has been increased education and labour force

participation among women. The argument relies on the fact that higher education and

earnings increase women’s opportunity cost, which in turn delay the onset of childbearing

and therefore reduce completed fertility. As expected, our model shows that women with

high wages tend to delay the first birth: this is not unexpected since education is the most

powerful predictor for potential earnings. However, we also find a strong recuperation effect
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of high earning women. The recuperation takes place both through first and second births.

As a consequence, by the age of 40 high earning women have caught up with low earning

women almost completely. Interestingly, socio-economic status as measured by the predicted

wage, has little effect on third birth.

To overcome the estimation problems caused by women specific unobserved character-

istics we control for sample heterogeneity. In particular we show that the introduction of

the unobserved heterogeneity term is important, but the assumption about its functional

form is not. The case of a non parametric specification of the random effect identifies two

different groups. The first can be though about as “movers”, i.e. women considered more

family oriented and making the transition faster than the “stayers”.

In order to asses which wage level captures the largest part of the variance of the unob-

served heterogeneity, we interact the random effect with different socio-economic groups (i.e.

predicted wages). Women with relatively low and high wages are the typology of women

for which it is more difficult to explain their attitude towards fertility decisions without

considering other unobserved characteristics.

Chapter 3 tackles a more methodological issue. It presents a series of Monte Carlo

simulation-based analysis to study the consequences of the omission or misspecification of

unobserved heterogeneity in single spell discrete time duration models. A preliminary version

of this chapter has been published as a working paper (n. 2006-53) of the Institute for Social

and Economic Research and it is a joint work with Cheti Nicoletti from ISER.

Empirical researchers usually use statistical models which can be easily estimated with

the help of commonly available software packages. Sequential binary models with or without
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normal random effects are an example of such models, because they can be adopted to

estimate discrete time duration models in presence of unobserved heterogeneity. But an

easy-to-implement estimation may incur a cost. We assess the effects of ignoring Unobserved

Heterogeneity using time variant, time invariant and mixture explanatory variables and of

misspecifying its distribution imposing a Gaussian Random Effect when the real distribution

is a gamma or discrete one with a specific emphasis on discrete time hazard models.

We extend the well known results for continuous time duration models to discrete one. In

particular for continuous models, Ridder (1987) using Monte Carlo Simulations and Dolton

and van der Klaauw (1995), Meyer (1990) and Trussell and Richards (1985), empirically,

find that omitting the Unobserved Heterogeneity, if the duration dependence is modeled in

a flexible way, do not bias the estimated coefficients.

For discrete time single spell models, Baker and Melino (2000) find that even when

controlling for a flexible duration, but ignoring the Unobserved Heterogeneity, the parameters

are biased. We believe this result is due to the fact that sequential binary models are

identified up to a scale normalization and models with different specification may imply a

different normalization.

We find that ignoring the unobserved heterogeneity in sequential logit models causes

an overestimation of the negative duration dependence and an attenuation of the covariate

coefficients but this attenuation is due to the fact that all the coefficients are rescaled by

the same factor. Since coefficients in binary models are always identified up to a scale

normalization, inference should not be affected by the unobserved heterogeneity omission

except for the duration dependence. Furthermore, it seems that misspecification of the

unobserved heterogeneity distribution does not affect the estimation results.

7



Changes in the error distribution (logistic, Gaussian and extreme value) bias the duration

dependence estimation but cause only a rescaling by a factor of the estimated coefficients.

Given that coefficients in binary models are identified only up to a scale normalization, the

rescaling by a factor issue is not problematic.
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Chapter 1

Women’s Wages and Childbearing

Decisions: Evidence from Italy.

1.1 Introduction

During the early 1990s, Italy became one of the first countries to reach lowest-low fertility,

i.e. a Total Fertility Rate (TFR) below 1.3. Whereas the reasons behind the Italian fertility

decline are many, a prominent explanation suggests that it has been driven by increasing

opportunity costs. Certainly, the strong fertility decline during the nineties was followed

by a significant increase of education and labour force participation among women. Given

this setting it is of interest to establish the extent to which women’s wages are linked to

their fertility decisions. As a result we analyse fertility behavior of Italian women during

the period 1983 to 2003. We pay particular attention to the role of potential incomes

(or predicted wages), which in turn depend directly on women’s educational attainment,

and therefore their opportunity cost, and we investigate how this affects their childbearing

decisions.

9



So far research on this issue in Italy has been hampered by lack of data sources that

contains information on both fertility behavior and women’s income or earnings. We over-

come this problem by combining two different data sets. Data from the Italian Institute of

Statistics Labor Force Survey of 2003 (ISTAT-LFS from now on) are used to reconstruct

women’s fertility histories. Potential wages (i.e. hourly labour income) are derived from the

income and earnings data from the Bank of Italy Survey of Households’ Income and Wealth

(BOI-SHIW, 2002 from now on). Data from the BOI-SHIW are thus used to predict women’s

potential wage, which is then introduced as an explanatory variable in discrete time hazard

regression models for first, second, and third births.

Our analysis includes women aged between 15 and 40 years in 2003. Their predicted

wages depends on a range of background variables, including their educational attainment.

As such the predicted wages reflect their potential wage, which in turn is a measure of their

socio-economic characteristics. Thus our interest lies in assessing the extent to which socio-

economic characteristics may play a key role in the postponement of motherhood in Italy

and its differential impact in the transition to first, second and third birth. In particular,

we assess whether differences in socio-economic characteristics are the only determinants in

these transitions, or whether other socio-cultural features might be responsible for delayed

motherhood and its impact on second and third birth decisions.

The remainder of this chapter is organized as follows. In Section 1.2 we review the

existing literature and describe the main features of the Italian setting as far as childbearing

decisions are concerned. Section 1.3 provides a description of the data and methods we use.

In section 1.4 we present our main results. Section 1.5 includes concluding remarks and some

policy considerations.
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1.2 Background

1.2.1 Previous Literature

It is useful to start from an economic perspective when considering the role of wages and

income on fertility. Becker (1960) argues that there should be a positive correlation between

the number of children and the household income. Highly educated mothers, however, tend

to substitute the number of children with child quality (see Becker and Lewis 1973). Since

both production and rearing of children are time intensive, an increase in wage rates induce

a negative substitution effect on the demand for children (see for instance Becker 1965;

Mincer 1963). To this extent, theoretical research on fertility (like Hotz, Klerman and Willis

1997; Becker 1981; Willis 1973) shows that women’s income is negatively associated with

childbearing as a higher income implies higher opportunity cost of children. In other words,

with high earnings, it becomes more expensive for her to take time away from work to

rear children. In general the opposing income effect is unlikely to outweigh the negative

substitution effect. Overall therefore we would expect the effect from women’s wages to be

negative. For men, in contrast, the income effect tends to dominate since they spend less

time on rearing children, though the magnitude of these effects will vary across countries

and birth parity (Butz and Ward 1979; Willis 1973).

Ermisch (1989) provides an important extension to the Beckerian argument - the insight

being that women’s fertility decision does not only depend on their wages, but also on

availability of external child-care. In the presence of costly external child-care, women with

very high earnings, traditionally having a high negative opportunity cost of childbearing,

may instead have more children, because they are more able to afford external child-care.
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Those with very low wages are less likely to afford external child-care, but may still have

higher fertility due to low opportunity costs. In this scenario both low and high income

women will have more children, whereas those with middle income will have lower fertility

(i.e. lower demand for children). The argument depends of course on the availability of

child-care. We might expect such effects in Scandinavian countries, whereas in Italy we

expect to see more of the traditional pattern.

In recent years research has shifted towards investigating the timing of births rather

than completed fertility (see for instance Heckman and Walker 1990a). In these studies,

hazard rate models are used to empirically analyse the timing and spacing of births. Most

of the studies show that, compared to women with low opportunity costs, women with

high wages (i.e. high opportunity cost of having children) have births later. There is also

ample evidence to suggest that presence of children has a significant negative impact on

the woman employment probability (see Mroz 1987; Heckman and MaCurdy 1980). Thus,

women’s labour supply and fertility are joint decisions, and cannot be considered as separate

processes.

Likewise, the decision of entering parenthood has important time dimensions to it. A

couple may want to pay attention to the cost of having children early, comparing it with the

cost of having them later. In such a way, the optimal age of having the first birth can be

seen as a trade-off between investment in human capital and career planning (see Gustafsson

2001). As emphasized by Cigno and Ermisch (1989), Cigno (1991, chapter 8) and Gustafsson

and Wetzels (2000), it is important to take into account possible consequences of lifetime

earnings given different scenarios of birth timing and spacing. In light of this it may be

optimal for many women to delay motherhood until the opportunity cost of child-care (with
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respect of her career) have decreased, which implies completion of education and getting a

foothold in the labour market, before entering motherhood.

Formally, timing of first birth is a function of the opportunity cost of time and the foregone

human capital cost (Gustafsson 2001; Cigno, 1991). However, the effect of income on the

timing of births may work through different paths. Gustafsson (2005) suggests that, for

Swedish young individuals, the postponement of formal education works by delaying couple

formation rather than by delaying parenthood once the couple is formed. So, family policies

may have a pro-natalist effect in allowing Swedish couples to have the first child earlier.

A somewhat different interpretation is offered by Amuedo-Dorantes and Kimmel (2005)

asserting that college-educated mothers can profit from delaying motherhood, because they

are in a position to negotiate a family-friendly work environment with flexible work schedules.

An important part of the existing literature argues that women’s responsibility for child-

rearing may reduce her time in paid work. Joshi (1990), for instance, analyse how work

patterns can be different (in terms of switching from full time to part time work or not

employed) by comparing mothers with childless women. The causal direction is explained

through the impact of children on the women’s job market opportunities and their level of

income. Miller (2005) and Waldfogel (1998) offer similar perspectives.

1.2.2 The Italian setting

Figure 1.1 provides stylized facts of fertility in Italy.

Two important trends are prevalent for the last two decades in Italy: a sharp decline in

total fertility and a steady increase in women’s educational attainment, which is followed by
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higher female employment rates (see also Figure 1.2). For that period and using a sensitivity

analysis, Rindfuss, Guzzo and Morgan (2003) showed that a 1% increase in female labour

force participation was associated with a 3.15% decline in Total Fertility Rate. During the

same period, the mean age of onset of motherhood increased from 25 years in 1980 to almost

27 in 1990, reaching a level of 28 years in 1995 and 28.7 in 1997 (Figure 1.2). As Kohler,

Billari and Ortega (2002) point out, Italy has been, together with Spain, the first country

to reach the threshold of so-called lowest-low fertility, i.e. below 1.3 children per woman.

Figure 1.1: Education, Fertility and Woman Participation Rates in Italy (1992-
2004).

Notes: Fertility rates: 1998 and 1999 are provisional values and 2000, 2001, 2002 are estimated values. Education is
the percentage of the female population aged 20 to 24 having completed at least upper secondary education. The female
employment rate is calculated by dividing the number of women aged 15 to 64 in employment by the total female population
of the same age group.

Source: EUROSTAT. http://epp.eurostat.ec.europa.eu.

It is well established that the emergence of the lowest-low fertility in Southern Europe

is not connected to any steep increase in childlessness (Billari and Kohler 2004). Available
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parity-specific data on fertility show that most of the fertility decline in Italy during the

last twenty years is due to the sudden decrease of the progression to the second, third and

subsequent children. As a consequence, the probability to have a first child has not changed

in spite of the tremendous economic and social changes characterizing Italy during the second

half of the 20th century (see Dalla Zuanna 2004). Moreover, the personal ideal family size

for around 60% of Italian women aged 20-34 years is two children; while one quarter have a

preference for large families (Goldstein, Lutz and Testa 2003).

Figure 1.2: Mean age at first birth, at childbirth and TFR in Italy (1960-2000).

Notes: Mean age of women at childbearing is the mean age of women when their children are born. For a given calendar
year, the mean age of women at childbearing can be calculated using the fertility rates by age (in general, the reproductive
period is between 15 and 49 years of age).

Source: Council of Europe (2001), Recent Demographic Developments in Europe.

http://www.coe.int/t/e/social cohesion/population/demographic year book/2001 edition/Italy%202001.asp#TopOfPage.

Economic factors might thus shape a) the timing of first birth more than the probability
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of ever having a first birth and b) the timing and the probability of ever having births of

higher order. Data from opinion surveys support this idea. In a recent survey (2002) on

a sample of mothers aged around 42, living in five Italian cities, women gave reasons for

why they had stopped at the parity they actually experienced. Concerning the transition

to the third birth (i.e. women who stopped at two children), economic reasons were cited

as important for women who experienced a worsening of their financial situation after the

birth of the first and second child. Many women argued that monetary transfers for the first

three years after the birth of a third child, or a lower but longer financial incentive, could

have changed their decision to stop at parity two (De Santis and Breschi 2003). Although

being possibly biased as an ex-post motivation, this role of economic factors is specific for

third birth.

It is thus reasonable to suppose that increasing financial support to households with

children may have an impact on the probability of having the third and fourth child, mainly

for poorer households (De Santis and Breschi 2003). To this extent, the Welfare Minister

Livia Turco (law number 448 of the Year 1998, Turco’s law from now on) introduced two

policy measures with the explicit purpose of supporting poor households with children. The

measures of the law were introduced in 1999. The first measure provided a cash transfer of

around 110 Euros per month for households with at least three children under 18 who had

low household income levels (i.e. less than 15,000 Euros a year before taxation). This amount

grew slowly year on year, following the life-cost index and it reached around 120 Euros a

month in 2001. The share of households receiving this transfer has been particularly sizeable

for larger households, especially in Southern Italy (Lelleri and Marzano 2002). About 300

million Euros were transferred in total in 1999 and 2000. The second measure had relatively
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mild restriction on income levels and it provided a monetary transfer to households in which

one of the partners (typically woman) was not employed. The transfer, for a period of 5

months, was a monthly amount of 100 Euros in 1999, 155 in 2000, 260 Euros in 2001 and

2002. A significant share of women received this transfer, especially in the South (Lelleri

and Marzano 2002). The two measures could also be simultaneously received, in an additive

way. They were introduced for the anti-poverty purpose of assisting families with many

children, who are at risk of being poor; they were not introduced as pro-natalist measures,

but could be implicitly pronatalist (Whittington, Alm and Peters 1990). Indeed, these two

measures could cause a significant increase in income for low-income households, covering a

non-negligible proportion of the cost of an additional child.

1.3 Data and Methods

Micro evidence on the relationship between the timing and the spacing of births has been

scarce for the Italian case, the main reason being a lack of data sources that consist of wage

and income information that can be linked with women’s fertility histories and where the

latter has sufficient sample size. The data requirement for estimating the impact of wage

on the timing of births is demanding: we need panel data with a long time dimension or

retrospective data on the complete employment and fertility histories. Usually, and this is

our case, a researcher has available only cross section data or panel data with a short time

dimension. Fertility histories may be reconstructed on the basis of the age of the children in

the household but the complete labour market history of the women in the household will

be more difficult or even impossible to reconstruct. This is because one observes for each
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household the number of children present and the employment status of the women in the

household only at the time of the interview.

Unfortunately none of the currently available Italian data sets contain all the required in-

formation. The BOI-SHIW, 2002, contains detailed information on employment and income

of family members, labour market activities, payment instruments and forms of savings,

socio-demographic characteristics of the household. However, the sample size is too small

to conduct fertility analysis, particularly for third births. The ISTAT-LFS, 2003, provides

detailed information on the family structure, labour market, work experience, part time and

full time employment. The main drawback of this survey is that it does not collect informa-

tion on household earnings and income. The sample size is however large and suitable for

fertility analysis.

In order to overcome these limitations, we combine the two data sets. We use the

BOI-SHIW data set to estimate earnings equations, from which the predicted earnings are

matched onto women in the ISTAT-LFS data set.

1.3.1 Bank of Italy Survey of Italian Households’ Income and

Wealth (BOI-SHIW)

The BOI-SHIW started in 1964. Its main aim was to collect information on income and

savings of Italian households. During the past few years, however, new questions about

payment instruments and different forms of savings were introduced. The survey collects

information on more than 22,100 individuals (8,011 households) with 13,536 individuals re-

ceiving an income. From the survey we have information about the activity of the employees
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(their total net income, average worked number of hours, hours of paid overtime), their

professions, whether they are sole proprietors or free-lances, contingent worker employed on

none account (if they worked all year or only for part of the year, their net earnings and

average worked number of hours), about the family businesses, active shareholder/partner,

pensioners and other income such as scholarship, alimony etc. For each individual we have

the annual income and their wages.

Our unit of analysis is the woman. We only consider households where it is possible to

link every woman with their co-residing children. In total this produces a sample of 20,003

individuals with 4,749 women in their childbearing stage. In other words, we consider women

aged less than 45 years, who are not pensioners or not studying.

1.3.2 The Italian Institute of Statistics Labor Force Survey (ISTAT-

LFS)

The ISTAT-LFS is a quarterly and continuous survey implemented since 1959. For each year

four waves are carried out. The survey collects information on more than 300,000 house-

holds, which constitutes around 800,000 individuals (1.4% of the total national population)

distributed over 1,351 municipalities (out of 8,000). The ISTAT-LFS is the principal data

source for assessing the Italian labour market. The sample design is a two stage rotating

sample design with stratification of the primary units (municipalities). Each household is

included first in two waves, then left out for two waves and then included in another two

waves. The ISTAT-LFS offers different sections dealing with demographic characteristics

of the households, present job (with all the information taken from the month before the
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interview), job experience, looking for a job, relationship with public employment centres.

However, there are no retrospective fertility histories available. Instead we know the number

of children (and their age) living in the households where the woman is either the household

head or the spouse of the household head.

Fertility histories are derived from recorded co-residing children at the time of interview.

We are able to reconstruct retrospective fertility histories for each women back to 1983.

The sample includes a small amount of adopted children or stepchildren but we exclude

any offspring who might have died or moved away. In Italy mortality at adult age is low

and children of divorced parents are almost exclusively living with their mothers and a very

low proportion of young individuals leave the parental household before 23 (Aassve, Billari,

Mazzucco and Ongaro 2002). Nevertheless, in order to ensure that the recorded children are

the only ones of the mother, we limit the analysis to only include women who are aged 40

or less in 2003. Given that the mean age of leaving home is rather high in Italy (Aassve,

Billari, Mazzucco and Ongaro 2002) this selection does not reduce the sample by much. We

also exclude households where we were unable to link children with mothers (i.e. male head

of the household with no wife and all single men). In this way we have a sample of 34,914

women. In total, the fraction of women that can be matched with their co-residing children

is 95%. Unfortunately, we are not able to use information of husbands since we only know

the marital status of women at the time of interview. As a result we are prevented from

reconstructing retrospective marriage histories. This problem also applies to widows in that

we do not know when the husband died.

Table 1.1 and Figure 1.3 report the relevant sample statistics. Given our sample of women

aged 15 to 40, Table 1.1 shows that the mean age at first birth is 26.2 years when evaluated
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Table 1.1: Mean age at first, second and third birth per Regions and level of
Wages.

Wage ≤ 25th percentile Wage ≥ 75th percentile
Transition to 1st birth:

26.2 22.2 29.6
South 25.0 22.5 30.5
Centre 26.7 20.5 29.7
North 27.1 18.6 29.4

Transition to 2nd birth:
28.9 25.9 32.1

South 27.9 26.2 32.7
Centre 29.5 25.1 31.9
North 29.9 21.9 32.0

Transition to 3rd birth:
30.8 29.2 33.4

South 30.4 29.4 34.1
Centre 31.3 27.7 33.1
North 31.3 23.8 33.2

Notes: The percentiles refer to the distribution of predicted hourly wage from the estimated wage equation as reported in
Appendix A. The means are for closed birth interval only (computed only for women experiencing a birth). The 20 Italian
Regions are classified according to the following. Piemonte, Valle d’Aosta, Lombardia, Liguria, Trentino, Veneto, Friuli
Venezia Giulia, Emilia Romagna belong to the North. Toscana, Umbria, Marche, Lazio are considered Central Regions.
Abruzzi, Molise, Campania, Puglia, Basilicata, Calabria, Sicilia, Sardegna belong to the South.

Source: Own Calculation from ISTAT-LFS, 2003, with fertility histories retrospectively reconstructed from 2003 back in

1983.

over the sample period from 1983 to 2003. Because of the non homogenous institutional

background, the regions are stratified into North, Center and South. While poor women in

the North (where poor means an hourly wage lower than the 25th percentile of the wage

distribution for the whole country) starts to have children early, women in the South tend to

delay motherhood until they are 22.5. Transition to second birth takes place on average three

years after the first child is born with high wage mothers in the South delaying more than

the other ones. The third birth, instead, seems to succeed the second one with a shorter

interval: if a woman is having a third birth she only wait, on average, 2 years since the
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previous one. Again, low wage mothers living in the North tend to concentrate their fertility

history in a shorter time span: they start at 18.6 and end it after 5 years (conditional on

reaching the threshold of the 3rd birth).

Figure 1.3 reports the financial situation of an average woman, where average refers to

mean centered wage. Median wage increases over time at decreasing rate. For a low wage

woman, it grows quickly until it reaches the zero threshold at age 29, but a different setting

is offered by a high wage woman who shows a positive, albeit slow, increasing wage since the

age of 19.

Figure 1.3: Median Hourly Wage per age of an average woman.

Source: Own Calcutation from ISTAT-LFS, 2003 where wage is the predicted hourly wage estimated in Appendix A. A

negative wage means it is smaller than the average wage per age.
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1.3.3 Methods

Our methodological strategy can be summarized in three steps. First, we estimate wage

equations based on the BOI-SHIW data. Second, we match predicted wages onto the ISTAT-

LFS data using common characteristics of women in both data sets. Third, we create three

sub-samples consisting of women being at risk of the first, second and third birth.

The details of estimation of wage equations is given in Appendix A. The estimation of

the impact of predicted (and time-varying) wage ω̂it on fertility is implemented through a

set of discrete time event models. Consider a series of P predictors X1ij, X2ij, ..., XPij and

let xpij denote individual i ’s values for the p-th predictor in time j. The hazard function is

defined as:

h(tij) = Pr[Ti = j|Ti ≥ j and X1ij = x1ij, X2ij = x2ij, ..., XPij = xPij] (1.3.1)

that is, the population value of discrete-time hazard for person i in time period j is the

probability that he/she will experience the target event in that time period, conditional on

no prior event occurrence and his or her particular values for the P predictors in that time

period (Jenkins 1995).

We estimate a variety of models and the specified baseline is different depending on birth

parity:

A. Baseline for the model of the first birth is:

logit(hij) = [α15Ai15 + ... + α40Ai40] (1.3.2)

where Aij, j = 15, ..., 40 are dummy variables indicating a non-parametric specification
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of time and

Aij =





1 if i-th woman is j-years old

0 Otherwise

(1.3.3)

so that the baseline for the model of the transition to first birth is a function of the

age of the woman.

B. Baseline for the model of the second birth is:

logit(hij) = [β1Di1 + ... + β25Di25] (1.3.4)

where Dij, j = 1, 2, ..., 25

Dij =





1 if i-th woman is observed after j-years from the birth of the first child

0 Otherwise

(1.3.5)

so that Dij is a function of the spell, duration, from the first birth. (The baseline is

similarly specified for the third birth).

In order to asses the impact of wage of fertility different specification of the model are

offered:

C. General Wage Effect :

logit(hij) = [δ1Pi1 + ... + δJPiJ ] + π1ω̂ij + π2ω̂
2
ij (1.3.6)

where Pij, j = 1, ..., J

Pij =





Aij if first birth is under study

Dij if second/third birth is under study,

(1.3.7)

24



Aij and Dij specified as in (1.3.3) and (1.3.5) respectively and ω̂ij is a time-varying

covariate, predicted according to equation (A.0.5) as showed in the Appendix A.

D. Wage Effect and Duration Effect :

logit(hij) = [δ1Pi1 + ... + δJPiJ ] + π1(ω̂ij ∗Pi1) + π2(ω̂ij ∗Pi2) + ... + πJ(ω̂ij ∗PiJ) + γHi

(1.3.8)

where

Hi =





0 if first birth is under study

age first childi if i-th woman is at risk of second birth

age second childi if i-th woman is at risk of third child,

(1.3.9)

Pij, j = 1, ..., J is specified as (1.3.7) indicating the duration effect, ω̂ij is a time-varying

covariate for the i-th woman at time j, predicted according to equation (A.0.5), age

first childi is the age at which the i-th woman had the first child (a woman is at risk

of the second child since she had the first one), age second childi is the age at which

the i-th woman had the second child and the term ω̂ij ∗ Pij simultaneously captures

the wage and the duration effect for the i-th woman at time j.

E. Institutional/Cultural Effect :

logit(hij) = [δ1Pi1 + ... + δJPiJ ] + ξk(ω̂ij ∗
∑

k∈{S,N,C}
dik) + τk(

∑

k∈{S,N,C}
dik) +

+ γHi + π1(ω̂ij ∗ Pi1) + π2(ω̂ij ∗ Pi2) + ... + πJ(ω̂ij ∗ PiJ) (1.3.10)
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where k ∈ {South, Centre, North},

dik =





1 if i-th woman lives in the k-th geographical part of Italy

0 Otherwise

(1.3.11)

Pij specified as in (1.3.7), ω̂ij estimated according to equation (A.0.5), Hi defined in

(1.3.9) and ω̂ij ∗ Pij simultaneously captures the wage and the duration effect for the

i-th woman at time j.

F. Turco’s Law (1999):

logit(hij) = τk(
∑

k∈{S,N,C}
dik) + Ni + Fi + Fi ∗Ni (1.3.12)

where j = 1983, ..., 2003,

Fi =





1 if i-th woman has low wage (predicted distribution)

0 Otherwise,

(1.3.13)

dik defined in (1.3.11) and

Ni =





1 if j ≥ 1999

0 if j < 1999.

(1.3.14)

In all our discrete time duration models (estimated from ISTAT-LFS), the wages are

predicted from BOI-SHIW. The standard errors are consequently corrected for the fact that

we use generated regressors in the fertility equation (see Pagan 1984; Arellano and Meghir

1992). To do so we use the bootstrap method with 300 replications and observations clustered

at the woman level. Any further increase in replications does not significantly affect the

estimated standard errors.
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1.4 Results

In this section we present results showing how predicted wages may affect the risk of having

the first, second and third birth. We conclude the section by including the empirical evidence

concerning Turco’s Law (1999). The estimations ignore the effect of the man’s wage, because

we are not able to go back and reconstruct retrospectively when a woman got married (we

only have information about the marital status in 2003).

1.4.1 First Birth

As expected the baseline hazard for first births depicts an inverse U-shape. The effect of

wages is approximated by a second order polynomial, which simply means that we include

wages and its squared term in the regression. Column (1) of Table 1.2 shows that the

general effect of women’s wage is negative: the higher the wage, the lower is the risk of

entering motherhood (-0.407). The effect of wage is however nonlinear which is confirmed

by the positive coefficient associated with the square term. If controlling for wage and its

squared term only, the mean age of first birth is estimated to be between 30 and 31 years

of age. This effect is however an overestimate. In 1997, for example, the average age at

first birth was 28.7 (See Council of Europe (2001), Recent Demographic Developments in

Europe). As shown in Figure 1.4, once we control for interactions between age and wage,

the baseline hazard is shifted to the left (an anticipation effect), resulting in a correct mean

age for the first birth being between 27 to 28.

In column (3) and (5) of Table 1.2 we report the estimated coefficients for women being at

risk of the first birth where wage has been stratified by age and interacted with region. This
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Table 1.2: Transition to First Birth and Wage Effect

Variable Coeff. (Std. Err.) Coeff. (Std. Err.) Coeff. (Std. Err.)
(1) (2) (3) (4) (5) (6)

General Wage Effect:
Wage -0.407∗∗ (0.007)
(Wage)2 0.070∗∗ (0.003)

Wage and age:
Wage × age (15-17) -0.770∗∗ (0.074) -0.698∗∗ (0.076)
Wage × age (18-20) -0.508∗∗ (0.020) -0.436∗∗ (0.021)
Wage × age (21-23) -0.620∗∗ (0.016) -0.540∗∗ (0.017)
Wage × age (24-26) -0.494∗∗ (0.013) -0.409∗∗ (0.015)
Wage × age (27-29) -0.330∗∗ (0.014) -0.244∗∗ (0.017)
Wage × age (30-31) -0.104∗∗ ((0.021) -0.021 (0.024)
Wage × age (32-33) -0.064∗ (0.025) 0.018 (0.028)
Wage × age (34-35) 0.070† (0.039) 0.152∗∗ (0.041)
Wage × age (36-40) 0.121∗ (0.052) 0.206∗∗ (0.054)

Region effect :
Center -0.244∗∗ (0.023)
North -0.191∗∗ (0.020)

Wage and region:
Wage× Center -0.008 (0.019)
Wage× North -0.058∗∗ (0.016)
Constant -6.167 (0.056) -6.561∗∗ (0.157) -6.355∗∗ (0.163)

No. of Observations 425,014 425,014 425,014
No. of women 34,129 34,129 34,129
No. of Spells 25,281 25,281 25,281
Pseudo R2 0.084 0.087 0.088
Log-L -87643.313 -87354.001 -87265.406

Notes: Discrete-time logit hazard regressions. Baseline not reported. Reference category for Region is South. Columns

(1), (3) and (5) correspond to equations (1.3.6), (1.3.8) and (1.3.10) respectively. Bootstrapped standard errors in parentheses.

Standard errors are computed using 300 bootstrap samples.

†p < 0.1; ∗p < 0.05; ∗∗p < 0.01.
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Figure 1.4: Baseline for the First Birth

Notes: Estimated baseline from equation (1.3.6) and (1.3.8). Women between 15 and 18 are the reference group.

allows us to understand how wage impacts on first birth after controlling for age and cultural

or institutional effects. Column (3) of Table 1.2 shows that wage has a strong negative effect

on the risk of the first birth for young women, the effect becoming closer to zero at the age of

34-35. The result shows that women with high wages have a higher likelihood of postponing

motherhood, and confirms the importance of wages in driving the onset of motherhood.

When controlling for regions (column (5) of Table 1.2), we mostly find the same negative

pattern for younger women but the turning point is now between 32-33 years. After 34 years,

increasing wage by one unit increases the likelihood to experience motherhood. Women in

Central Italy are less at risk of first birth when compared with women in the South: a similar

pattern (bigger in absolute value) is showed by Northern mothers (column (5) of Table 1.2).

However, when controlling for cultural and institutional effects (Wage and Region effect of
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Table 1.2), high wage Northern women are less likely to become mothers for the first time

compared to the Southern one.

Figure 1.5: Timing of first birth for a low and high wage woman

Notes: Logit(Hazard) estimated from Table 1.2, column (3). Low and High wage are constant through age: low (high)

wage are set equal to the 10th (90th) percentile of the hourly wage distribution.

In order to better understand how different wage levels affect the timing of first birth,

we simulate the hazard paths for a low and high wage woman. We choose two extreme

situations. A low wage woman is assigned a wage set to the 10th percentile of the hourly

wage distribution, while a high woman’s predicted wage is set to the 90th percentile. Both

paths are plotted together with the hazard of the median wage woman in Figure 1.5. The

Figure shows a non proportional hazard: low wage women are at a higher risk of experiencing

the first birth when they are very young, reaching the maximum level when they are aged
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between 25 and 30 years of age. High wage women tend to delay, maximizing the likelihood

for the first birth when they are 30 or older. The median wage woman has, not unexpectedly,

an intermediate position. When the three paths cross (at age 32) low, median and high

wage women experiences similar risks though with the difference that low wage women have

already reached their maximum, the median woman is at the maximum risk level and the

high wage woman is yet to reach the maximum.

Figure 1.6: Predicted Survival Curves. Postponement and Recuperation Effect.

Notes: Median predicted survival per ages with wage evaluated with a mobile threshold (25th, 75th, 90th percentile) per

ages. The proportion of women childless is estimated from Table 1.2, column (3). Recuperation effect is the vertical distance

between the three predicted survival curves.

In addition to plotting the hazard rates, we also plot the simulated survival curves in

Figure 1.6. A highly interesting pattern here is the strong recuperation effect among high

wage women. Though the recuperation is not complete, the Figure suggest that high wage
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women are in effect quite similar to low wage women in terms of completed fertility of

first parity. In other words, high wage women start the onset of motherhood later, but

recuperate after some time. This pattern is rather stable, and persists also when the high

wage women are defined according to the 75th percentile as opposed to the 90th percentile.

The same is true if low wage women are defined according to the 25th percentile. We find

that higher wages have their primary effect on postponement of first birth so that when

wages are higher, pregnancy tends to be concentrated in a shorter span of the life cycle

that starts later in life. This is in line with the opportunity cost theory (see Heckman and

Walker 1990a): few employed mothers would quit their job to have children if an exit from

the labour market could seriously damage their future labour market prospects (Boix 1997).

This effect would be more important the greater the uncertainty in the labour market or the

higher the unemployment rate, and is one of the reasons why Central and Northern regions

exhibits negative estimated coefficients for the risk of the first birth when compared to the

South (where there is higher labour market uncertainty).

The paths may also be explained in terms of recruitment policies which differ across

regions. As many firms often recruit young talents prior to motherhood rather than women

in the post-parental phase, this might reinforce postponement incentives (Gustafsson 2001).

The negative coefficients of the interaction between wage and region (column (5) of Table 1.2)

can therefore be explained by the large presence of public jobs in the South where working

women are mostly employed in teaching or administrative activities, mainly driven by a lack

of private firms. Women working in public sectors tend to have permanent contracts and

pre/post maternal paid periods, providing greater stability (i.e. low likelihood experiencing

job redundancy). In the North, in contrast, the style of work life changes considerably,
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with a much higher prevalence of private firms. To this extent women from the North,

normally with higher wage levels, are forced to postpone motherhood until they reach a

certain position in their career planning. Consequently depreciation of women’s human

capital due to temporary absence from the labour force due to childbearing, might be more

severe compared to women in the South (Bernardi 2003 offers a qualitative research on the

role that social influence plays on the transition to motherhood in Italy).

Another argument which is consistent with the negative interaction between wage and

region is that, presumably, mothers with higher career prospects decide to postpone ma-

ternity until they obtain a more stable labour market situation (e.g. getting a permanent

contract (see de la Rica and Iza 2005 for an explanation for the Spanish case). Unfortunately,

our data reconstruction of women’s job history makes it difficult to verify these hypothesis.

However, it seems there is no institutional/cultural effect driving the first birth decision. If

this was the case, we should have found a positive coefficient for the interaction of wage with

North where a more efficient child care system is set up in order to help working mothers to

conciliate job and family decisions.

1.4.2 Second and Third Birth

A woman becomes at risk of second birth once she experienced the first. Similarly, she

becomes at risk of the third once she has experienced the second. A trivial consequence

of this obvious fact (yet important for completed fertility) is that the age of a woman at

the time she becomes at risk may affect second (and third) birth fertility (see Heckman and

Walker 1990b). Our estimates in Table 1.3 prove that the higher the age of first birth, the
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less is the risk of second birth (-0.014).

Table 1.3: General Wage Effect for Second and Third birth.

Variable Coefficient (Standard Error) Coefficient (Standard Error)

Transition to second birth Transition to third birth

General Wage Effect :

Wage -0.073∗∗ (0.009) -0.0004 (0.022)

(Wage)2 0.066∗∗ (0.005) 0.099∗∗ (0.012)

Age at first birth -0.014∗∗ (0.003)

Age at second birth -0.102∗∗ (0.007)

Constant -3.615∗∗ (0.078) -2.166∗∗ (0.207)

No. of Observations 147,539 98,418

No. of Women 25,227 14,483

No. of Spells 14,334 2,506

Pseudo R2 0.086 0.047

Log-L -42928.736 -11103.104

Notes: Discrete-time logit hazard regressions for second and third birth. Baseline not reported. Estimated equation (1.3.6).

The number of women at risk of a second birth differs from the number of spells reported in Table 1.2 because women having

twins as first births are not in the risk set of second birth, but they are directly at risk of a third birth. Bootstrapped standard

errors in parentheses. Standard errors are computed using 300 bootstrap samples.

†p < 0.1; ∗p < 0.05; ∗∗p < 0.01.

The coefficient for the age of second birth is smaller than the previous one, meaning that

the risk of having a third child is strongly negatively correlated with the age at which second

birth took place. In other words, mothers who tend to delay first birth are at a lower risk

of having a second birth and those who delay the second have lower likelihood of having

a third. Also in this case wage has a negative effect on fertility at a decreasing rate. The

main difference is that while the wage effect for second birth is negative and significant, the

coefficient for the third birth is near zero and insignificant, indicating that the wage effect

plays a marginal role in third births.

Looking more specifically at how wage may affect transition to second and third births,

as reported in Table 1.4, we find the coefficients to be of similar intensity when controlling
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for wage and interaction with duration, region effects and institutional effects (see age at

the first and second birth in Table 1.3 and Table 1.4). Wage has a negative impact on the

probability of second birth one to two years after the first birth (column (1) of Table 1.4).

This is either because households prefer to spend additional resources on the first child or

because it is the moment women tend re-enter the labour market. Even if her wage increases,

she has little incentive to use it for rearing another child. The situation is different after

three to four years. In this case an increase in wage has a positive effect on second birth. A

similar pattern is followed by women at risk of third birth (column (3) of Table 1.4, Wage×

dur (3/4)=0.051). The wage effect is negative immediately after second birth and becomes

positive (though not significant) three to four years after the second birth. This suggests

that the timing for second and third births is positively induced by socioeconomic variables

only three to four years after having experienced previous birth. Afterwards, the risk of

giving a new birth decreases as we move away from the date of the preceding birth. This

is perfectly in line with Heckman and Walker (1990b) point of view concerning 3rd birth

in Sweden: when wages are higher there is a primary effect in reducing third birth and a

secondary effect that forces pregnancy to be concentrated in a shorter span of life cycle.

Table 1.4 shows that women living in the Center and North are less likely to experience

a second/third birth compared to the South. But Table 1.4 also reveals a clear institu-

tional/cultural effect underlined by the interaction of wage and region. An additional unit

of wage for women in the North increases her risk to have a second/third birth. One might

argue that this reflects confidence in the child-care system among working mothers living in

the North and Center (see del Boca, Locatelli and Vuri 2005 for a complete explanation).

In Southern Italy, crêches are not widespread and working mothers tend to prefer informal
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Table 1.4: Wage and Region effect for the transition to Second and Third birth.

Variable Coefficient (Standard Error) Coefficient (Standard Error)

(1) (2) (3) (4)

Transition to second birth Transition to third birth

Age at first birth -0.031∗∗ (0.003)

Age at second birth -0.116∗∗ (0.007)

Wage and duration:

Wage ×dur (1/2) -0.046† (0.024) -0.015 (0.064)

Wage ×dur (3/4) 0.069∗∗ (0.017) 0.051 (0.044)

Wage ×dur (5/6) -0.064∗∗ (0.018) -0.028 (0.052)

Wage ×dur (7/9) -0.150∗∗ (0.024) -0.097∗ (0.046)

Wage ×dur (10/13) -0.168∗∗ (0.044)

Wage ×dur (10/14) -0.328∗∗ (0.063)

Wage ×dur (14/25) 0.130 (0.089)

Wage ×dur (15/24) -0.273 (0.220)

Region effects:

Center -0.432∗∗ (0.031) -0.304∗∗ (0.081)

North -0.489∗∗ (0.025) -0.248∗∗ (0.068)

Wage and Region:

Wage × Center 0.008 (0.031) 0.110 (0.086)

Wage × North 0.225∗∗ (0.021) 0.274∗∗ (0.058)

Constant -2.842 (0.083) -1.552∗∗ (0.212)

No. of Observations 147,539 98,418

No. of Women 25,227 14,483

No. of Spells 14,334 2,506

Pseudo R2 0.091 0.049

Log-L -42686.643 -11089.553

Notes: Discrete-time logit hazard regressions for the transition to second and third birth. Baseline not reported. Reference

category for Region is South. Dur (1/2)= See section 1.3.3 and equation (1.3.5) in particular. The number of women at risk of

third birth differs from the number of spells reported for the transition to second birth because women having twins as second

births are not in the risk set of third birth. Bootstrapped standard errors in parentheses. Standard errors are computed using

300 bootstrap samples.

†p < 0.1; ∗p < 0.05; ∗∗p < 0.01.
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child care, i.e. baby-sitters and grandmothers living nearby. When any of these two con-

ditions is not satisfied, having another child means additional costs in terms of searching

for childminders. The decision to have a second or third birth, even if in presence of higher

wage, is therefore not straightforward (see also Diprete, Morgan, Engelhardt and Pacalova

2003). Different is the situation in the North, where the large presence of public and private

services offers a more reliable child-care system that also facilitates child-care even when

children are very young (del Boca, Locatelli and Vuri 2005).

1.4.3 Turco’s law (1999)

As we point out in the theoretical background, Italy has been one of the first countries to

reach the so-called lowest-low fertility during the early 1990 (Kohler, Billari and Ortega

2002). Many researchers have focussed on the existence of an unmet need for family-friendly

policies as one of the reasons behind lowest low fertility (see for example Demeny 2003).

However, there is little scientific evidence concerning the impact of policies on fertility in

a lowest-low setting. Moreover, there seems to be a general skepticism in the literature of

whether public policies may have an impact on choices concerning fertility.

Table 1.5 considers only women being at risk of third birth, excluding 2003 because the

last wave of the ISTAT-LFS took place in October 2003 and there are no data available for

the births occurred in November and December 2003.

Generally women living in the South are more at risk of third birth when compared to

the Northern ones. After the introduction of the law, the general period effect is negative

confirming the lowest-low fertility for Italy. However, if we restrict the attention to the
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Table 1.5: Assessing the impact of Turco’s Law (1999).

Variable Coefficient (Standard Error)

Region (Ref. North):

South 0.105∗ (0.053)

Center -0.183∗ (0.071)

General trend (Ref. trend before the law):

After 1999 -0.207∗∗ (0.047)

Poor after the law (Ref. poor women before 1999):

Poor after 1999 0.202† (0.120)

(Not poor: Wage>15th perc. distribution)

Poor 0.356∗∗ (0.070)

Constant -4.836∗∗ (0.080)

No. of Observations 86,572

No. of Women 13,971

No. of Spells 2,385

Pseudo R2 0.037

Log-L -10508.879

Notes: Discrete-time logit hazard regression for the transition to Third Birth. Baseline not reported. Estimated equation

(1.3.12). Poor women defined as women with wages less than the 15th percentile of the hourly wage distribution. 2003 excluded

from the estimated equation. Bootstrapped standard errors in parentheses. Standard errors are computed using 300 bootstrap

samples.

†p < 0.1; ∗p < 0.05; ∗∗p < 0.01.

sub-group of poor women, it is clear that after 1999 they are at a higher risk of having a

third birth when compared to the sub-group of poor women before the introduction of the

law. Moreover, increasing the wage of a poor woman of one unit increases the probability

of having a third child, and the effect is statistically significant at the 10% level (0.202).

Cross tabulating the constructed poverty measure and the Region, we observe that 90% of

the poorest women are living in the South. This confirms Official Statistics (Lelleri and

Marzano 2002) showing that a significant share of households living in the South (see Table

1.6) received this transfer.
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Table 1.6: Percentage of families receiving Turco’s Law

1999 2000

Percentage of families with three or more children under 18:

North 14.8 16.2

Center 21.7 23.7

South 58.8 64.2

Percentage of women receiving the second measure over total live births:

North 11.9 12.3

Center 22.8 24.1

South 51.3 56.5

Source: Lelleri and Marzano, 2002

The impact of the law is, however, very much dependent on the specification of the

poverty threshold. If we choose, for example, the 25th percentile of the distribution as

threshold, the law does not seem to have much effect. The law could, reasonably, affect the

fertility decision of very poor women because, only for this particular sub-group, the money

transfer could produce a non-negligible proportion of the cost of having an additional child.

But there can also be other factors (we cannot control for) influencing the positive coefficient

for a poor woman after 1999, not related to the law. Indeed, Figure 1.7 shows that after

1999 fertility of poor women increased, but we cannot be sure whether this is due to the law

or not.

In many respect the results are consistent with Gauthier (2001): ”Overall, thus, the

multivariate studies provide mixed conclusions as to the effect of policies on demographic

and economic behavior, once other factors such as education, wage etc. are controlled for.

The effect, if any, tends to be small. Methodological issues may be at the basis of these

inconclusive findings...”, (see also Gauthier 2004). We can argue that the Law had an impact,
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Figure 1.7: Mean Predicted Hazard (1993-2002).

Notes: Fertility from 1993-2002. Mean predicted hazard per year of a discrete-time logit event history model (estimated

from equation (1.3.12)) where wage has been stratified in low (less then 15th percentile of the distribution), medium (15th

percentile< Wage<= 75th percentile), high (>=75th percentile). In grey the area where Turco’s law could influence fertility.

but we are not able to estimate precisely the magnitude of its influence on increasing the

rate of third births in Italy. The main difficulty lies with availability of data.

In order to asses the causal effect we need to use Regression Discontinuity techniques (or

similar) that identifies the impact of the policy measure with the shift in the regression line

before and after the law is introduced. The main problem is that our instrument (the wage)

that discriminates between treated (who received the money) and not treated is estimated

(see Appendix A) and we are not able to clearly identify the group of compliers (see Hahn,

Todd and van der Klaauw 2002 for an explanation). This is because we need to identify the

impact of the law on wage and how wage of poor households changed after receiving the

benefit from the State.

40



1.5 Summary and Concluding Remarks

The aim of this chapter is to find an empirical connection between the striking increase in

women’s labour force participation and the delay in motherhood and the transition to second

and third birth in Italy, though the impact of potential outcome.

Using two different data sets (from the ISTAT -LFS, 2003 and the BOI-SHIW, 2002),

we estimate the effect of predicted wages on the postponement of motherhood. First, we

estimate a wage equation including detailed controls for women’s educational attainment

using a Tobit model. Second, we use the predicted wage as a regressor in discrete time

hazard models for the transition to first, second and third birth. We find that the wage effect

is negatively correlated with having children. The magnitude, however, varies according to

the birth order. Wage has a strong negative effect in the timing of first birth. Consistent

with opportunity cost theories women with higher wage tend to delay motherhood. Our

estimates suggests a non-proportional hazard and a strong, though incomplete, recuperation

effect. Women with higher wage start having children later, but recuperate after some time,

while poor women start earlier. Furthermore, there is no evidence that institutional or

cultural effects are responsible for the postponement of maternity.

The pattern is different for second and third births. The wage effect is always negative,

but it has smaller intensity compared to the first birth. The coefficient for third birth is close

to zero, confirming that wage plays a relatively small role. Nevertheless, we find evidence

of institutional differences in the decision of having more than one child. The empirical

evidence for birth order two and three is in line with Ermisch (1989) indicating that the

effect of women’s wage depends on the availability of external child care. More specifically,
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an additional unit of wage for a Northern woman increase the risk of experiencing a second

and third birth because they are more confident in the availability of a good child-care

provision.

We conclude the empirical analysis by focussing on a public policy implemented in Italy in

1999 (Turco’s law) which supported (through monetary transfers) households with children.

Our estimates give some support for the law having an effect. But it is not clearly identifiable

and quantifiable given our methodological approach, which in turn was driven by the data

available. Despite this limitation our results provide interesting evidence of the key role wage

plays in fertility decisions.
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Chapter 2

Socio-economic Differences in

Postponement and Recuperation of

fertility in Italy: Results from a

Multi-Spell Random Effect Model.

2.1 Introduction

It is a widely held view that postponement in fertility leads to a general decline in the total

fertility rate (TFR). In other words, the longer a woman delays the onset of her child bearing

career the lower is her completed fertility. This has been documented in various studies and

the pattern has been accepted as an empirical regularity across cohorts and countries (see

for instance Billari and Kohler 2002; Bumpass and Mburugu 1977; Bumpass, Rindfuss and

Janosik 1978; Marini and Hodson 1981). This regularity has sparked considerable research

into the determinants behind the timing of first births, arguing that a greater understanding

of the driving forces behind the onset of the child bearing career, also informs us about
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the determinants of completed fertility. One of the important findings from this literature

is that women with higher education or higher earnings potential tend to postpone first

birth (Blossfeld and De Rose 1992; Marini 1984). However, the fact that women with higher

education tend to delay first birth does not necessarily imply that they have lower completed

fertility (Skirbekk, Kohler and Prskawetz 2004), or at least it is difficult to predict its exact

extent. It is not unreasonable to think that the very same women who delayed the onset of

childbearing, will also have an incentive to accelerate the second and third birth events in

order to achieve their desired fertility level. This is commonly referred to as the recuperation

effect on fertility.

Unfortunately the identification of postponement and recuperation effects on total fertil-

ity is not trivial. Whereas both will depend on observed characteristics, they will also depend

on unobserved characteristics. Thus considerable caution is needed if one wants to establish

the determinants and extent of the postponement and recuperation effects respectively. In

light of these difficulties, the aim of this chapter is twofold. First we are interested in estimat-

ing the impact of women’s social and economic characteristics on the decision to postpone

fertility. Second, given differences in postponement, an interest lies in estimating the extent

to which women with different characteristics are able to recuperate fertility within the first,

second and third parities. The analysis enables us to assess to what extent socio-economic

status might be driving the underlying low fertility in Italy. Our analysis is based on data

from Italy, which was one of the first countries to experience lowest low fertility levels, i.e.

TFR less than 1.3 (Billari and Kohler 2004). In 1995 Italian TFR fell to an all time low of

1.18, a development that has been followed by a general increase in the mean age at first

birth. In order to estimate postponement and recuperation effects we specify a multi-spell

44



random effect hazard model of the first, second and the third births. The model allows for

unobserved heterogeneity, and we test to what extent the assumption about its functional

form has any impact on the overall parameter estimates. Socio-economic status of women is

inferred from the Bank of Italy Survey of Households’ Income and Wealth (BOI-SHIW, 2002,

from now on), whereas the model of fertility is based on the Italian Institute of Statistics

Labor Force Survey of 2003 (ISTAT-LFS, from now on).

The chapter is organized as follows. In Section 2.2 we review the literature on the

postponement effect focussing on the Italian context. Sections 2.3 and 2.4 describe method-

ological issues, including the surveys and the statistical model. In section 2.5 we discuss

the empirical evidence concerning determinants of first, second and third births. Section 2.6

concludes.

2.2 Postponement and recuperation of fertility in Italy

Over the last two decades, the mean age at first birth increased substantially in many

countries, a rise that has been linked to a significant decline in the observed total fertility

rate. In Italy, mean age at the first birth (MAFB) was 25 years in 1980, 26.9 in 1990, 28.0 in

1995, 28.4 in 1996 and 28.7 in 1997 (Council of Europe 2004). During the same period the

Total Fertility Rate (TFR) declined from 2.2 in 1980 to 1.18 in 1995 (see Table 2.1) which is

below the threshold of 1.3 children per woman that Kohler, Billari and Ortega (2002) define

as ’lowest-low fertility’. It seems therefore clear that the increase in mean age at first birth

is associated with a substantial decline in the observed total fertility rate.

There are many explanations for why such a postponement has taken place. A prominent
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Table 2.1: Education, Total Fertility Rate and Women Participation in Labor
Market in Italy (1993-2000).

Period
Variable 1993 1994 1995 1996 1997 1998 1999 2000

Education 58.1 59.9 62.7 64.8 66.7 70 70.4 73.8
Employment Rate 35.8 35.4 35.4 36 36.4 37.3 38.3 39.6
Total Fertility Rate (TFR) 1.25 1.21 1.18 1.2 1.22 1.19 1.22 1.24

Notes : Fertility rates: 1998 and 1999 are provisional values and 2000 is an estimated value. Education is the percentage of
the female population aged 20 to 24 having completed at least upper secondary education. The female employment rate is
calculated by dividing the number of women aged 15 to 64 in employment by the total female population of the same age
group.

Source: EUROSTAT. http://epp.eurostat.ec.europa.eu.

theory is that increased returns to female education and labour market participation makes

childbearing more costly (Happel, Hill and Low 1984; Hotz and Miller 1988). Moreover, as

women increase their participation in higher education, a delay of the onset of childbearing

seems inevitable (Brewster and Rindfuss 2000; Cigno 1994). Gustafsson (2001) suggests that

the delay is a likely consequence of the increasing presence of women in the labour force and

of their level of human capital accumulation. This is particularly true of Italy. As Table 2.1

shows, the female employment rate increased during the 1990s, starting from a value of 35.4%

in 1994 and reached 39.6% in 2000. During the same period, the percentage of women (aged

from 20 to 24) having completed at least secondary school increased sharply from 58.1% in

1993 to a 73.8% in 2000. A related issue concerns increased difficulties in re-conciliating

labour force participation and childbearing. Certainly, as women increase their commitment

to work and educational attainment, child bearing becomes more strenuous if there is no

follow-up in terms of availability of external child care. A further factor concerns lack of

available and affordable housing. An interesting feature of Italian family dynamics is that
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young individuals are increasingly late in leaving the parental home, possibly due to lack of

financial resources or affordable housing as Duce Tello (1995) suggests. The process of setting

up one’s dwelling can take several years after entering in the labor market. Additionally,

Aassve, Billari, Mazzuco and Ongaro (2002) argue that the inherent uncertainty of the labor

market perpetuates the pattern of staying at home with parents until a relatively high age,

again having an effect on timing of marriage and the onset of child bearing.

It has been demonstrated that the youth labour market in Mediterranean Countries are

considerably worse than many other European countries (Kohler, Billari and Ortega 2002).

Low wage and a high prevalence of fixed term job contracts dominates, discouraging many

young individuals from entering the labour market (see de la Rica and Iza 2005, for the

Spanish case). Instead, entering higher education has become more popular and attractive.

Certainly higher education has become an important way in which individuals can increase

their chance of finding a stable job with a sufficient wage.

The empirical evidence on postponement and recuperation effects in Mediterranean coun-

tries based on micro level data are still limited. Using a simple regression framework on

individual data, Kohler, Billari and Ortega (2002) find that in Italy the postponement effect

is relatively high and it implies a relative reduction of completed fertility between 2.9% and

5.1% for each one-year delay in the onset of motherhood. For cohorts 1952-1958 they estimate

a postponement effect equal to 2.9%, a level which is substantially above the levels found for

Denmark and Sweden, two countries where there is evidence of strong recuperation. Apply-

ing an Heckman type sample selection model (Heckman 1979), Billari and Borgoni (2004)

showed that the postponement effect is stronger in Italy than all other ’Southern European’

lowest-low fertility countries. Overall they suggest that heavy postponement of the first birth
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and relatively low progression to higher level births is a common feature of these countries.

Kohler, Billari and Ortega (2002) suggest that the lowest-low fertility in Italy is associated

with a low progression probability to parities higher than the first, and that any recuperation

effects are weak, and certainly incomplete.

One issue that complicates the analysis of postponement and recuperation is that it might

be driven by unobserved factors. Marini and Hodson (1981) and Heckman, Hotz and Walker

(1985) underline that only a part of the observed negative association between postponement

and completed fertility is due to a causal mechanism; another part of the effect may be

spurious. There might for instance be systematic differences in individuals’ preferences for

family size. If such preferences are not controlled for then estimates will be inconsistent and

biased (Kohler, Skytthe and Christensen 2001). A strong preference for larger family size will

naturally accelerate the first birth (Trussell and Menken 1978). But if such preferences are

unobserved, then the impact of age at first birth on total fertility becomes overestimated. An

additional source of unobserved heterogeneity may be differences in fecundity. Couples who

have their first birth earlier may do so simply as a result of higher fecundity, whereas women

with lower fecundity may conceive later. Importantly, these sources of heterogeneity might

carry an effect onto subsequent births, leading to incorrect estimates of completed fertility.

Yet another source of unobserved heterogeneity might be differences in ability which affects

the incentives to invest in education and labour market skills. This in turn may affect age-

related costs of postponing first birth (Kohler, Behrman and Watkins 2000). As will be clear

from the next section, our data lack information about marriage and therefore information

about husbands, which is another source of unobserved heterogeneity.

To overcome the estimation problems caused by unobserved factors, Kohler, Skytthe and
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Christensen (2001) use Danish data on female monozygotic twins to estimate the postpone-

ment effect in a linear model for the logarithm of the total number of children. Nevertheless,

there are two problems with this approach. First, a technical problem: the analysis on the

logarithm of the total number of children is possible only when women are past or very close

to the end of childbearing ages. Second, data on twins exist only in very few countries, and

the postponement effect might depend on societal factors that vary across nations (Billari

and Borgoni 2004; Kohler, Billari and Ortega 2002).

An alternative way to overcome these issues is to specify a parametric hazard regression

model that explicitly controls for the influence of observed and unobserved heterogeneity.

It is well known that when analyzing the timing of life-course events, failure to control for

sample heterogeneity may produce severe biases in structural estimates of duration models

(see for instance Heckman and Singer 1984; Lancaster 1990; Vaupel, Manton and Stallard

1979). The choice of the heterogeneity distribution might also matter. Heckman and Singer

(1984) argue for instance that an incorrect assumption on the distribution of the unobserved

heterogeneity may cause serious parameter bias, and suggest as a result the use of a flexible

non-parametric distribution of unobserved heterogeneity. In this chapter, we specify a dis-

crete time regression model of first, second and third births, estimated in a joint framework.

The model is estimated with different assumptions concerning the heterogeneity compo-

nent, and we assess to what extent different assumptions impacts the parameter estimates

of interest.
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2.3 Data

The socio-economic status is measured by women’s predicted earnings. Unfortunately, none

of the Italian data sets currently available contains information on both fertility histories and

measures of their opportunity cost (i.e. their wage and income). Wage information from the

the Bank of Italy Survey of Households’ Income and Wealth, 2002 (BOI-SHIW) is merged

with fertility information from the the Italian Institute of Statistics Labor Force Survey,

2003 (ISTAT-LSF). The benefit of the BOI-SHIW is that it contains detailed information

on earnings and income. A serious disadvantage is that the sample size is small, a drawback

that becomes particularly critical for the estimation of third birth events. Consequently

we use the BOI-SHIW to estimate wage and earnings equations, where predicted wages are

matched with individuals in the ISTAT-LFS data set. In brief, a Tobit augmented log-wage

equation is estimated as follows:

ω̂it = β̂0 + β̂1ageit + β̂2(age)2
it + β̂3

8∑
j=1

educationitj + β̂4

20∑
j=1

regionitj (2.3.1)

where ω̂it denotes the log hourly predicted wage for the i − th woman at time t, t =

1983, ..., 2003, ageit is the age of the i − th woman at time t, (education)itj, for j = 1, ..., 8,

are eight dummy variables for different levels of education attained from the i− th woman at

time t and (region)itj, for j = 1, ..., 20, are twenty dummy variables, one for each of the Ital-

ian regions (for a detailed discussion see appendix A). In line with the economic literature,

wage increases with age but at decreasing rate (Mincer 1974). Education is an important

driver of wage levels; the higher the education level, the higher the wage (Schultz 1985). The

hourly wage does not exhibit very large variability across different regions of Italy, but there
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is a clear North/South divide. This difference is caused by prevalence of public jobs and the

percentage of women not working in the South (see appendix A, Table A.1).

Our multi-spell random effect model (estimated from ISTAT-LFS) uses wages predicted

from the BOI-SHIW. In order to take into account the fact we have generated regressors

(Arellano and Meghir 1992; Pagan 1984), the standard errors are corrected bootstrapping

the 20% of the original sample using 100 replications with observations clustered at the

woman level.

The woman is taken as the unit of analysis and linked with her co-resident children at the

moment of the interview in the ISTAT-LFS. In order to ensure that the recorded children

are the only ones of the mother, we limit the analysis to only include women who are 40 or

less in 2003 and we reconstruct retrospectively their fertility histories going back to 1983.

We also drop all households where we were unable to link children with mothers (i.e. male

head of the household with no wife and all single men). In total, the fraction of women

that can be matched with their co-residing children is 95%. Note that we are unable to

use information of husbands since we only know the women’s marital status in 2003. Thus,

marital histories cannot be reconstructed.

Following this approach we end up with a sample of 34,439 women, for which we have

information about their childbearing career. Every woman is right censored in 2003 or if she

experience all the three births at time, say t, we observe her until that time t. If she gives a

birth of parity j in time T she is at risk for a new birth since T + 1 and until she experience

a new birth j + 1 or, if she does not, until 2003. All women are followed from age 15, which

we assume is the start of her childbearing career. In Table 2.2 we report basic descriptions

of the sample across different parities.
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Table 2.2: Frequency Table of Women at Risk of First, Second and Third Birth.

Parity Women at Risk of having a child of parity j Women having a Child of parity j

First Birth j = 1 34,224 25,281
(73.86%)

Second Birth j = 2 25,275 14,334
(56.71% )

Third Birth j = 3 14,508 2,506
(17.27%)

Notes: Women aged from 15 to 40 in 2003 included in the sample. The number of women at risk of a second birth differs
from the number of those having a child of parity one because women having twins as first birth are directly at risk of a third
birth. For the same reason, women having twins as second birth are not in the risk set of third birth.

Source: Own Calculation from ISTAT-LFS, 2003.

2.4 The Model

We present two versions of the model. The first assumes that unobserved heterogeneity can

be captured by a normally distributed error term. The second assumes a non-parametric

specification for the unobserved women-specific characteristics. The second version is similar

to Heckman and Singer (1984), but differently from that approach we specify the baseline

hazard to follow a piecewise linear spline specification.

We model the decision to have the first, second and third birth as a multiple spell duration

model:

H∗
ijt = γj (Tj(t)Wijt) + β

′
jXijt + µi + εijt (2.4.2)

where H∗
ijt indicates the propensity of the i− th woman to give j − th birth (j = 1, 2, 3 for

first, second and third birth) at time t, Tj(t) is a spline for parity j, Wijt indicates the wage

while Xijt captures observed characteristics other than wage for the i − th woman at time

t for parity j, µi represents the random effect specific for each woman and εijt is a residual

error term distributed as a logistic with zero mean and variance π2/3. The most aggregated
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level is the woman, and therefore the unit of analysis. Since each woman might have more

than one child, we can consider parity j = 1 if the woman is at the risk of having the first

child, j = 2 if first birth has taken place and she is at risk of having the second and j = 3 if

the woman experienced a second birth, so that she is at risk of having a third child. Time

periods are the most disaggregated level t = 1, ..., T , and all time varying variables are given

at this level. From equation (2.4.2) it is clear that if H∗
ijt < 0, then the woman does not give

the j − th birth and Hijt = 0. If H∗
ijt ≥ 0 she experiences the j − th birth as Hijt = 1.

Duration dependence for first, second and third births are modeled separately. Impor-

tantly, women’s wage levels (Wijt) are interacted with the splines (Tj(t)). This means that

the resulting parameter estimates gives us direct measures of the extent to which women

with different wage levels may postpone the first birth, and possibly recuperate through

second and third births. Within each parity order we stratify the wage variable into low,

medium, high and very high wage. The stratification was chosen according to the 25th, 50th

and 75th percentile of the wage distribution. Other observed characteristics at the woman

and child level (across time) are captured by Xijt, and this includes region, age at the first

birth, age at the second birth. The subscript of βj signifies that women living in the same

region, having a first birth at the same age may behave differently depending on the parity

considered.

Unmeasured characteristics (µi) are assumed to be woman-specific and constant across

time and parity orders. An important question in this analysis concerns the amount of

heterogeneity captured by the error term µi. Given our data source, there are certainly

many reasons why we could expect it to be important. For instance, the lack of data on

marriage histories prevents us from reconstructing retrospective marriage histories, which in
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effect leaves out any relevant information about husbands’ role in fertility outcomes.

We study the sensitivity of the model to parametric and non parametric specification for

the distribution of the unobserved heterogeneity. We start by assuming a normal specification

for the random effect, µi ∼ N(0, σ2
µ), and compare this model to one without random effect.

We then extend this parametric setting with a non-parametric one specifying two and three

mass points. There is no closed form solution of the likelihood function for hazard models

with random effects. The residual or the random effect is therefore integrated out using

a numerical integration algorithm based on Gauss Hermite Quadrature (Abramowitz and

Stegun 1972). This algorithm selects a number of support points and weights such that the

weighed points approximate a normal distribution:

∫ ∞

−∞
φ(ε)L(ε)dx ≈

k∑

l=1

wlxl (2.4.3)

where wl and xl are Gauss-Hermite weights and support point, respectively. The higher

the number of support points the more accurate the approximation, but the slower the

computation 1. The Non Parametric Maximum Likelihood (NPML) is highly sensitive to

starting values and estimation is difficult when the location of the mass points were specified

arbitrary. Estimation is considerably easier when the unobserved heterogeneity is specified

by the normal distribution. It is therefore convenient to estimate the model with normally

distributed errors, and take these estimates as starting values for the non-parametric version.

In the case of the non-parametric specification we can think to µi in terms of a ”mover-

stayer” structure. The ”movers” reflect individuals who, for some unobserved reason, make

the transition faster than the ”stayers”. Because unobserved heterogeneity may arise from

1In the case of the finite mixture Unobserved Heterogeneity we chose 10 integration points.
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a number of sources, any specific interpretation is difficult, though in the next section we

provide a tentative interpretation of the estimated masspoints.

Having estimated these models we offer an extension to model (2.4.2) in which the re-

gressors are interacted with the unobserved heterogeneity term. For reasons will become

clear in next section, the analysis is conducted when the unobserved heterogeneity term is

specified parametrically (i.e. normal). In particular we estimate four models, one for each

interaction of the normal random effect with a different wage level:

H∗
ijt = γj (Tj(t)Wijt) + β

′
jXijt + µiWl + εijt (2.4.4)

where Wl indicates wage levels, say l = 1 low, l = 2 medium, l = 3 high, l = 4 very high

wage. With a variance decomposition we assess which socio-economic group captures the

largest amount of the unobserved heterogeneity. If we denote µiWl = uil a normal random

effect we get:

Var(uil) = Var(E(uil|l)) + E(Var(uil|l)) (2.4.5)

and because the random effect is assumed to be normally distributed with zero mean and

variance to be estimated, the right hand side of (2.4.5) reduces to E(Var(uil|l)). More

precisely:

E(Var(uil|l)) = El(σ
2
l ) (2.4.6)

=
4∑

s=1

σ2
s Pr(l = s)

where Pr(l = s) if s = 1 is the proportion of poor women in the sample. As a consequence,
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the part of variance captured by a low wage woman is going to be:

σ2
1 Pr(l = 1)∑4

s=1 σ2
s Pr(l = s)

(2.4.7)

Next section presents the main results concerning the models introduced in (2.4.2) and

(2.4.4) and we offer an explanation of the main income and recuperation effect together with

the role played by the age at the first birth.

2.5 Results

We start by discussing the parameter estimates for first, second and third births respectively.

We then assess the estimates when heterogeneity is included compared to when it is not.

The model without unobserved heterogeneity is presented in column (1) of Table 2.4, the

estimates where unobserved heterogeneity is included and assumed normal is presented in

column (2) in the same Table, whereas the models with non parametric unobserved hetero-

geneity are presented in columns (3) and (4). Finally we summarise the results when wages

are interacted with the heterogeneity term.

2.5.1 First Birth

From age 15 to 18 women of different wage groups are quite similar in terms of their likelihood

of entering motherhood, as illustrated in Figure 2.1 plotting the coefficients estimated in

column (2) of Table 2.4. It is from the age 18 and onwards the rate of first birth starts

to diverge, and the pattern is clear: those with low wages have a considerably higher rate

of entering motherhood compared to those with high wages. The difference reflects a clear
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Figure 2.1: Estimated Spline for First Birth Across Different Wage Levels

Notes: Logit(hazard) estimated from Table 2.4, column (2), panel for First Birth. Wage has been stratified in Low

(Wage less than 25th percentile of the Hourly Wage Distribution), Medium (25th percentile< Wage<= 50th percentile of the

Hourly Wage Distribution), High (50th percentile< Wage<= 75th percentile of the Hourly Wage Distribution) and Very High

(Wage>75th percentile of the Hourly Wage Distribution).

postponement effect, in that those staying on in higher education (i.e. those with high

predicted wages) tend to delay the onset of childbearing. The differences between wage

groups are significant until age 32 where the hazard rates cross. From this age onwards,

those with low wage have the lowest rate of entering motherhood.

Postponement and recuperation effects can be better viewed through the predicted sur-

vival curves. These are plotted in Figure 2.2. The postponement effects are clear, as those

with lower wages have a considerably steeper survival curve (i.e. they have the first birth

earlier). However, the most remarkable feature of Figure 2.2 is the very strong recuperation

effect. By age 40 the proportion of women with high wages having had the first birth is

almost the same as for women with low wages. It is worth bearing in mind that these are

the predicted survival curves based on our parametric model. Also note that in our sample
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we have omitted women aged 40 and over, thereby leaving out many who are recorded as

childless, which in turn explains why the predicted survival curve is close to zero at age 40.

Figure 2.2: Estimated Spline-Survival Curves for First Birth Across Different
Wage Levels

Notes: Survival Curves estimated from the coefficients reported in Table 2.4, column (2), for First Birth. Wage has been

stratified in Low (Wage less than 25th percentile of the Hourly Wage Distribution), Medium (25th percentile< Wage<= 50th

percentile of the Hourly Wage Distribution), High (50th percentile< Wage<= 75th percentile of the Hourly Wage Distribution)

and Very High (Wage>75th percentile of the Hourly Wage Distribution). Women aged 40 and over are omitted from the sample:

the predictions are made for women having children and ignoring censoring, i.e. women who remain childless. This explains

why the predicted survival curves go so close to zero.

2.5.2 Second Birth

Figure 2.3 plots the logit(hazard) for second birth as estimated in column (2) of Table 2.4.

Here we see that women with very high predicted wages show a higher logit(hazard) from

the beginning. However, the risk is only higher until 4 years after the first birth takes place,

and after five years they have the lowest, whereas after 12 years women with the lowest

wage have the lowest risk of second births. Thus, the effect of wage is mixed in that the
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Figure 2.3: Estimated Spline for Second Birth Across Different Wage Levels

Notes: Logit(hazard) estimated from Table 2.4, column (2), panel for Second Birth. Wage has been stratified in Low

(Wage less than 25th percentile of the Hourly Wage Distribution), Medium (25th percentile< Wage<= 50th percentile of the

Hourly Wage Distribution), High (50th percentile< Wage<= 75th percentile of the Hourly Wage Distribution) and Very High

(Wage>75th percentile of the Hourly Wage Distribution).

relative rank between in the groups (in terms of wage level) varies by duration. The fact

that women with high wages have the highest hazard in the beginning is consistent with the

argument of Heckman and Walker2 (1990b) who suggest that women with high wages tend

to concentrate their fertility history in a shorter period of their life. In this sense, we observe

here a recuperation effect among women with the highest wages.

The pattern is clearly confirmed in Figure 2.4 where the predicted survival curves for

women with high wages lies below the other groups. After two years the proportion of those

with highest wages not having another child is 0.81, whereas this proportion falls sharply to

0.40 three to four years after they entered motherhood. In summary, our results show that

2They apply this argument to third birth in Sweden.
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Figure 2.4: Estimated Spline-Survival Curves for Second Birth Across Different
Wage Levels

Notes: Survival Curves estimated from the coefficients reported in Table 2.4, column (2), for Second Birth. Wage has been

stratified in Low (Wage less than 25th percentile of the Hourly Wage Distribution), Medium (25th percentile< Wage<= 50th

percentile of the Hourly Wage Distribution), High (50th percentile< Wage<= 75th percentile of the Hourly Wage Distribution)

and Very High (Wage>75th percentile of the Hourly Wage Distribution).

whereas those with high predicted wages tend to postpone the onset of childbearing, they

also recuperate, not only through first birth, but also through the second. As was clear,

the recuperation was not complete during parity one, but recuperation is close to complete

once considering second birth. In other words, Figure 2.4 underlines that the recuperation

is delayed and only completed through the second parity.

Of course, the explanation is quite clear. For women to reach a higher economic sta-

tus they need to invest longer in education, and therefore postpone the first birth. Once

education is completed, they gradually recuperate compared to the other women. In order

to recuperate completely they also need to accelerate second birth compared to the others.
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In this way they may also exploit the scale economies: having two children of similar age

concentrates and possibly shortens the time needed away from work for the purpose of chil-

drearing. Obviously, one can make the opposite argument: births occurring within shorter

amount of time may result in an increase in physical and psychological costs in infant care

(Bumpass and Mburugu 1978).

Figure 2.5: Probability of a Second Birth Across Different Wage Levels.

Notes: Predicted Probabilities from Table 2.4, column (2), panel for Second Birth. Probabilities estimated conditioning on

age at the Firth Birth. Low, Medium, High and Very High refer to the wage stratification: Low (Wage less than 25th percentile

of the Hourly Wage Distribution), Medium (25th percentile< Wage<= 50th percentile of the Hourly Wage Distribution), High

(50th percentile< Wage<= 75th percentile of the Hourly Wage Distribution) and Very High (Wage>75th percentile of the

Hourly Wage Distribution).

In Figure 2.5 we have plotted the predicted probability of having a second birth condi-

tioning on the age of the first one with coefficients estimated as showed in column (2) of

Table 2.4. Age at the first birth has a negative effect on the pace of subsequent fertility: this

effect is particularly strong in the two years following the first birth and persists (with lower
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probability) even after four years the first birth happened. The experience of early mother-

hood tend to be associated with an increase in the probability of a second birth, so that early

fertility is associated with a rapid and subsequent fertility. For a woman with low predicted

wage the probability of having a second birth in the two years after she gave the first birth

and conditioned on the fact she had the first one when she was 25, approaches 0.54. However

if another low wage woman had the first child when she was 35, the probability of giving

a second birth in the two following years is lower (around 0.50). The probability of giving

a second birth two to four years after a high wage woman had the first one are 0.44, 0.42

and 0.40 if she gave the first birth at the age of 25, 30 and 35 respectively. In particular, for

women having a second birth four years after they experienced the first one, there is a clear

homogenous pattern of these probabilities across different wage levels. However a formal

likelihood ratio test reject the null of no differences, suggesting there is an improvement in

the model if we stratify the wage in four categories 3.

2.5.3 Third Birth

The splines plotted in Figure 2.6 (resulting from the estimated coefficients of Table 2.4,

column (2)) suggest that for short durations, i.e. within the forth year since the second

birth, a third birth is less dependent on wage level. The only exception is women with

very high income and who conceived in the interval immediately following the second birth.

3More formally, we find that when collapsing women with low and medium wages into one category
and comparing the model with the one reported in column (2) of Table 2.4, the difference in the deviance
statistics (2×133.67) exceeds the 0.1% critical value of a χ2 distribution with 13 degrees of freedom (34.52).
A similar argument applies if we collapse women of high and medium wage: the deviance statistics assumes
the value of 2×151.44 that again exceeds the mentioned percentile of a χ2 distribution with 15 degrees of
freedom. When considering into one category women with high and very high wages the deviance is equal
to 2×86.76 and the rejection of the null applies again.
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Figure 2.6: Estimated Spline for Third Birth Across Different Wage Levels

Notes: Logit(hazard) estimated from Table 2.4, column (2), panel for Third Birth. Wage has been stratified in Low

(Wage less than 25th percentile of the Hourly Wage Distribution), Medium (25th percentile< Wage<= 50th percentile of the

Hourly Wage Distribution), High (50th percentile< Wage<= 75th percentile of the Hourly Wage Distribution) and Very High

(Wage>75th percentile of the Hourly Wage Distribution).

However, for very long durations the scenario changes and women with low wages remain at

higher risk of experiencing a third birth given they have already had the second one.

The survival curves in Figure 2.7 show that there is little difference between the different

wage groups, apart from an evident distinct pattern after four years the woman conceive the

second birth. At that time there is a high proportion of women with medium wage remaining

with two children, while the proportion of those with very high income and two children is

smaller. It seems clear therefore that socio-economic factors do not play any important role

in explaining why women choose to have third child.

We have so far considered the role of socio-economic factors, measured through their

predicted wages. When considering other variables, we find that women living in the South
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Figure 2.7: Estimated Spline-Survival Curves for Third Birth Across Different
Wage Levels

Notes: Survival Curves estimated from the coefficients reported in Table 2.4, column (2), for Third Birth. Wage has been

stratified in Low (Wage less than 25th percentile of the Hourly Wage Distribution), Medium (25th percentile< Wage<= 50th

percentile of the Hourly Wage Distribution), High (50th percentile< Wage<= 75th percentile of the Hourly Wage Distribution)

and Very High (Wage>75th percentile of the Hourly Wage Distribution).

have a higher rate of childbearing in all parities (see Table 2.4). The Center and North are

very similar and the estimated coefficients interacting region and wages for the Center is

close to zero. Among women living in the North, those with high wages have a higher risk

of second and third births. This is in line with the argument of Ermisch (1989) who suggest

that women with very high income are more able to afford external childcare, and thereby

generating higher rates of childbearing. This argument applies mostly to second and third

birth, while for first birth the introduction of the random effect captures parts of the effect.
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2.5.4 Unobserved Heterogeneity

The main consequence from introducing a random effect on first birth is to increase the

estimated parameters for women in the low and medium wage groups who make the transition

after age 24 (see Table 2.4). For those entering motherhood after 27 we see an impact for

those having high and very high wages. For the transition to second birth the effect of the

random effect is to increase the estimated parameters four to eight years after the first child

is born. This is the case for low, medium and high wage women. Women with very high

income, instead, experience this effect after two to four years they enter into motherhood.

This is a consequence of the fact that women with very high income tend to have the second

birth rapidly after they had the first. The random effect also captures the effect of postponed

marriage, since after marriage they tend to concentrate their childbearing in a shorter time

span. The main consequence of introducing the random effect for third births is in the

intercept of the process as column (2) of Table 2.4 shows.

The random effect may explain the relative inconvenience for a woman to take time away

from work when the previous birth happened in the past. For women with very high income,

instead, unobserved factors could be linked to the higher likelihood of having another birth

as soon as you had the first one. Without particularly focussing on socio-economic features,

Marini and Hodson (1981) show that the spacing of the first birth have a causal effect on

the spacing of the second.

As pointed out at the beginning of the section, the functional form of the unobserved

heterogeneity does not impact on the estimated coefficients even when a three mass point

specification is assumed. Despite this, the model is sensitive to the introduction of the
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random effect. The standard deviation of the unobserved heterogeneity is 0.53 when it is

modeled as a normal distribution (column (2) of Table 2.4). When we estimate the NPML

with two mass points we find that the two groups are almost identical: 0.54% and 0.46% of

the women (see column (3) of Table 2.4). The standard errors, however, do not differ much

from the normal case (0.58 for two mass points). The algorithm also converges with three

mass points (column (4) of Table 2.4), finding one large group (64%), one medium group

(33%) and one very small group (3%). The variance explained by a three mass point non

parametric finite mixture is close to the one with two mass points.

The interpretation of the mass points, of course, is difficult and any explanation is merely

tentative. In applications of fertility behavior they are often taken to reflect differences in

family orientation. Thus women with a strong family orientation (more likely to marry and

have children) would be associated with a positive masspoint (”movers”). The group with a

negative masspoint (the ”stayers”) can be thought of women with a higher career orientation,

as it is natural to assume that have a lower rate of marriage and childbearing as a result. Of

course, it is also possible that the masspoints somehow reflect our omission of the husband’s

wages as covariates in the fertility process.

2.5.5 Variance Decomposition

We now extend this model as suggested in equation (2.4.4). In particular we would like to

asses which wage level captures the largest part of the variance of the random effect. To this

extent we estimate four separated models which differ by the interaction of the random effect

with a particular wage level (i.e. socio-economic group) (see Table 2.3). More precisely the
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Table 2.3: Estimated Standard Errors of the Random Effect When Interacted
With Different Wages Levels.

Normal Random Effect Pr(l = s): Frequency
Variables (1) (2)

Without Interaction 0.534∗∗∗

Low Wage × Random Effect 0.346∗∗∗ s = 1 0.25

Medium Wage× Random Effect 0.185∗∗ s = 2 0.25

High Wage× Random Effect 0.382∗∗∗ s = 3 0.25

Very High Wage× Random Effect 0.222∗∗ s = 4 0.25

Notes: Estimates of the other covariates included in model (2.4.4) are omitted but are not significantly different from the
one reported in Table 2.4. s = 1, ..., 4 refer to four estimated models. Variables indicate the level of wage interacted with the
random effect. Column (1) reports the estimates of the standard errors of the random effect for the related model. Pr(l = s)
for s = 1, ..., 4 is the proportion of women with low, medium, high and very high wage respectively.

∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01.

amount of explained variance is 0.34, 0.09, 0.41 and 0.14 for the group of women with low,

medium, high and very high income, respectively. This implies that women with relatively

low and high wages are the typology of women for which it is more difficult to explain their

attitude towards fertility decisions without considering other unobserved characteristics.

A tentative interpretation of this result can be the role of a childcare availabilities as

suggested by Ermisch (1989). To this extent women with high wages are more likely to

have children because they can afford external childcare. Women with low wages, instead,

have more children because of their low opportunity cost and they are more family oriented

(Becker 1965; Becker and Lewis 1973). In this scenario only those with medium and very

high wages have less children. The former because they cannot afford external childcare,

the latter because they are highly career oriented. As a consequence, the interacted wage

random effect could capture the remaining effect of the socio-economic environment not
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entirely explained by wage.

2.6 Conclusions

The focus of this chapter has been to investigate socio-economic differences in delay and

recuperation of childbearing in Italy, a country that is suffering from what is termed the

lowest-low fertility. In order to do so we have combined information from the BOI-SHIW

and the ISTAT-LFS. The former is used to collect information about women’s socio-economic

status, measured in terms of their predicted wages, whereas the latter has provided us with

sample sizes ensuring safe estimation of birth parities. The approach is based on a hazard

regression, whereby estimation of first, second and third births is done jointly. As a result

we have been able to control for individual specific unobserved heterogeneity for which we

have experimented with alternative assumed distribution functions.

Our main finding is that there are strong differences in the onset of childbearing or the

timing of first birth. Women with high wages delay this transition considerably compared to

women with low predicted wages. This is not unexpected as the strongest predictor behind

earnings is educational attainment. Thus women with high earnings spend longer time in

education, and possibly in the labour market, before they start their childbearing career.

However, we also observe a strong recuperation effect, and by the age of 40 high earning

women have caught up with low earning women almost completely. The recuperation of

high earning women continues into the progression of second birth. Interestingly there are

no strong socio-economic differences in terms of progression to third births. The result is

highly interesting, since it suggest that any delay in child bearing due to higher predicted
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earnings, cannot explain the underlying low fertility levels in Italy. Other forces are at play.

Our analysis has also provided a detailed sensitivity analysis of the possible roles played

by the assumptions imposed on the statistical model. We show that, though the introduction

of unobserved heterogeneity is important, the assumption of its functional form is not. This

is most likely a result of the fact that the baseline hazard is given a flexible functional form,

and that predicted wages are interacted with the unobserved heterogeneity term.
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Table 2.4: Estimated Coefficients for First, Second and Third Birth without
Random Effect, with Normal Random Effect and a Non Parametric Specification
of the Unobserved Heterogeneity with Two and Three Mass Points.

Without RE Normal RE Two Mass Points Three Mass Points
Variables (1) (2) (3) (4)
First Birth:
Constant -4.5359 *** -4.6622 *** -4.3481 *** -4.7090 ***

(0.1719) (0.1771) (0.3834) (0.8859)
Spline1×Low Wage 0.2570 *** 0.2635 *** 0.2616 *** 0.2646 ***

(0.0691) (0.0697) (0.0698) (0.0656)
Spline2×Low Wage 0.5068 *** 0.5179 *** 0.5145 *** 0.5204 ***

(0.0403) (0.0402) (0.0404) (0.0370)
Spline3×Low Wage 0.2039 *** 0.2416 *** 0.2393 *** 0.2445 ***

(0.0441) (0.0472) (0.0460) (0.0426)
Spline4×Low Wage 0.0734 *** 0.1214 *** 0.1242 *** 0.1332 ***

(0.0557) (0.0589) (0.0643) (0.0574)
Spline5×Low Wage -0.0491 -0.0087 -0.0120 0.0129

(0.0758) (0.0769) (0.0895) (0.0773)
Spline6×Low Wage -0.2208 ** -0.1978 * -0.2066 * -0.1843

(0.3844) (0.3889) (0.3910) (0.3524)
Spline1×Medium Wage 0.3271 *** 0.3352 *** 0.3345 *** 0.3380 ***

(0.0686) (0.0693) (0.0671) (0.0667)
Spline2×Medium Wage 0.3007 *** 0.3145 *** 0.3112 *** 0.3173 ***

(0.0592) (0.0581) (0.0589) (0.0554)
Spline3×Medium Wage 0.1864 *** 0.2092 *** 0.2059 *** 0.2108 ***

(0.0406) (0.0416) (0.0417) (0.0373)
Spline4×Medium Wage 0.1267 *** 0.1605 *** 0.1614 *** 0.1643 ***

(0.0468) (0.0486) (0.0507) (0.0464)
Spline5×Medium Wage 0.0235 0.0679 *** 0.0692 *** 0.0853 ***

(0.0554) (0.0548) (0.0633) (0.0564)
Spline6×Medium Wage -0.1973 *** -0.1657 *** -0.1751 *** -0.1467 ***

(0.0953) (0.0884) (0.1013) (0.0970)
Spline1×High Wage 0.3409 *** 0.3509 *** 0.3506 *** 0.3573 ***

(0.0880) (0.0867) (0.0875) (0.0816)
Spline2×High Wage 0.0590 * 0.0781 ** 0.0748 ** 0.0794 **

(0.0839) (0.0807) (0.0829) (0.0773)
Spline3×High Wage 0.2849 *** 0.2964 *** 0.2945 *** 0.2980 ***

(0.0437) (0.0433) (0.0435) (0.0403)
Spline4×High Wage 0.2121 *** 0.2412 *** 0.2394 *** 0.2430 ***

(0.0404) (0.0387) (0.0431) (0.0394)
Spline5×High Wage 0.0696 *** 0.1086 *** 0.1102 *** 0.1182 ***

(0.0403) (0.0359) (0.0486) (0.0460)
Spline6×High Wage -0.1886 *** -0.1640 *** -0.1655 *** -0.1495 ***

(0.0705) (0.0550) (0.0700) (0.0681)
Spline1×Very High Wage 0.2026 ** 0.2146 *** 0.2171 *** 0.2220 ***

(0.1989) (0.2017) (0.2019) (0.1815)
Spline2×Very High Wage 0.2724 *** 0.2866 *** 0.2822 *** 0.2897 ***

(0.2182) (0.2207) (0.2216) (0.1955)
Spline3×Very High Wage 0.1386 *** 0.1576 *** 0.1548 *** 0.1598 ***

(0.0695) (0.0716) (0.0703) (0.0627)
Spline4×Very High Wage 0.1639 *** 0.1855 *** 0.1832 *** 0.1871 ***

(0.0405) (0.0414) (0.0413) (0.0391)
Spline5×Very High Wage 0.1285 *** 0.1594 *** 0.1603 *** 0.1638 ***

(0.0345) (0.0290) (0.0399) (0.0365)
Spline6×Very High Wage -0.1091 *** -0.0821 *** -0.0807 *** -0.0718 ***

(0.0366) (0.0250) (0.0471) (0.0488)
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(continued)

Without RE Normal RE Two Mass Points Three Mass Points
Variables (1) (2) (3) (4)
First Birth:
Center -0.3596 *** -0.4117 *** -0.4097 *** -0.4255 ***

(0.0592) (0.0675) (0.0711) (0.0690)
North -0.4158 *** -0.4768 *** -0.4749 *** -0.4916 ***

(0.0718) (0.0627) (0.0830) (0.0800)
Center×Wage 0.0481 *** 0.0270 0.0258 0.0187

(0.0400) (0.0438) (0.0448) (0.0440)
North×Wage 0.0535 *** 0.0325 * 0.0316 * 0.0236

(0.3489) (0.0357) (0.4012) (0.4581)

Second Birth:

Constant -3.1986 *** -3.8702 *** -3.5305 *** -3.9537 ***
(0.4966) (0.2944) (0.7169) ( 1.0917)

Spline1×Low Wage 1.1041 *** 1.1333 *** 1.1256 *** 1.1385 ***
(0.1276) (0.0992) (0.1261) (0.1216)

Spline2×Low Wage 0.2915 *** 0.3490 *** 0.3393 *** 0.3494 ***
(0.0698) (0.0654) (0.0715) (0.0698)

Spline3×Low Wage -0.0861 *** -0.0359 * -0.0309 -0.0349 *
(0.0597) (0.0522) (0.0634) (0.0614)

Spline4×Low Wage -0.3980 *** -0.3894 *** -0.3860 *** -0.3855 ***
(0.1835) (0.1193) (0.1870) (0.1830)

Spline1×Medium Wage 1.0263 *** 1.0611 *** 1.0518 *** 1.0652 ***
(0.1178) (0.1059) (0.1191) (0.1137)

Spline2×Medium Wage 0.3301 *** 0.3681 *** 0.3601 *** 0.3692 ***
(0.0899) (0.0716) (0.0886) (0.0856)

Spline3×Medium Wage -0.1178 *** -0.0805 *** -0.0799 *** -0.0813 ***
(0.0444) (0.0449) (0.0480) (0.0456)

Spline4×Medium Wage -0.2553 *** -0.2353 *** -0.2324 *** -0.2334 ***
(0.1602) (0.0772) (0.1613) (0.1582)

Spline1×High Wage 1.1208 *** 1.1516 *** 1.1406 *** 1.1569 ***
(0.1358) (0.1049) (0.1368) (0.1338)

Spline2×High Wage 0.2470 *** 0.2823 *** 0.2767 *** 0.2813 ***
(0.0829) (0.0758) (0.0851) (0.0807)

Spline3×High Wage -0.1618 *** -0.1328 *** -0.1343 *** -0.1354 ***
(0.0392) (0.0419) (0.0425) (0.0382)

Spline4×High Wage -0.2158 *** -0.2002 *** -0.1998 *** -0.1996 ***
(0.1599) (0.0558) (0.1611) (0.1628)

Spline1×Very High Wage 1.2812 *** 1.3095 *** 1.2999 *** 1.3154 ***
(0.1485) (0.0920) (0.1485) (0.1444)

Spline2×Very High Wage 0.1738 *** 0.2120 *** 0.2081 *** 0.2089 ***
(0.0785) (0.0652) (0.0806) (0.0743)

Spline3×Very High Wage -0.2556 *** -0.2304 *** -0.2310 *** -0.2328 ***
(0.0475) (0.0472) (0.0489) (0.0452)

Spline4×Very High Wage -0.1606 *** -0.1437 *** -0.1436 *** -0.1428 ***
(0.0600) (0.0599) (0.0618) (0.0548)
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(continued)

Without RE Normal RE Two Mass Points Three Mass Points
Variables (1) (2) (3) (4)
Second Birth:
Age at the First Birth -0.0315 *** -0.0131 *** -0.0137 *** -0.0123 ***

(0.0383) (0.0092) (0.0531) (0.0551)
Center -0.4483 *** -0.5417 *** -0.5409 *** -0.5420 ***

(0.0672) (0.0828) (0.0806) (0.0756)
North -0.4764 *** -0.5835 *** -0.5792 *** -0.5820 ***

(0.0734) (0.0750) (0.0857) (0.0818)
Center×Wage -0.0671 ** -0.0828 ** -0.0903 *** -0.0819 **

(0.0692) (0.0744) (0.0757) (0.0702)
North×Wage 0.1191 *** 0.1257 *** 0.1161 *** 0.1233 ***

(0.1183) (0.0757) (0.1589) (0.2595)

Third Birth:

Constant -1.5729 *** -2.4444 *** -1.8571 *** -2.6211 ***
(0.6133) (0.6630) (0.6861) (0.9666)

Spline1×Low Wage 0.7320 *** 0.7510 *** 0.7439 *** 0.7533 ***
(0.2366) (0.2367) (0.2376) (0.2224)

Spline2×Low Wage 0.0400 0.0489 0.0405 0.0577
(0.1283) (0.1322) (0.1296) (0.1149)

Spline3×Low Wage -0.0535 *** -0.0414 ** -0.0470 *** -0.0378 **
(0.0857) (0.0362) (0.0873) (0.0870)

Spline1×Medium Wage 0.6577 *** 0.6714 *** 0.6638 *** 0.6780 ***
(0.2550) (0.2465) (0.2558) (0.2418)

Spline2×Medium Wage 0.0786 0.0796 0.0763 0.0838
(0.1646) (0.1652) (0.1660) (0.1518)

Spline3×Medium Wage -0.1054 *** -0.0965 *** -0.1007 *** -0.0932 ***
(0.1116) (0.0455) (0.1111) (0.1111)

Spline1×High Wage 0.7745 *** 0.7739 *** 0.7700 *** 0.7821 ***
(0.2325) (0.2133) (0.2331) (0.2214)

Spline2×High Wage -0.0705 -0.0680 -0.0704 -0.0642
(0.1582) (0.1607) (0.1601) (0.1521)

Spline3×High Wage -0.1037 *** -0.0942 *** -0.0981 *** -0.0921 ***
(0.0967) (0.0506) (0.0968) (0.0961)

Spline1×Very High Wage 0.8597 *** 0.8575 *** 0.8556 *** 0.8638 ***
(0.2663) (0.2577) (0.2690) (0.2457)

Spline2×Very High Wage -0.0752 -0.0749 -0.0762 -0.0726
(0.1594) (0.1601) (0.1594) (0.1499)

Spline3×Very High Wage -0.1550 *** -0.1473 *** -0.1507 *** -0.1449 ***
(0.0650) (0.0667) (0.0672) (0.0655)
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(continued)

Without RE Normal RE Two Mass Points Three Mass Points
Variables (1) (2) (3) (4)
Third Birth:
Age at the Second Birth -0.1161 *** -0.0972 *** -0.1066 *** -0.0932 ***

(0.0299) (0.0188) (0.0404) (0.0512)
Center -0.2898 *** -0.3864 *** -0.3422 *** -0.4067 ***

(0.2035) (0.2129) (0.2199) (0.1986)
North -0.2171 *** -0.3057 *** -0.2616 *** -0.3293 ***

(0.1758) (0.1789) (0.1889) (0.1764)
Center×Wage 0.0495 0.0487 0.0460 0.0580

(0.2068) (0.2108) (0.2090) (0.1922)
North×Wage 0.1853 *** 0.1898 *** 0.1806 *** 0.2056 ***

(0.1668) (0.1740) (0.1748) (0.1626)
Random Effect :

Normal Random Effect 0.5348 ***
(0.0774)

Point1 -0.7600 -0.7794

Point2 0.2487 *** 0.3672 **

Point3 1.7051 ***

Weight1 0.54 0.33

Weight2 0.46 0.64

Weight3 0.03

No. Of Women 34,439 34,439 34,439 34,439

Log-Likelihood -141666.01 -141623.93 -141627.93 -141619.68

Notes: RE= Random Effect, Two(Three) Mass Points indicate a finite mixture distribution for the Random Effect with
two (three) mass points. Bootstrapped standard errors in parentheses. Standard errors are computed using 100 bootstrap
replications of the 20% sample of the women aged between 15 to 40 in the ISAT-LFS, 2003. Spline First Birth: Spline1 [age
15-18), Spline2 [age 18-21), Spline3 [age 21-24), Spline4 [age 24-27), Spline5 [age 27-31), Spline6 [age 31-40). Spline Second
Birth (Duration from the First Birth): Spline1 [Duration 0-2), Spline2 [Duration 2-4), Spline3 [Duration 4-8), Spline4 [Duration
8-26). Spline Third Birth (Duration from the Second Birth): Spline1 [duration 0-2), Spline2 [Duration 2-4), Spline3 [Duration
4-26). Reference Group for Region is South. Because we inserted an intercept in the model, when estimating a non parametric
maximum likelihood with aML one masspoint has to be fixed (we fixed the first one).

∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01.

73



Chapter 3

The (mis)specification of Discrete

Time Duration Models with

Unobserved Heterogeneity: a

Monte-Carlo study.

3.1 Introduction

Duration models are usually specified as hazard functions conditioned on a set of individual

explanatory variables. One of the first and most common hazard functions used for contin-

uous time durations is the proportional hazard, also called Cox model (see Cox 1972 and

Cox and Oakes 1984). The discrete time analogue of the proportional hazard is given by the

complementary log-log hazard model, i.e. a sequential binary model with error distributed as

a Type-I extreme value distribution (for more details see Holford 1976; Prentice and Gloeck-

ler 1978; Allison 1982; Narendranathan and Stewart 1993; Sueyoshi 1995). This model can

be directly derived from the discretisation of a continuous time proportional hazard model;
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it is therefore adequate to model continuous durations when observations are grouped into

intervals. When instead the risk event, defining the end of a duration, can occur only in

discrete time, then the duration cannot be considered as a continuous variable. In this case,

more general sequential binary models can be considered, such as sequential probit and logit

models.

One of the main issues concerning the estimation of both continuous and discrete time

hazard regression models is the potential presence of unobserved individual characteristics,

say unobserved heterogeneity (see Lancaster 1979, 1990; Heckman and Singer 1984; van den

Berg 2001). Ignoring unobserved individual characteristics may bias estimates of the effect

of observed explanatory variables and of duration dependence in the hazard function.

The standard way of accounting for unobserved heterogeneity is to consider a random

component, which represents a scalar function of time-invariant unobserved variables. The

hazard function is then defined conditioning on observed explanatory variables and on the

unobserved random component. It is then possible to estimate model parameters by max-

imizing the likelihood from which the unobserved random effect is integrated out. The

resulting model is a mixture of hazard functions with respect to the unobserved random

component. The estimation of these mixture models requires either to assume a specific

parametric distribution for the random component, or to use a non-parametric maximum

likelihood estimation.

In principle the non-parametric maximum likelihood estimation is the best solution to

minimize the potential bias caused by improper parametric distributional assumptions (see,

for continuous time, Heckman and Singer 1984 and, for discrete time, Baker and Melino

2000; Zhang 2003). Nevertheless, the computation of the non-parametric estimator is not
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usually possible using commands built into common software packages. For this reason

many non-specialists adopt easier estimation methods by either imposing specific parametric

distributions for the unobserved heterogeneity or by ignoring altogether the unobserved

heterogeneity.

In continuous time duration models, the unobserved heterogeneity distribution is often

chosen to be gamma for analytical convenience (see Lancaster 1979) and theoretical reasons

(see van den Berg 2001; and Abbring and van den Berg 2006). In discrete time duration

models, instead, the assumption of a normal distribution can be computationally convenient.

Under this assumption, discrete time duration models can be easily estimated as binary

models with normal random effects using widely available statistical programs. The fact

that discrete time duration models can easily estimated by using widely available statistical

programs was first noticed by Yamaguchi (1991) and Jenkins (1995). Stata provides, for

example, the commands xtcloglog, xtlogit and xtprobit (cloglog, logit and probit)

to estimate binary models with normal random effects (without normal random effects) and

error terms with extreme value, logistic and normal distributions.

In this chapter we evaluate the consequences of ignoring the unobserved heterogeneity

or misspecifying its parametric distribution when estimating single spell discrete time du-

ration models. Similar studies have been already carried out by Baker and Melino (2000),

Zhang (2003), Gaure, Røed and Zhang (2005) (for continuous time duration models we refer

instead to Heckman and Singer 1984; Lancaster 1985; Trussell and Richards 1985; Ridder

1987; Dolton and van der Klaauw 1995). They find that estimates are biased if unobserved

heterogeneity is ignored or if its distribution is estimated non-parametrically using a dis-

crete distribution but with an incorrect number of support points. Zhang (2003) and Gaure,
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Røed and Zhang (2005) find that the estimation bias is smaller if time-varying instead than

time-invariant explanatory variables are used.

One important issue - overlooked by Baker and Melino (2000), Zhang (2003) and Gaure,

Røed and Zhang (2005) - is that the residual variance in sequential binary models changes

if unobserved heterogeneity is ignored or if a non-parametric distribution with too few or

to many support points is used. Since the coefficients in binary models are usually normal-

ized by dividing them by the residual standard deviation, models with high (low) residual

variances produce coefficients which are attenuated (amplified). The attenuation (amplifi-

cation) biases, Baker and Melino (2000), Zhang (2003) and Gaure, Røed and Zhang (2005)

find, could be then due, at least in part, to their neglect of this issue. Mroz and Zaytas

(2005) show that this is the case for the choice of the number of support points of the un-

observed heterogeneity discrete distribution. Increasing (decreasing) the number of support

points causes a reduction (rise) of the residual variance and an amplification (attenuation)

of the coefficients. In this chapter we show that the attenuation bias caused by the omis-

sion of the unobserved heterogeneity or the misspecification of its distribution can be also a

consequence, at least in part, of the coefficient normalization issue.

We undertake a Monte Carlo study to evaluate the effects of two misspecification problems

in sequential logit models with unobserved heterogeneity:

1. omission of the unobserved heterogeneity when using time-varying and/or time-invariant

explanatory variables,

2. imposing a normal distribution for the unobserved heterogeneity when instead the true

distribution is a gamma or a discrete distribution.
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The consequences of the first type of misspecification were already studied by Baker and

Melino (2000) but they only considered time-invariant explanatory variables and, as already

noted, without taking account of the normalization issue in binary models. The consequences

of incorrectly imposing a normal random effect in discrete time duration model have not been

studied before.

Finally, we consider the effect of misspecifying both the distribution of the unobserved

heterogeneity and of the residual error.

The chapter is organized as follows. Section 3.2 considers the effects of neglecting unob-

served heterogeneity while Section 3.3 considers the effects of its misspecification. In both

sections we first discuss the theoretical consequences of omitting or misspecifying the unob-

served heterogeneity, and we then assess those possible consequences through a Monte Carlo

simulation exercise. In Section 3.4 we summarize the main findings.

3.2 Ignoring unobserved heterogeneity

3.2.1 Consequences of ignoring unobserved heterogeneity

Ignoring unobserved heterogeneity in duration models can cause a bias in the estimation

of the duration dependence. More precisely, the omission of the unobserved heterogeneity

causes an overestimation of the negative duration dependence (see for example Lancaster

1990; and van den Berg 2001). This is because people who have a high unobserved random

component are more likely to experience the event of interest early, so that the sample of
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individuals that survive is a selected sample with relatively small random effects1. This

selection process is known as weeding out or sorting effect.

Omitting unobserved heterogeneity may also bias the coefficients of the explanatory vari-

ables in the hazard model. For example neglecting unobserved heterogeneity in mixed pro-

portional (continuous time) hazard models causes an underestimation of the proportionate

response of the hazard function with respect to the explanatory variables (see van den Berg

2001 for a formal proof).

The bias is again due to a weeding out effect. Let us assume that the unobserved hetero-

geneity is given by a time-invariant scalar random effect, θ, independent of the explanatory

variables; while the observed heterogeneity is given by a scalar function µ = m(X; β), where

X is a vector of individual time-invariant explanatory variables and β is the vector of the cor-

responding coefficients. Without loss of generality, we assume in this section that the hazard

function conditional on the observed explanatory variables and the unobserved heterogeneity

be positively related to both θ and µ. A hazard model ignoring the unobserved heterogeneity

is a hazard function conditional on the observed characteristics, X, but unconditional on the

unobserved heterogeneity, θ, which we call the observed hazard function. The difference in

the observed hazard function between survived people with high and low values of µ reflects

also a gap in their values of θ. Survivors with a large µ have on average a smaller θ than

survived people with a small µ, so that the difference between the observed hazard functions

is on average lower than the difference we would observe if the survivors had the same value

for θ. If we fail to recognize that the lower difference between the observed hazards is due to

1Notice that, without loss of generality, we are assuming in this section that the unobserved random
component be positively related to the hazard function.
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a difference in the unobserved heterogeneity, we would erroneously estimate an attenuated

effect of the explanatory variables on the hazard.

More rigorously, the weeding out effect on the covariate coefficients can be described as

the consequence of a lack of independence between the random effect for a generic individual

i, θi, and her (his or its) observed heterogeneity, m(Xi; β), given a duration Ti ≥ τ , where τ

is a scalar strictly higher than zero, say the failure of the condition (θi⊥⊥m(Xi; β) | Ti ≥ τ).

Notice, instead, that hazard models assume that (θi⊥⊥Xi) which implies that (θi⊥⊥m(Xi; β) |

Ti ≥ 0). We assume here that (Ti | Xi, θi) be identically and independently distributed i.i.d.

across individuals.

There are some continuous time duration models for which the attenuation bias due to

omitted unobserved heterogeneity reduces to a rescaling by a factor (a bias proportionally

identical) for all explanatory variables coefficients or to a bias only for the intercept. Lan-

caster (1985) proves analytically that the omission of unobserved heterogeneity in mixed

proportional hazard models with baseline distribution given by a Weibull causes a rescaling

by a constant factor for all coefficients. Ridder (1987) proves analytically that the omission

in mixed proportional hazard models with known baseline hazard and with no right censur-

ing causes a bias only for the intercept. Moreover, Ridder (1987) suggests that replacing

the baseline with a non-parametric flexible specification should produce an almost unbiased

estimation of the covariates coefficients.

Ridder’s suggestion is supported by his Monte Carlo study and by some other empirical

studies: see Dolton and van der Klaauw (1995); Meyer (1990); Trussell and Richards (1985).

By contrast, the conjecture is not confirmed by the Monte Carlo experiment in Baker and
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Melino (2000), who consider discrete time duration models with single spell. But this con-

tradictory result may be due to the fact that in discrete time duration models the coefficients

are identified only up to a scale normalization and models with different specifications use

different normalizations, which Baker and Melino (2000) do not consider.

It is possible to prove analytically that the omission of the unobserved heterogeneity

causes only a rescaling by a factor of the covariate coefficients when considering sequential

probit models with normal random effects θit that are i.i.d. across individuals and time t,

and independent of the explanatory variables, Xit, and with known duration dependence

function. This is because (θit⊥⊥m(Xit; β) | Ti ≥ τ) for any τ ≥ 0. (see Appendix B for more

details).

Similar analytical results do not exist instead for more general discrete time duration

models. In this chapter we consider the consequences of omitting unobserved heterogeneity

in more general single spell discrete time duration models. In particular we consider the

following cases:

a. the unobserved random effects is time-invariant and follows a normal, a gamma or a

discrete distribution with two points of support,

b. the error distribution is logistic instead of normal,

c. the duration dependence is ignored or it is approximated by a flexible function,

d. the covariates are i.i.d. across individuals and time or i.i.d. across individuals but not

time.

Cases described in (a) to (c) were already considered by Baker and Melino (2000). They
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find that ignoring the unobserved heterogeneity component causes an attenuation bias for

the covariate coefficients. In this chapter we replicate their Monte Carlo study to evaluate

again the consequences of ignoring unobserved heterogeneity but taking into account the

issue of the coefficient normalization. Mroz and Zayats (2005) reconsider instead the Monte

Carlo study of Baker and Melino (2000) to compare the effects of alternative non-parametric

specifications of the unobserved heterogeneity distribution when taking account of the nor-

malization issue. Baker and Melino (2000) find that non-parametric maximum likelihood

estimation that penalizes specifications with many mass points for the unobserved hetero-

geneity distribution produces more reliable coefficients; but Mroz and Zayats (2005) give

evidence that this result is a consequence of the normalization issue.

Case (d) is an extension necessary to understand how the estimation bias can depend on

the types of covariates used. If the covariates, say Xit for individual i and duration (time) t,

are i.i.d. across individuals and time, then estimation bias should reduce. This is because in

this case the independence between the unobserved component and the observed covariates

holds even when conditioning on survival until a time strictly greater than zero, that is

(θi⊥⊥Xit | Ti ≥ τ), where τ > 0.

If, instead, covariates are i.i.d. across individuals but time-invariant or correlated across

time, then we would expect an attenuation bias. Nevertheless, the bias could consist in a

proportional reduction, in absolute value, in all covariate coefficients, i.e. a rescaling by a

constant factor.

In next section we describe the Monte Carlo experiment carried out in order to study the

potential consequences of omitting time-invariant unobserved random effects for the cases

described by (a) to (d).
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3.2.2 Description of the Monte Carlo Simulation: Data Generat-

ing Processes

We consider the same data generating processes (DGPs from now on) used in the Monte

Carlo study of Baker and Melino (2000) except that we use both time-varying and time-

invariant explanatory variables while they only use a time-invariant one.

We assume that duration is measured in discrete time. This is quite often the case when

observations are grouped into intervals or when the event, whose occurrence defines the end

of a duration, can occur only in discrete time. We then record an event taking place in the

interval (t− 1, t] as occurred in t.

We assume that the probability of experiencing an event in t (or in the time interval

(t− 1, t]) conditional on survival to (t− 1) for a generic individual i is given by :

Pr(dit = 1|dit−1 = 0) = Pr(z∗it < 0|z∗it−1 ≥ 0) (3.2.1)

where dit is a dummy variable indicating the event occurrence at t for individual i, and z∗it

is a latent continuous variable which is lower than zero if dit = 1 and higher or equal to zero

otherwise. We assume that z∗it obeys the following linear model:

z∗it = Xitβ − f(t) + θi + εit (3.2.2)

where Xit is a vector of explanatory variables, β is the corresponding vector of parameters,

f(t) is a deterministic function of elapsed duration, θi is an individual random effect repre-

senting unobserved heterogeneity, εit is a residual error term distributed as a logistic with

zero mean and variance π2/3 and both θi and εit are independent of the explanatory vari-

ables2. We can then write the hazard probability conditional on the observed explanatory

2The definition of the above discrete time hazard model and the notation used are consistent with Baker
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variables, Xit, and on the unobserved heterogeneity, θi, as

Pr(dit = 1|dit−1 = 0, Xit, θi) =
1

1 + exp(zit)
(3.2.3)

where

zit = Xitβ − f(t) + θi. (3.2.4)

By choosing different specifications for the observed explanatory variables, Xit, the du-

ration dependence function, f(t), and the unobserved heterogeneity, θi, we produce a set of

different DGPs.

We organize the simulations in two main sets. In the first set, exercise A, we focus on

the effect of omitting unobserved heterogeneity when using different types of explanatory

variables. In particular we consider three DGPs using three different typologies of observed

explanatory variables: A1 time-varying variables, A2 time-invariant variables and A3 vari-

ables given by the sum of a time-invariant variable and a time-varying one, say mixture

variables. For each choice of the covariates we consider two different types of duration de-

pendence function, one increasing and one deceasing, and three types of distribution for the

unobserved heterogeneity, a discrete (with two points of support), a gamma and a normal

distribution. This provides us with 18 different DGPs.

In the second set of simulations, exercise B, we consider both time-invariant and time-

varying covariates and we focus on the effect of omitting the unobserved heterogeneity when

considering or not considering duration dependence in the simulated and estimated mod-

els. Again we consider three different types of distribution of the unobserved heterogeneity,

and Melino (2000) except for the negative sign in front of the duration dependence function f(t). This
is because it is counterintuitive to have a negative (positive) duration dependence when f(t) is increasing
(decreasing) in time.
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whereas we consider only one specification for the duration function and for the vector of

covariates which includes both time-invariant and mixture variables. This second simulation

exercise produces six different types of DGPs.

For each of the DGPs in simulation exercise A we consider two sample sizes: 500 and

1000 individuals. For simulation exercise B, we consider instead three sample sizes: 500,

1000 and 5000 individuals. The higher sample size of 5000 is motivated by the fact that in

exercise B there are some small sample biases which decrease very slowly with the sample

size.

As in Baker and Melino (2000) we draw 100 samples for each DGP, we follow the indi-

viduals for 40 periods and consider all durations greater than 40 as censored.

In the following, we discuss in more detail how we specify the explanatory variables, the

duration dependence function and the unobserved heterogeneity distribution for different

types of DGP.

Observed explanatory variables.

As in Baker and Melino (2000) we fix the variance of the observed heterogeneity in the

hazard model, V ar(Xitβ), to be equal to 0.25 for all our simulations.

In exercise A we specify the observed heterogeneity in the hazard model as:

Xitβ = X1, itβ1 + X2, itβ2. (3.2.5)

where X1,it and X2,it are normal random variables, and β1 and β2 are fixed parameters which

we set to be equal to 1 and 0.5.

We consider three different simulations for the variables, X1,it and X2,it:

A1 two independent time-varying variables identically and independently distributed (i.i.d.)
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across individuals and time with zero means and variances 0.125 and 0.5;

A2 two independent time-invariant variables i.i.d. across individuals with zero means and

variances 0.125 and 0.5;

A3 two independent variables defined as the sum of a time-invariant variable and a time-

varying one with equal variances, say mixture variables; more precisely, X1,it (X2,it) is

the sum of a time-varying variable defined as A1 but with variance 0.0625 (0.25) and

a time-invariant variable defined as in A2 but with variance 0.0625 (0.25).

Simulation A1 represents an extreme case which is interesting from a theoretical point

of view but it is less interesting from an empirical one. In empirical examples explanatory

variables are usually correlated across time so that the assumption of explanatory variables

i.i.d. across individuals and time does not seem to be very plausible. Simulation A2 rep-

resents the opposite extreme case where all the explanatory variables are supposed to be

time-invariant. This is the case considered by Baker and Melino (2000). Finally, simulation

A3 represents an intermediate case where the explanatory variables are given by the sum of

a time-invariant component and a time-varying one. Earnings and income can be examples

of such types of variables. Earnings and income (or their logarithm transformations) are

usually assumed by economists to be the sum of a permanent component and a transitory

one (see for example Moffitt and Gottschalk, 2002).

In simulation exercise B we specify instead the observed heterogeneity in the hazard

model as:

Xit β = X1, i β1 + X2, i β2 + X1, it β3 + X2, it β4 (3.2.6)
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where X1, i and X2, i are time-invariant variables, X3, it and X4, it are mixture variables and

β′ = [1, 0.5, 1, 0.5]. To be more specific X1, i and X2, i are time-invariant variables defined as

in A2 but with variances 0.0625 and 0.25, X3, it and X4, it are mixture variables defined as

in A3 but with variances 0.0625 and 0.25, and all explanatory variables are independent.

Duration Dependence.

In exercise A we consider, as in Baker and Melino (2000), the following deterministic

time function

f(t) = 1− exp

(
1− t

5

)
(3.2.7)

for a negative duration dependence and

f(t) = exp

(
1− t

5

)
− 1 (3.2.8)

for a positive duration dependence.

In simulation exercise B we consider instead f(t) = 0 for no duration dependence and

again f(t) = exp
(

1−t
5

)− 1 for a positive duration dependence.

Unobserved Heterogeneity.

In both exercises A and B we consider three distributions for the unobserved heterogene-

ity θi: discrete, gamma and normal distribution. To be consistent with Baker and Melino

(2000) we set E(θi) = 1.8 and V ar(θi) = 1 and for the discrete distribution we consider two

support points with equal probability, that is:

θi =





0.8 with probability 0.5

2.8 with probability 0.5 .

(3.2.9)

87



3.2.3 Description of the Monte Carlo Simulation: estimation mod-

els

Using the data simulated in exercise A we estimate a sequential logit model as specified in

(3.2.3) but ignoring the unobserved heterogeneity and approximating the duration depen-

dence function with either a cubic polynomial in t or using a ’non-parametric’ step function.

As in Baker and Melino (2000) we consider a step function given by

φ(t) =
40∑

τ=1

φτDtτ (3.2.10)

where

Dtτ =





1 if t = τ

0 otherwise

and φτ , τ = 1, ..., 40, are the corresponding coefficients. However, because few individuals

survive after 15 periods, we allow the coefficients to vary for each period only until τ = 14

and then we impose constant coefficients within the following time intervals: τ = 15 − 19,

20− 24, 25− 29, 30− 40.

Using the data simulated in exercise (B) we estimate again a sequential logit model

ignoring the unobserved heterogeneity and approximating the duration dependence function

with either a zero function (no duration dependence) or the above ’non-parametric’ step

function.

3.2.4 Results

In this section we present the results of the Monte Carlo simulation exercises A and B.
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The results of the exercise A are reported in Table 3.1, which is divided in three panels

providing the results for time-varying covariates (top panel A1), time-invariant covariates

(middle panel A2) and mixture covariates (bottom panel A3). The results reported are

the average and the standard deviation over 100 replications for the covariate coefficients,

β1 (the true value of which is 1) and β2 (which true value is 0.5), and their ratio β1/β2.

By row we specify the type of DGP used to generate the simulated data. More precisely,

we consider six different types of DGPs: sequential logit model with negative or positive

duration dependence and with unobserved heterogeneity following a discrete, a gamma or a

normal distribution (labeled discrete, gamma and normal). By column we specify instead the

sample size (500 or 1000 observations/individuals) and the type of estimation model used:

sequential logit model omitting random effects and with duration dependence approximated

by a step function (labeled Step DD) or by a cubic polynomial (labeled polynomial DD).

If the omission of the unobserved heterogeneity causes only a rescaling by a factor of

the coefficients, then the coefficients would be biased towards zero (attenuation bias) but

their ratio would still be correctly estimated. This seems supported by the results in Table

3.1 when using any type of covariates. Moreover, when using time-varying covariates which

are i.i.d. across individuals and time (top panel A1), the attenuation problem for the

coefficients does not seem to be significant. When using instead covariates which are i.i.d.

across individuals and time-invariant, the attenuation problem is more severe. Finally, when

using mixture covariates the attenuation bias magnitude seems to be intermediate between

the two previous extreme cases.

Using different distributions for the simulated unobserved heterogeneity components and

different specifications for the simulated duration dependence (negative or positive) produce
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some very small and insignificant differences in the coefficients.

Approximating the duration dependence function by using a step or a cubic polynomial

function does not produce any significant difference in the results.

Finally, increasing the sample size from 500 to 1000 observations leads to a slight im-

provement in the results, meaning that the attenuation bias for β1 and β2 decreases a little

and the average ratio between coefficients becomes even closer to the true value of two.

To summarize, ignoring unobserved heterogeneity in sequential logit models seems to

cause an attenuation of the covariate coefficients due to a different normalization. This

attenuation bias cancels almost completely when using covariates which are i.i.d. across

individuals and time, while it does not when the covariates are highly autocorrelated.

As emphasized in Section 3.2.1, ignoring unobserved heterogeneity may cause a bias

for the covariate coefficients as well as for the duration dependence function estimation. In

Figures 3.1 and 3.2 we compare the true simulated duration dependence function (line labeled

true duration) with the estimated duration dependence functions averaged over 100 samples

of size 1000, simulated using the different DGPs in Monte Carlo exercise A1. We consider

a negative true duration dependence function given by (3.2.7) in Figure 3.1 and a positive

one given by (3.2.8) in Figure 3.2. In both Figures the three average estimated dependence

functions (lines labeled discrete, gamma and normal) are obtained by considering a cubic

polynomial in the duration and by using data simulated from three different DGPs assuming

a discrete, a gamma or a normal distribution for the unobserved random effects.

It seems that ignoring the unobserved heterogeneity causes an overestimation of the neg-

ative duration dependence and a spurious negative dependence even when the true duration

dependence is positive.
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In Tables 3.2 and 3.3 we report the results for exercise B in which we consider a hazard

model with two time-invariant and two time-varying covariates. The estimation models

considered are sequential logit models ignoring unobserved heterogeneity. In Table 3.2 the

duration dependence is estimated using a step function, whereas in Table 3.3 the duration

dependence is ignored. In both Tables we report the average and the standard deviation

over 100 replications for the covariate coefficients, β′ = [β1, β2, β3, β4] which have true values

[1, 0.5, 1, 0.5], and the ratios between any pair of coefficients. The estimation results for

different simulated DGPs are reported by column. We consider six different DGPs, sequential

logit models with three possible distributions for the unobserved heterogeneity (discrete,

gamma or normal) and with either negative or no duration dependence. Both Tables are

divided in 3 panels corresponding to three different sample sizes (500, 1000 and 5000).3

In Table 3.2 the covariate coefficients seem to be significantly underestimated. Moreover,

the underestimation of the coefficients seems to be slightly larger for the pair of time-invariant

variables than for the pair of time-varying ones. In other words, it seems that the rescal-

ing factor is slightly dissimilar for different types of variables (time-varying and invariant

variables). Indeed, ratios between coefficients seems to be correctly estimated when consid-

ering two variables of the same type (see β1/β2 and β3/β4) and to be slightly biased when

considering the ratio between two different types of variables (see β3/β2, β3/β1, β1/β4 and

β4/β3). Nevertheless, since the standard deviations for coefficient ratios are quite high, the

differences in the rescaling factor are not significant. This result is confirmed even when us-

ing a larger sample size of 5000 observations. In conclusion, we find again that omitting the

3As already said, the higher sample size of 5000 is motivated by the fact that in exercise B there are some
small sample biases which decrease very slowly with the sample size.
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unobserved heterogeneity cause an attenuation of the covariate coefficients due to a rescaling

factor which differs slightly and not significantly by typology of variable.

Looking at the results in Table 3.3 where the estimation models ignore both the unob-

served heterogeneity and the duration dependence, the underestimation of covariate coeffi-

cients reduces and the rescaling factor is more similar for variables of different types. The

ratios between coefficients are not biased especially when considering a sample size of 5000

observations. This result is not unexpected because the unobserved heterogeneity compo-

nent and the time duration component are negatively and positively related to the duration,

so that the biases for ignoring those components should go in opposite directions and should

offset each other, at least in part.

In conclusion, the two main findings of this section are that ignoring the unobserved

heterogeneity in sequential logit models causes an overestimation of the negative duration

dependence and an attenuation of the covariate coefficients but this attenuation is due to a

rescaling by a factor of every coefficient by the same amount. Since coefficients in binary

models are only identified up to a scale normalization, inference will not be affected by the

unobserved heterogeneity omission except for the duration dependence.

92



3.3 Misspecifying the unobserved heterogeneity distri-

bution

3.3.1 Consequences of misspecifying unobserved heterogeneity

Heckman and Singer (1984) argue that an incorrect assumption about the distribution of

the unobserved heterogeneity in hazard models can have severe consequences. In particular,

they find that the parameter estimates for a model with Weibull baseline hazard are very

sensitive to changes in the distribution assumed for the unobserved heterogeneity. Similar

results were found also by Trussell and Richards (1985), Hougaard, Myglegaard and Borch-

Johnsen (1994), Baker and Melino (2000), Zhang (2003) and Gaure, Røed and Zhang (2005).

However, Ridder and Verbakel (1983) criticize the findings of Heckman and Singer (1984)

and highlight the fact that a non-flexible specification of the baseline hazard may explain

their (Heckman and Singer 1984) findings.

We reconsider the heterogeneity misspecification problem in the specific case of discrete

time duration models with single spell specified as sequential binary models. We are particu-

larly interested in evaluating the effect of imposing a normal distribution for the unobserved

heterogeneity component when the true distribution is a gamma or a discrete distribution

with two support points.

By contrast, Baker and Melino (2000) studied the effect of using different non paramet-

ric specification of the unobserved heterogeneity distribution. They find that if too many

support points for the estimated heterogeneity distribution are used, the unobserved hetero-

geneity dispersion is overestimated and the covariate coefficients are biased away from zero
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(amplification bias). As explained by Mroz and Zayats (2005) this amplification bias may

simply be due to a rescaling by a factor of the variables. Mroz and Zayats (2005) find indeed

that the effects of the covariates seem to be better estimated if the number of support points

is large when taking into account the normalization problem.

In addition, we consider the potential consequences of misspecifying the distribution of

the residual error as well as of the unobserved heterogeneity in the sequential binary models.

3.3.2 Description of the Monte Carlo simulation: DGPs and esti-

mation models

As in Section 3.2, we carry out a Monte Carlo experiment by simulating 100 samples from

a set of different DGPs (data generator processes).

The DGPs used to generate the data are sequential logit models with unobserved hetero-

geneity following three alternative types of distribution (discrete, gamma or normal), with

a negative time duration dependence and two explanatory variables given by two mixture

variables. For more details on the DGPs we refer to Monte Carlo exercise A3 described in

Section 3.2.2.

Our estimation models are instead given by sequential binary models with normal ran-

dom effects and duration dependence approximated by a cubic polynomial in the duration.

We consider three models: (1) sequential logit, (2) sequential probit and (3) sequential com-

plementary log-log models. We estimate those sequential binary models with random effects

by using Stata which considers an adaptive Gauss-Hermite quadrature to approximate the

integral of the maximum likelihood function with respect to the random effects (see for
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more details StataCorp 2005). An alternative estimation methods is given by the simulated

maximum likelihood, see for more details Gourieroux and Monfort (1996) and Train (2003).

The simulation exercise is carried out as the previous ones by drawing 100 samples for

each DGP and three different sample sizes: 500, 1000 and 5000 individuals. We consider

durations longer than 40 periods as censored.

3.3.3 Results

In Tables 3.4, 3.5 and 3.6 we report the results corresponding to the use of the three differ-

ent estimation models: sequential logit, probit and or complementary log-log with normal

random effects and cubic polynomial in the duration. The simulated data used in all three

Tables are generated from the same DGP: a sequential logit model with negative duration

dependence and unobserved heterogeneity following three alternative distributions (discrete,

gamma or normal).

In each Table we report the average and the standard deviation over 100 replications for

the two covariate (mixture variable) coefficients, β1 (which true value is 1) and β2 (which

true value is 0.5), their ratio β1/β2, the fraction of residual variance explained by individual

random effects (ρ), the average number of iterations and the number of cases out of 100

of successful convergence of the maximum likelihood algorithm. We report averages and

standard deviations only for the cases where convergence was reached. Each Table is divided

in three panels reporting results produced using three different sample sizes: 500, 1000 and

5000 observations.

Looking at the results in Table 3.4, where both estimation and simulated models are
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sequential logit models, the covariate coefficients do not seem to be underestimated. They

seem to be well estimated even when the unobserved heterogeneity distribution is misspeci-

fied. This is an encouraging result for practitioners who would like to use easy-to-implement

estimation methods to take account of unobserved heterogeneity.

In Table 3.5, where the estimation model is given by a sequential probit model while the

true DGPs are given by sequential logit models, the two covariate coefficients are underesti-

mated but the ratio between them is still unbiased. Again we do not find relevant differences

when considering DGPs with different distributions for the random effects.

Since the logistic distribution is similar to the normal one but with heavier tails, the

difference in the estimated coefficients when using probit instead of logit models is probably

due to the different normalization implied by the different residual variances. Because the

residual variance in logit models is normalized to π2/3 while in probit models is normalized

to one, the rescaling factor should be given by π/
√

3 (see Greene 2003) . By multiplying the

coefficients in Table 3.5 by this factor, we find that the estimates are very close to the ones

reported in Table 3.4.

Finally, in Table 3.6, we change the estimation model to a sequential complementary

log-log model. The two covariate coefficients seem to be slightly underestimated while the

ratio between them is unbiased. The coefficients seem slightly lower than the ones shown in

Table 3.4 and it seems that coefficients bias be due again to a rescaling. Again, the results

do not seem to be affected by the distribution assumed for the unobserved heterogeneity in

the DGPs.

Increasing the sample size has the same effect for all three types of models (logit, probit

and complementary log-log): the attenuation bias does not change significantly, the standard

96



deviations decrease, and the number of unsuccessful convergence cases reduces to zero.

The fraction of the residual variance explained by the individual unobserved heterogene-

ity, ρ, seems very slightly and insignificantly underestimated when using sequential logit

models. It is still slightly and insignificantly underestimated when using sequential com-

plementary log-log models, and it is more significantly underestimated when considering a

sequential probit. Notice that a higher underestimation of the ρ coefficient seems to be asso-

ciated with a higher attenuation bias for the coefficients. This result seems to confirm Baker

and Melino’s (2000) conclusion that an underestimation (overestimation) of the dispersion

of the unobserved heterogeneity leads to an attenuation (amplification) of the covariate co-

efficients. However, we find that this attenuation (amplification) bias is simply due to a

normalization problem that Baker and Melino (2000) did not notice.

To evaluate the effect of misspecifying the unobserved heterogeneity distribution on the

duration dependence estimation, we plot the baseline hazard functions estimated using se-

quential logit, probit and complementary log-log with normal random effects: see Figures 3.3,

3.4 and 3.5. In all three Figures we consider data simulated from a DGP given by a sequential

logit model with the usual three types of distribution for the unobserved heterogeneity.

When both estimation and simulation models are given by a sequential logit model (Fig-

ure 3.3), the true baseline hazard (simulated) has a profile similar to the three estimated

baseline hazards averaged over 100 samples (labeled discrete, gamma and normal) corre-

sponding to three different DGPs, i.e. sequential logit models with random effects following

a discrete, a gamma and a normal distribution.

When we change the estimation model to a sequential probit model with normal random

effects (Figure 3.4), the estimated baseline hazards (labeled discrete, gamma and normal)
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have instead a different profile with respect to the true baseline hazard (labeled simulated)

especially for long durations.

Finally, when using a sequential complementary log-log model with normal random effect

for the estimation of the duration model, we find that the profile of the estimated baseline

hazards (labeled discrete, gamma and normal in Figure 3.5) follow the true one (simulated),

but the negative dependence is overestimated for short durations.

In summary, it seems that misspecification of the unobserved heterogeneity distribution

does not seriously affect the estimation results. Changes in the error distribution (logistic,

normal and extreme value) bias the duration dependence estimation but cause only a rescal-

ing of the coefficients estimates by a constant factor. Because coefficients in binary models

are identified only up to a scale normalization, the rescaling is not a genuine problem.

3.4 Conclusions

This chapter assesses the effects of ignoring unobserved heterogeneity or misspecifying its

distribution in single spell discrete time duration models. In particular, we focus on assess-

ing the consequences of adopting two models that can be easily estimated using standard

software: sequential binary models with or without individual normal random effects.

The main findings from our Monte Carlo study can be summarized as follows. First,

neglecting the unobserved heterogeneity seems to cause a bias in the duration dependence

estimation. It does not seem to cause a bias in the covariate coefficients but rather a

rescaling by a constant factor. Second, the rescaling factor is close to one when considering

covariates i.i.d. across individuals and time, while it is significantly smaller than one for
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covariates that are i.i.d. across individuals and correlated across time. Third, misspecifying

the random effects distribution biases neither the duration dependence nor the covariate

coefficients estimation. Fourth, misspecifying the error distribution, assuming a normal or

an extreme value distribution instead than a logistic one, seems to cause a bias in the duration

dependence estimation while it seems to cause only a proportional rescaling of the covariate

coefficients.

These findings are very encouraging for practitioners who estimate discrete time duration

models with or without normal random effects using command built into standard statistical

software packages.
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Table 3.1: Means and standard deviations of the coefficients estimates over 100
samples. Monte Carlo exercise A.

500 Observations 1000 Observations
Step DD Polynomial DD Step DD Polynomial DD

DGP β1 β2 β1/β2 β1 β2 β1/β2 β1 β2 β1/β2 β1 β2 β1/β2

True Value 1 0.5 2 1 0.5 2 1 0.5 2 1 0.5 2
Time-varying covariates, A1

Positive duration dependence
Discrete UH 0.896 0.446 2.061 0.892 0.445 2.058 0.934 0.473 1.999 0.932 0.472 1.998

(sd) 0.151 0.073 0.479 0.148 0.072 0.471 0.092 0.052 0.302 0.091 0.051 0.300
Gamma UH 0.967 0.464 2.144 0.963 0.462 2.146 0.951 0.478 2.015 0.948 0.477 2.015

(sd) 0.147 0.074 0.505 0.146 0.074 0.505 0.086 0.052 0.300 0.085 0.051 0.299
Normal UH 0.922 0.459 2.081 0.919 0.457 2.082 0.928 0.474 1.978 0.926 0.473 1.979

(sd) 0.158 0.087 0.526 0.158 0.086 0.526 0.099 0.050 0.296 0.099 0.049 0.295
Negative duration dependence
Discrete UH 0.903 0.444 2.086 0.900 0.442 2.090 0.911 0.458 2.014 0.909 0.457 2.015

(sd) 0.142 0.070 0.472 0.142 0.069 0.469 0.090 0.053 0.308 0.090 0.053 0.307
Gamma UH 0.927 0.454 2.106 0.922 0.450 2.109 0.911 0.456 2.023 0.908 0.455 2.021

(sd) 0.152 0.074 0.531 0.148 0.072 0.525 0.107 0.057 0.306 0.107 0.056 0.306
Normal UH 0.895 0.446 2.047 0.891 0.443 2.051 0.905 0.464 1.977 0.903 0.463 1.977

(sd) 0.167 0.073 0.459 0.165 0.072 0.457 0.095 0.053 0.319 0.095 0.052 0.321
Time-invariant covariates, A2

Positive duration dependence
Discrete UH 0.662 0.326 2.168 0.664 0.326 2.168 0.678 0.315 2.250 0.680 0.316 2.248

(sd) 0.147 0.077 0.790 0.147 0.077 0.787 0.112 0.060 0.675 0.112 0.060 0.672
Gamma UH 0.672 0.334 2.121 0.673 0.334 2.122 0.659 0.328 2.082 0.660 0.329 2.081

(sd) 0.144 0.075 0.688 0.145 0.075 0.687 0.104 0.061 0.533 0.104 0.061 0.530
Normal UH 0.730 0.350 2.277 0.731 0.350 2.274 0.684 0.341 2.051 0.685 0.341 2.051

(sd) 0.141 0.084 1.167 0.140 0.084 1.148 0.102 0.050 0.432 0.101 0.050 0.432
Negative duration dependence
Discrete UH 0.740 0.355 2.161 0.739 0.354 2.167 0.726 0.351 2.113 0.724 0.350 2.113

(sd) 0.141 0.070 0.551 0.142 0.070 0.559 0.102 0.051 0.435 0.102 0.051 0.437
Gamma UH 0.625 0.316 2.075 0.622 0.314 2.075 0.613 0.303 2.105 0.611 0.303 2.105

(sd) 0.132 0.067 0.654 0.133 0.066 0.660 0.099 0.058 0.588 0.099 0.058 0.588
Normal UH 0.709 0.342 2.194 0.707 0.341 2.192 0.660 0.340 1.985 0.659 0.339 1.986

(sd) 0.136 0.082 0.681 0.136 0.081 0.677 0.102 0.052 0.427 0.102 0.052 0.428
Mixture covariates, A3

Positive duration dependence
Discrete UH 0.789 0.390 2.114 0.788 0.390 2.117 0.809 0.399 2.068 0.809 0.399 2.069

(sd) 0.154 0.083 0.636 0.153 0.083 0.638 0.113 0.058 0.418 0.114 0.058 0.419
Gamma UH 0.810 0.408 2.077 0.807 0.407 2.077 0.794 0.404 2.005 0.793 0.403 2.007

(sd) 0.159 0.082 0.637 0.159 0.083 0.635 0.115 0.056 0.414 0.114 0.056 0.414
Normal UH 0.811 0.402 2.087 0.808 0.401 2.086 0.810 0.402 2.056 0.810 0.401 2.057

(sd) 0.148 0.073 0.546 0.148 0.073 0.548 0.105 0.058 0.386 0.106 0.058 0.388
Negative duration dependence
Discrete UH 0.828 0.410 2.082 0.824 0.408 2.084 0.835 0.416 2.044 0.833 0.414 2.048

(sd) 0.157 0.079 0.534 0.157 0.078 0.537 0.101 0.054 0.391 0.102 0.054 0.398
Gamma UH 0.791 0.390 2.110 0.787 0.387 2.113 0.761 0.375 2.074 0.759 0.374 2.073

(sd) 0.141 0.074 0.598 0.141 0.074 0.593 0.109 0.055 0.419 0.108 0.055 0.422
Normal UH 0.796 0.393 2.083 0.792 0.391 2.086 0.786 0.393 2.025 0.785 0.392 2.027

(sd) 0.153 0.067 0.553 0.153 0.067 0.557 0.102 0.053 0.313 0.102 0.053 0.313

Note: Characteristics of the DGPs (data generator processes) and of the estimation models are given by row and by column.

UH = unobserved heterogeneity. DD = duration dependence. Step = step function. Poynomial= cubic polynomial function.
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Table 3.2: Means and standard deviations of the coefficients estimates over 100
samples. Monte Carlo exercise B. Estimation model with step function duration
dependence.

β1 β2 β3 β4 β1/β2 β3/β4 β3/β2 β3/β1 β1/β4 β4/β2

True Value 1 0.5 1 0.5 2 2 2 1 2 1
DGP

500 Observations:
Positive duration dependence:
Discrete UH 0.479 0.251 0.575 0.273 2.091 2.327 2.512 1.377 1.940 1.194

(0.155) (0.070) (0.131) (0.077) (0.994) (0.995) (1.024) (0.699) (1.035) (0.564)
Gamma UH 0.507 0.236 0.584 0.295 2.470 2.128 2.886 1.260 1.867 1.456

(0.148) (0.077) (0.150) (0.074) (1.428) (0.821) (1.628) (0.560) (0.846) (0.966)
Normal UH 0.489 0.239 0.574 0.283 2.664 2.225 3.237 1.295 1.863 1.531

(0.145) (0.080) (0.170) (0.071) (3.397) (1.116) (5.616) (0.601) (0.858) (2.068)
No duration dependence:
Discrete UH 0.510 0.255 0.589 0.283 2.144 2.197 2.517 1.258 1.897 1.197

(0.139) (0.064) (0.146) (0.061) (0.857) (0.772) (1.074) (0.504) (0.707) (0.489)
Gamma UH 0.453 0.239 0.548 0.275 2.115 2.153 2.596 1.428 1.812 1.270

(0.144) (0.073) (0.149) (0.066) (1.030) (0.928) (1.360) (1.256) (1.012) (0.546)
Normal UH 0.471 0.235 0.553 0.278 2.276 2.119 2.640 1.348 1.792 1.319

(0.148) (0.072) (0.144) (0.067) (1.242) (0.808) (1.738) (0.734) (0.758) (0.647)

1000 Observations:
Positive duration dependence:
Discrete UH 0.469 0.233 0.557 0.276 2.226 2.109 2.680 1.259 1.770 1.306

(0.105) (0.061) (0.115) (0.054) (1.093) (0.674) (1.637) (0.423) (0.545) (0.628)
Gamma UH 0.469 0.238 0.554 0.282 2.131 2.034 2.503 1.231 1.720 1.277

(0.096) (0.055) (0.093) (0.052) (0.943) (0.508) (0.976) (0.331) (0.483) (0.484)
Normal UH 0.498 0.239 0.566 0.284 2.216 2.053 2.518 1.197 1.806 1.272

(0.101) (0.054) (0.112) (0.050) (0.799) (0.542) (0.856) (0.389) (0.498) (0.462)
No duration dependence:
Discrete UH 0.496 0.248 0.576 0.284 2.130 2.097 2.480 1.209 1.800 1.219

(0.100) (0.056) (0.108) (0.054) (0.881) (0.535) (1.008) (0.340) (0.468) (0.445)
Gamma UH 0.444 0.224 0.547 0.271 2.122 2.106 2.588 1.316 1.699 1.288

(0.104) (0.051) (0.100) (0.053) (0.864) (0.616) (0.859) (0.462) (0.516) (0.475)
Normal UH 0.487 0.233 0.552 0.286 2.259 1.995 2.563 1.194 1.754 1.327

(0.106) (0.057) (0.100) (0.050) (0.934) (0.518) (0.982) (0.351) (0.514) (0.514)

5000 Observations:
Positive duration dependence:
Discrete UH 0.472 0.231 0.561 0.278 2.070 2.033 2.463 1.198 1.708 1.219

(0.045) (0.027) (0.045) (0.023) (0.289) (0.266) (0.354) (0.157) (0.210) (0.154)
Gamma UH 0.466 0.236 0.562 0.285 1.989 1.987 2.405 1.221 1.643 1.217

(0.047) (0.024) (0.045) (0.022) (0.289) (0.236) (0.334) (0.168) (0.212) (0.152)
Normal UH 0.481 0.243 0.568 0.283 2.004 2.019 2.362 1.192 1.709 1.177

(0.049) (0.023) (0.047) (0.024) (0.303) (0.233) (0.300) (0.144) (0.222) (0.144)
No duration dependence:
Discrete UH 0.502 0.245 0.570 0.285 2.067 2.013 2.349 1.143 1.773 1.172

(0.040) (0.024) (0.044) (0.023) (0.258) (0.226) (0.306) (0.129) (0.207) (0.127)
Gamma UH 0.445 0.223 0.549 -0.279 2.014 1.979 2.490 1.248 1.603 1.264

(0.046) (0.025) (0.043) (0.023) (0.303) (0.218) (0.348) (0.161) (0.213) (0.162)
Normal UH 0.467 0.235 0.566 -0.279 2.006 2.039 2.431 1.224 1.682 1.198

(0.047) (0.023) (0.046) (0.020) (0.285) (0.225) (0.304) (0.150) (0.207) (0.140)

Note: Characteristics of the DGPs (data generator processes) are given by row. UH = unobserved heterogeneity.
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Table 3.3: Means and standard deviations of the coefficients estimates over 100
samples. Monte Carlo exercise B. Estimation model ignoring duration depen-
dence.

β1 β2 β3 β4 β1/β2 β3/β4 β3/β2 β3/β1 β1/β4 β4/β2

True Value 1 0.5 1 0.5 2 2 2 1 2 1
DGP

500 Observations:
Positive duration dependence:
Discrete UH 0.627 0.330 0.636 0.297 2.099 2.412 2.140 1.189 2.393 1.001

(0.216) (0.094) (0.155) (0.088) (1.054) (1.184) (0.985) (0.657) 1.539) (0.495)
Gamma UH 0.624 0.310 0.632 0.327 2.231 2.187 2.327 1.124 2.101 1.182

(0.186) (0.097) (0.187) (0.094) (0.996) (1.247) (1.261) (0.545) (0.974) (0.576)
Normal UH 0.638 0.311 0.635 0.312 2.676 2.266 2.722 1.108 2.234 1.314

(0.198) (0.109) (0.196) (0.086) (3.082) (1.219) (3.943) (0.525) (1.109) (1.688)
No duration dependence:
Discrete UH 0.657 0.329 0.654 0.311 2.133 2.234 2.165 1.091 2.239 1.019

(0.184) (0.082) (0.169) (0.070) (0.840) (0.839) (0.954) (0.448 ) (0.914) (0.425)
Gamma UH 0.548 0.277 0.611 0.294 2.371 2.490 2.454 1.315 2.214 1.311

(0.194) (0.106) (0.192) (0.091) (2.619) (2.113) (3.618) (0.883) (1.680) (2.051)
Normal UH 0.599 0.301 0.611 0.307 2.275 2.159 2.302 1.193 2.092 1.146

(0.195) (0.095) (0.165) (0.081) (1.262) (0.918) (1.532) (0.709) (0.941) (0.594)

1000 Observations:
Positive duration dependence:
Discrete UH 0.614 0.305 0.608 0.303 2.264 2.102 2.308 1.054 2.119 1.118

(0.141) (0.083) (0.133) (0.061) (1.220) (0.732) (1.786) (0.372) (0.715) (0.620)
Gamma UH 0.620 0.299 0.641 0.314 2.232 2.101 2.345 1.103 2.032 1.151

(0.149) (0.078) (0.133) (0.058) (0.860) (0.544) (1.153) (0.394) (0.582) (0.530)
Normal UH 0.652 0.309 0.624 0.316 2.240 2.047 2.150 1.013 2.135 1.094

(0.138) (0.072) (0.132) (0.058) (0.806) (0.589) (0.740) (0.339) (0.609) (0.400)
No duration dependence:
Discrete UH 0.638 0.318 0.635 0.316 2.133 2.085 2.138 1.041 2.089 1.058

(0.131) (0.072) (0.122) (0.063) (0.878) (0.560) (0.917) (0.308) (0.573) (0.403)
Gamma UH 0.590 0.278 0.579 0.296 2.279 2.050 2.212 1.059 2.081 1.138

(0.151) (0.067) (0.122) (0.063) (0.895) (0.636) (0.766) (0.409) (0.700) (0.402)
Normal UH 0.622 0.295 0.606 0.318 2.277 1.970 2.215 1.030 2.013 1.167

(0.140) (0.074) (0.115) (0.057) (0.934) (0.555) (0.833) (0.317) (0.606) (0.445)

5000 Observations:
Positive duration dependence:
Discrete UH 0.615 0.302 0.616 0.306 2.064 2.035 2.072 1.012 2.024 1.025

(0.060) (0.036) (0.054) (0.027) (0.292) (0.288) (0.314) (0.142) (0.247) (0.133)
Gamma UH 0.615 0.301 0.627 0.310 2.064 2.037 2.108 1.033 1.997 1.043

(0.068) (0.033) (0.049) (0.027) (0.326) (0.250) (0.298) (0.146) (0.298) (0.149)
Normal UH 0.626 0.317 0.631 0.312 1.997 2.036 2.009 1.018 2.021 0.994

(0.065) (0.031) (0.058) (0.028) (0.310) (0.248) (0.273) (0.131) (0.272) (0.130)
No duration dependence
Discrete UH 0.645 0.316 0.632 0.316 2.060 2.012 2.021 0.987 2.053 1.009

(0.053) (0.031) (0.052) (0.026) (0.255) (0.234) (0.265) (0.119) (0.244) (0.114)
Gamma UH 0.552 0.287 0.603 0.299 1.956 2.034 2.134 1.107 1.862 1.056

(0.068) (0.034) (0.057) (0.028) (0.370) (0.281) (0.358) (0.160) (0.293) (0.153)
Normal UH 0.597 0.301 0.629 0.307 2.005 2.059 2.112 1.064 1.953 1.032

(0.061) (0.030) (0.055) (0.024) (0.291) (0.248) (0.278) (0.135) (0.253) (0.128)

Note: Characteristics of the DGPs (data generator processes) are given by row. UH = unobserved heterogeneity.
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Table 3.4: Means and standard deviations of coefficient estimates over 100 sam-
ples. Estimation model: sequential logit. DGP: sequential logit.

β1 β2 β1/β2 ρ = σ2
θ

σ2
ε +σ2

θ
Iterations Convergence

True Value 1 0.5 2 1
π2

3
+1

= 0.233

DGP
500 Observations:

Negative duration dependence:
Discrete Unobserved Het. 0.927 0.455 2.130 0.174 6.908 98

(0.170) (0.093) (0.611) (0.143) (2.981)
Gamma Unobserved Het. 0.913 0.452 2.110 0.118 5.404 99

(0.183) (0.087) (0.672) (0.072) (2.263)
Normal Unobserved Het. 0.923 0.460 2.083 0.148 6.271 96

(0.158) (0.086) (0.550) (0.116) (2.759)

1000 Observations:
Negative duration dependence:
Discrete Unobserved Het. 0.937 0.462 2.069 0.156 6.424 99

(0.137) (0.071) (0.405) (0.093) (2.607)
Gamma Unobserved Het. 0.942 0.474 2.012 0.151 5.889 99

(0.123) (0.060) (0.317) (0.090) (2.788)
Normal Unobserved Het. 0.944 0.470 2.048 0.170 6.316 98

(0.121) (0.066) (0.393) (0.118) (2.775)

5000 Observations:
Negative duration dependence:
Discrete Unobserved Het. 0.956 0.477 2.013 0.202 6.850 100

(0.079) (0.040) (0.178) (0.099) (2.851)
Gamma Unobserved Het. 0.916 0.458 2.003 0.110 4.190 100

(0.064) (0.027) (0.163) (0.059) (1.522)
Normal Unobserved Het. 0.966 0.482 2.009 0.188 5.850 100

(0.076) (0.034) (0.161) (0.102) (2.455)

Note: Iterations = average number of iterations for the convergence of the likelihood maximization
algorithm. Convergence = number of cases over 100 replications of successful convergence. ρ = fraction of
residual variance explained by individual random effects.
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Table 3.5: Means and standard deviations of coefficient estimates over 100 sam-
ples. Estimation model: sequential probit. DGP: sequential logit.

β1 β2 β1/β2 ρ = σ2
θ

σ2
ε +σ2

θ
Iterations Convergence

True Value 1 0.5 2 1
1+1 = 0.5

DGP
500 Observations:

Negative duration dependence:
Discrete Unobserved Het. 0.519 0.255 2.128 0.306 8.690 100

(0.099) (0.058) (0.587) (0.140) (1.495)
Gamma Unobserved Het. 0.543 0.270 2.069 0.307 8.535 99

(0.102) (0.049) (0.522) (0.126) (1.358)
Normal Unobserved Het. 0.528 0.264 2.089 0.304 8.455 99

(0.102) (0.058) (0.566) (0.157) (2.370)

1000 Observations:
Negative duration dependence:
Discrete Unobserved Het. 0.525 0.257 2.078 0.292 8.848 99

(0.082) (0.039) (0.407) (0.104) (1.480)
Gamma Unobserved Het. 0.534 0.270 2.013 0.305 8.410 100

(0.087) (0.039) (0.396) (0.112) (1.326)
Normal Unobserved Het. 0.537 0.268 2.049 0.324 8.760 100

(0.079) (0.041) (0.407) (0.124) (1.457)

5000 Observations:
Negative duration dependence:
Discrete Unobserved Het. 0.524 0.261 2.015 0.311 9.010 100

(0.036) (0.017) (0.174) (0.044) (1.259)
Gamma Unobserved Het. 0.542 0.271 2.004 0.305 8.740 100

(0.037) (0.015) (0.159) (0.042) (0.960)
Normal Unobserved Het. 0.538 0.268 2.010 0.315 8.850 100

(0.038) (0.016) (0.161) (0.049) (1.175)

Note: Iterations = average number of iterations for the convergence of the likelihood maximization
algorithm. Convergence = number of cases over 100 replications of successful convergence. ρ = fraction of
residual variance explained by individual random effects.
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Table 3.6: Means and standard deviations of coefficient estimates over 100 sam-
ples. Estimation model: sequential complementary log-log. DGP: sequential
logit.

β1 β2 β1/β2 ρ = σ2
θ

σ2
ε +σ2

θ
Iterations Convergence

True Value 1 0.5 2 1
π2

6
+1

= 0.378

DGP
500 Observations:

Negative duration dependence:
Discrete Unobserved Het. 0.855 0.421 2.123 0.243 6.714 98

(0.147) (0.086) (0.606) (0.127) (2.428)
Gamma Unobserved Het. 0.861 0.442 2.010 0.222 5.890 100

(0.156) (0.072) (0.545) (0.112) (2.238)
Normal Unobserved Het. 0.859 0.430 2.076 0.224 6.358 95

(0.152) (0.081) (0.556) (0.130) (2.475)

1000 Observations:
Negative duration dependence:
Discrete Unobserved Het. 0.871 0.429 2.069 0.233 6.602 98

(0.123) (0.062) (0.410) (0.094) (2.560)
Gamma Unobserved Het. 0.886 0.432 2.084 0.228 5.730 100

(0.107) (0.051) (0.381) (0.084) (2.348)
Normal Unobserved Het. 0.879 0.437 2.053 0.250 6.240 100

(0.109) (0.062) (0.386) (0.131) (2.590)

5000 Observations:
Negative duration dependence:
Discrete Unobserved Het. 0.882 0.440 2.013 0.285 6.710 100

(0.058) (0.029) (0.178) (0.089) (2.388)
Gamma Unobserved Het. 0.878 0.438 2.011 0.224 5.310 100

(0.054) (0.028) (0.160) (0.075) (2.246)
Normal Unobserved Het. 0.901 0.450 2.008 0.287 6.290 100

(0.060) (0.027) (0.161) (0.097) (2.262)

Note: Iterations = average number of iterations for the convergence of the likelihood maximization
algorithm. Convergence = number of cases over 100 replications of successful convergence. ρ = fraction of
residual variance explained by individual random effects.
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Figure 3.1: Estimated and true negative duration dependence functions. Monte
Carlo exercise A1. Unobserved heterogeneity ignored.

Figure 3.2: Estimated and true positive duration dependence functions. Monte
Carlo exercise A1. Unobserved heterogeneity ignored.
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Figure 3.3: Estimated and true baseline hazards. Estimation model: sequen-
tial logit with normal random effects. DGP: sequential logit with unobserved
heterogeneity.

Figure 3.4: Estimated and true baseline hazards. Estimation model: sequen-
tial probit with normal random effects. DGP: sequential logit with unobserved
heterogeneity.
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Figure 3.5: Estimated and true baseline hazards. Estimation model: sequential
complementary log-log with normal random effects. DGP: sequential logit with
unobserved heterogeneity.
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Appendix A

Wage Equation

Wage equations are commonly estimated (see for instance Mincer 1974) by linear regression

where the dependent variable is the natural log of the reported wage. Typical variables to

be included are age and age squared, education (either in terms of years of education or

as a dummy variable reflecting the educational level), type of education, work experience,

number of children, age of the children, ethnicity, region, profession. In theory we can

estimate separate wage equations for men and women within the status of working persons

and pensioners. We do exclude pensioners: women in pensionable age are excluded as we

limited our analysis to those who are 40 or less. Male are not considered because of the

established unit of analysis. Husbands’ wage is ignored: since we only know the marital

status in 2003 (and information about the wedding date is not provided) we are prevented

from reconstructing it retrospectively. However, there will be women who are recorded with

zero wage simply because they do not work. The problem is that they might have chosen

not to work because they would receive relatively low wage. In terms of the economic theory,

they do not work because their offered wage is lower than their reservation wage (i.e. the
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lowest wage for which they would chose to work). If we choose those who work in our wage

equation only, we do get a selection bias. One standard solution for this problem is to

estimate a participation equation using a probit model (the so-called generalized Tobit or

Tobit of second type, see Gourieroux 2000).

Consider the market wage (Ymi) and the reservation wage (Yri) of person i specified as

following:

Ymi = xi′β + εi (A.0.1)

and

Yri = zi′γ + νi (A.0.2)

where xi′ (zi′) indicate the set of covariates, β(γ) the corresponding parameters and εi

(νi) the error terms for the market wage, (A.0.1), (reservation wage, (A.0.2)) equation.

The observed wage is given by:

Yi =





Ymi if Ymi ≥ Yri

0 Otherwise

with:

Yi =





xi′β + εi if εi − νi ≥ zi′γ − xi′β

0 Otherwise

(A.0.3)

The two step estimation provides a first step for the estimation of a probit model for the

probability to be in the labour market and a second step for the estimation of the regression

model with an additional variable (the inverse Mill’s ratio) using the sub-sample of individual

with di = 1, where:
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di =





1 if Ymi ≥ Yri, i.e. a woman works

0 if Ymi < Yri, i.e. a woman does not work

In our case, we are prevented from using this standard solution because of the combination

of two different and independent data sets. Mapping the predicted BOI-SHIW wage into the

ISTAT-LFS data set requires to have exactly the same variables in both data sets. Including

information about the husbands as regressors (i.e. zi′) in the participation equation attenuate

the bias of the coefficients but we impute, to the women of the ISTAT-LFS data set, a

predicted wage which captures year by year the presence of an additional wage even if we

cannot address 1 the presence of an husband for that year.

Given this setting, the lack of data available and the data mapping we estimate a Tobit

model (a Tobit model of the first type or Tobit with deterministic censure, see Tobin 1958)

which censors the wage distribution at selected (upper or lower) point. The woman wage

equation is left censored at zero.

Define:





Y : Hourly Observed Wage ⇒ min (Y)=0;

a : Positive Constant;

W = Y + a : a− augmented Hourly Wage ⇒ min (W)=a;

w = lg W : ⇒ min (w)= lg a.

Given this definition,

1Problem of retrospectively constructing the marital status.
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Yi =





Ymi if Ymi ≥ 0

0 if Ymi < 0.

(A.0.4)

We are interested in taking lg of (A.0.4), but the logarithm of zero is −∞. Taking a positive

constant a and assuming that Wi = Yi + a, we get:

Wi =





a + xi′β + εi if xi′β ≥ −εi

a Otherwise

with min(Wi) = a and:

wi = lg(Wi) =





lg(a + xi′β + εi) if xi′β ≥ −εi

lg(a) Otherwise

and min(wi) = lg a.

lg a is the lower bound for the log hourly wage distribution and it is the point of censure

of the Tobit model. All the observations with augmented log hourly wage less than lg a are

censored. If we apply to this model a standard OLS, the estimates are biased and inconsistent

(Tobin, 1958).

If we denote ω̂it the log hourly predicted wage for the i-th woman at time t, the wage

equation we estimate becomes:

ω̂it = β̂0 + β̂1ageit + β̂2(age)2
it + β̂3

8∑
j=1

educationitj + β̂4

20∑
j=1

regionitj (A.0.5)

where t = 1983, ..., 2003, ageit is the age of the i-th woman at time t, (education)itj, for

j = 1, ..., 8, are eight dummy variables for different levels of education attained from the

i-th woman at time t and (region)itj, for j = 1, ..., 20, are twenty dummy variables, one for
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each of the Italian regions. Table A.1 presents the estimated coefficient from an hourly wage

equation for women in a Tobit model using the BOI-SHIW data set.

The selected sample in Table A.1 contains 4,749 women in the condition of being mothers,

i.e. less than 45 years, not pensioners and not studying. 2,601 of these women are censored

because they exhibit a zero wage.

As we expected, the coefficient for age is positive and for age squared is negative: this is in

line with the economic/econometric literature that wage increase with age but at decreasing

rate (Mincer 1974). Our results confirms the classical way to take education as a proxy of

wage: the larger you study the more you earn (Schultz 1985). Moving from lower level of

education to higher level induces a gain in terms of hourly wage rates. We do not include

position in the woman wage equation estimated from BOI-SHIW because it is not provided

the the ISTAT-LFS. To be more precise, the ISTAT-LFS Survey asks women position only

at the time of the interview and we are no able to reconstruct it back in 1983. The hourly

wage does not exhibit very large variability across different region of Italy, even if there is a

clear tendency of lower hourly wage in the South (linked both with the presence of public

job and the percentage of women not working) when compared to the North one.
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Table A.1: Estimated Hourly Woman Wage Equation (Tobit Model)

Variable Coefficient (Standard Error)

Age:
Age 0.276∗∗ (0.021)
(Age)2 -0.003∗∗ (0.000)
Education:
Middle School 0.530∗∗ (0.092)
Professional Secondary School Diploma 1.246∗∗ (0.137)
High School 1.541∗∗ (0.096)
Short Course University Degree 2.118∗∗ (0.301)
Bachelor’s Degree 2.458∗∗ (0.124)
Post-Graduate Qualification 3.375∗∗ (0.772)
Regions:
Piemonte 1.744∗∗ (0.171)
Valle d’ Aosta 1.339∗ (0.658)
Lombardia 1.477∗∗ (0.165)
Trentino 2.099∗∗ (0.258)
Veneto 1.321∗∗ (0.181)
Friuli 1.553∗∗ (0.229)
Liguria 1.675∗∗ (0.196)
Emilia Romagna 1.881∗∗ (0.170)
Toscana 1.608∗∗ (0.181)
Umbria 1.782∗∗ (0.208)
Marche 1.728∗∗ (0.197)
Lazio 0.767∗∗ (0.188)
Abruzzi 1.024∗∗ (0.220)
Molise 0.967∗∗ (0.320)
Campania -0.143 (0.182)
Basilicata 1.466∗∗ (0.325)
Calabria 1.107∗∗ (0.230)
Sicilia 0.191 (0.179)
Sardegna 1.065∗∗ (0.208)
Constant -7.157∗∗ (0.509)

No. of Women 4,749
No. of censored Women 2,601
Pseudo R2 0.149
Log-L -5596.9167

Notes: Dependent variable is the woman log hourly wage. Equation estimated from the BOI-SHIW, 2002. Reference group

for education: none and elementary school. Reference group for regions: Puglia.

†p < 0.1; ∗p < 0.05; ∗∗p < 0.01. 114



Appendix B

Probit Model

Let us consider a sequential probit model with unobserved heterogeneity given by a normal

random variable identically and independently distributed (i.i.d.) across individuals and

time. Moreover, let dit be a dummy variable indicating the risk event occurrence for the

generic individual i (i = 1, ..., n) at time, duration, t (t = 1, ..., T ). Then the hazard

probability for a generic i− th individual at time t is given by

Pr(dit = 1|dit−1 = 0) = Φ(Xitβ + f(t) + θit), (B.0.1)

where Xit is a vector of explanatory variables, β is the vector of the corresponding coeffi-

cients, f(t) is a known deterministic function of the duration, θit is an unobserved random

variable i.i.d. across individuals and time following a normal distribution with zero mean and

variance σ2
θ and independent of the explanatory variables, and Φ is the Gaussian cumulative

distribution. If θit were observed and f(t) were known, then the maximum likelihood estima-

tion of the sequential probit conditioning to Xit and θit would produce consistent estimates

for the β coefficients.
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If we omit the unobserved heterogeneity, the hazard probability would be instead:

Pr(dit = 1|dit−1 = 0) = Φ(Xitβ̃ + f̃(t)), (B.0.2)

where β̃ = β
σ
, f̃(·) is given by 1

σ
f(·), and σ =

√
σ2

θ + 1. Assuming that f̃(·) is known, we can

still use the maximum likelihood method to estimate consistently the explanatory variable

coefficients (see Maddala, 1987). Notice that the weeding out effect does not operate here

because the unobserved heterogeneity is given by a random variables i.i.d. across individuals

and time. People who survive at time t because of a low unobserved random component may

have a high unobserved random component in (t + 1), so that θit and Xit are independent

conditioning to t = 0 but also conditioning to t > 0.

Finally, notice that the new coefficients in (B.0.2) are rescaled and therefore not directly

comparable with the coefficients in the hazard model (B.0.1) (see Arulampalam, 1999). Since

the rescaling factor is given by 1
σ

and σ > 1, ignoring the unobserved heterogeneity causes

an attenuation bias for the covariate coefficients.
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