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Abstract

This thesis focuses on two dimensions of the child production function - the technology of human
capital formation and the role of specific family inputs into human capital. The first two chapters
explore the technology by which inputs produce child human capital. Specifically, for given parental
lifetime income, these ask whether the timing of income matters for later outcomes of the children.
Two methodologies estimate the effect at different margins. Firstly in a fully flexible model, the
relationship between parental income at child ages 0-5, 6-11 and 12-17 and subsequent child outcomes
is estimated nonparametrically, allowing for complementarity across periods. Income aged 0-5 is as
important in general as income at age 6-11 for child human capital formation. Complementarities
exist between 0-5 and 6-11 for households with low permanent income, which are those likely to be
credit constrained. Similarly, very strong complementarities are found between early years income
and income during adolescence (age 12-17) for the group of poor parents. Chapter 3 analyses the
role of permanent and transitory income shocks at different ages, upon adolescent human capital.
Empirical results suggest the effect of permanent shocks declines across age. This is intuitive, given
that a permanent shock changes household wealth and hence a shock at age 1 drives more future
income realisations than a later shock. Transitory shocks on the other hand, have an increasing
effect upon child outcomes across child age. Further, there is evidence of intrahousehold insurance
against paternal transitory income shocks.

The final two chapters of the thesis look at parental inputs in the production function. Chapter
4 allows the life cycle of skill formation to begin pre-birth, by estimating the role of maternal smok-
ing during pregnancy upon birth outcomes. Results suggest a large proportion of the correlation
is explained by a maternal fixed effect. Finally, chapter 5 offers a cross country comparison of the
similarities in child test score gaps, by a range of measures of family inequality. Despite wide insti-
tutional differences, this chapter estimates homogeneous correlates for maternal education, family
size and child gender upon child achievement, but differences in the covariates of lone parenthood

and ethnicity.
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1 Introduction

The chapters in this thesis focus on the life cycle formation of human capital, from birth to early
adulthood. Two dimensions of human capital formation are considered - the technology of human
capital formation and the role of neo-natal and early childhood family inputs into human capital of
children.

From the late 1950’s, economists have been modelling the accumulation of human capital in
a market setting, to explain the distribution of earnings. For example Mincer (1958, 1962) and
Becker (1964, 1966) first formulate and Ben-Porath (1967) develops a production function for the
development of human capital, where technology is determined by constraints and inputs, such
as ability and family background, which drive the stock of human capital. The life cycle of skill
formation was analysed, with a view to understanding the decision to forego earnings to acquire
skills. Skills are generally developed early in a lifetime, either during schooling or initial years in the
labour market, suppressing contemporaneous wages. Then, in the post-acquisition years, earnings
rise across a lifetime, at a decreasing rate.

There have been departures from the production function for human capital accumulation, where
economists allow for more dynamic skill formation. For example, more recent literature adds an
additional dimension to the life cycle of skill formation, analysing how investment in human capital
may have a return that varies across the lifetime of a child (see Cunha et al (2005), Cunha &
Heckman (2006, 2007, 2008), Cunha et al (2006)). The first stage of this thesis offers empirical
evidence as to the differential return of parental income across child age, in the child production
function of human capital.

Additionally, Corman et al (1987) and Rosenzweig & Wolpin (1991) extend the human capital
production function, by analysing the effect of neo-natal behaviours upon birth outcomes, in an
attempt to understand the life cycle accumulation of skill formation as a process which starts before
the birth of an individual. Todd & Wolpin (2007) provide a review of the different techniques
that have been used empirically to address particular elements of the child production function.
They formulate an estimator of the effect of inputs into child skill formation under different models
and find that a production function which contains only contemporaneous inputs is rejected by the
data, in favour for a more cumulative process of skill formation. The second stage of the thesis
offers evidence in line with these papers, by firstly considering how neo-natal behaviour drives birth
outcomes, when a mother fixed effect is allowed for. Secondly, the correlates of family inputs with
early child outcomes is estimated for a range of countries, examining descriptively whether there are
country dynamics in the way that inputs enter production functions.

The first two chapters explore the technology through which inputs across the child life cycle
produce child human capital. Specifically, for given parental inputs into the child production func-
tion, these ask whether the timing of the inputs throughout childhood matter for the stock of human
capital in adolescence and early adulthood.

It is possible to think of a model which could predict that income received at different stages of
child development, would impact differentially upon the eventual stock of child human capital. In a
simple model, parents choose consumption in each period, plus investment in child human capital to
maximise their utility. The utility is a function of the stock of child human capital at the end of the
periods of investment. A production function which converts investment into child human capital

may allow for a return to investment that differs across child age. For example, Cunha & Heckman

11



(2008) note the presence of sensitive periods (in which the marginal return to investment is higher
than in other periods) and critical periods (in which the marginal return to investment is greater
than zero only in the critical period) in the development of certain skills. This means that parental
investment may be empirically more productive in certain stages of human capital development than
others.

However, it is the differential timing of parental income, not investment that is estimated in this
thesis. Under perfect credit markets, even if the return to parental investment was relatively high
in one period, parents could borrow or save to ensure that they invest optimally. Therefore, it is
the interaction of differential returns to human capital investment with specific market failures, that
gives rise to an effect of parental income that changes across the child life cycle. Chapters 2 and 3
consider different market failures to estimate the effect of the timing of parental income.

Chapter 2 considers the relationship differentially for liquidity constrained parents. When a
liquidity constraint binds in a particular period, the parent will be unable to borrow sufficiently to
optimally invest in the human capital of their child. Therefore, a return to income in one period
may differ to the return in another.

Chapter 3 allows for uncertainty over income in each period, estimating the effect of income
shocks upon child outcomes. With income uncertainty, the permanent income hypothesis predicts
that an income shock will change investment by the annuity value of the shock, as it shifts household
wealth. An earlier permanent income shock will be expected to have a greater impact therefore than
a later shock, as the former alters investment for more periods of the child’s lifetime. A transitory
shock, on the other hand, is expected to have a smaller effect, which is constant across the age of
the child.

In these two chapters, a Norwegian administrative data set provides information on annual
household income in each year of a child’s lifetime. The aim is to identify the effect of the timing
of income upon a range of outcomes for the child aged between 16-30. Chapters 2 and 3 use two
different methods of estimating the differential productivity of income across child age, which provide
parameters at different margins.

Firstly, chapter 2 looks flexibly at the relationship between the timing of parental income and
child human capital, in a fully nonparametric setting. Owing to the curse of dimensionality inherent
in nonparametric analysis, child lifetime is aggregated into three periods - age 0-5, 6-11 and 12-17.
A multivariate local linear kernel regression analysis identifies the effect of the differential timing
of income in these three periods, exploiting movements across deciles of the income distribution.
The parameter estimated here therefore concerns particularly large changes in income. In addition
to evaluating the relative productivity of income in each of these three periods of lifetime, the
fully flexible functional form of the production function enables an evaluation of potential dynamic
complementarity in the return to income. Dynamic complementarity exists if the return to income
in one period is increasing in the level of income in another period. No study to date has estimated
both productivity of and complementarity in the return to the timing of income.

The chapter reports findings that early years income (age 0-5) is as important in general as
income at age 6-11 for child human capital formation. However, there are complementarities across
the two periods for households with low permanent income, which are those likely to be credit
constrained. Similarly, very strong complementarities are found between early years income and

income during adolescence (age 12-17), whereby even bundles of early and late income are optimal
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to extreme bundles. Again, this is solely for the poorer groups of parents. For all other parents,
income is more productive during adolescence than early childhood. These conclusions are replicated
in a semiparametric analysis, where by a first stage controls parametrically for a wealth of parental
controls and the second stage estimates the residual effect of the timing of income nonparametrically.
Additionally, the results are robust to variation of bandwidth.

Chapter 3 exploits income variation within each period of the child’s lifetime, rather than ag-
gregating the effect to three stages of development. The idea is to estimate the stochastic process
for household income and construct permanent and transitory shocks to identify the effect of the
timing of income shocks in each period of a child’s lifetime.

Chapter 3 estimates empirically the role of permanent and transitory income shocks realised
across child age, upon a range of cognitive and noncognitive adolescent outcomes. The technique
to decompose income shocks into permanent and transitory components relies upon the assumed
income process. The first step therefore provides empirical evidence of the Auto-Regressive Moving
Average (ARMA) transitory income process in Norway. Such evaluations have been carried out
in many other countries, but not to date in Norway. Permanent income is assumed to follow a
martingale and for transitory income, the model which best fits the data is an MA(1) or MA(2)
process. Given this, the effect of permanent and transitory shocks are estimated using the derived
moment conditions.

The results of chapter 3 suggest that transitory income shocks have a slightly larger effect when
realised later in the life of a child than earlier. For most outcomes, there is a monotonically increasing
relationship across time, such that earlier transitory income shocks have a relatively small effect on
adolescent human capital.

An opposite relationship was established for permanent income shocks, that the earlier shocks
have a greater impact. This is because a permanent shock will shift household wealth and therefore
all future investment decisions, hence an earlier shock drives human capital investment for more
periods than a later shock. These findings are robust to changes in the assumed income process,
restricting the persistence of both the permanent and transitory components.

Additionally, the chapter explores potential intrahousehold insurance against transitory income
shocks, by repeating the analysis on father’s income alone, rather than household income. Child
human capital may be insured against paternal income shocks, if the mother responds by raising
her investment in the child, either by working more hours or increasing time spent with the child.
The results suggest evidence of such insurance, as paternal transitory income shocks have a smaller
coefficient than the household equivalent, especially during early years and later adolescence.

The final two chapters focus upon the role of specific inputs into the child production function.
These two chapters explore the determinants to early human capital development, firstly by looking
at how neo-natal behaviour drives outcomes at birth (Chapter 4) and secondly at how family char-
acteristics from birth to age 9 drive early child test score outcomes in different countries (Chapter
5).

Chapter 4 allows the life cycle of skill formation to begin pre-birth, by estimating the role of
maternal neo-natal behaviour upon birth outcomes. Specifically, the chapter aims to estimate effect
on child birth outcomes - birth weight, weeks of gestation, probability of having a low birth weight
infant and probability of pre-term gestation - from maternal smoking during pregnancy, allowing for

a maternal fixed effect. A large fraction of the correlation between maternal smoking and child birth
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outcomes disappears once the fixed effect method is used. Indeed, the only remaining significant
effect is for the birth weight outcome. This suggests that smoking during pregnancy is correlated
with other behaviours, which independently lower birth outcomes. Exploring heterogeneity in the
effect on birth weight, it is mothers who smoke for the entire nine months of gestation that suffer
the harm, whereas there is an insignificant effect for mothers who chose to quit by month five.
Additionally, there is evidence of potential complementarity in investment of human capital, as the
impact on birth weight of smoking is much greater for low educated mothers.

Finally chapter 5 provides a cross country comparison of the similarities in test score gaps, by
a range of measures of family inequality. Despite evidence that early childhood experience is an
important determinant of child achievement, the empirical literature to date has not explored the
empirical connections between test scores and their correlates across countries.

Heterogeneity may exist in correlates if there are differential coefficients on inputs in a child
production function, or if test scores measured inconsistently across countries. On the other hand,
if the same child production function translates inputs into skills, or budget constraints are similar
for differently types of families, then the correlates will be similar. There is a need to ensure that
inconsistent measurement of test scores is not driving the results, therefore the chapter compares
datasets with identical measurements. The children of the 1958 UK National Child Development
Study (CNCDS) were given identical tests to the children of the 1979 US National Longitudinal
Survey of Youth (CNLSY). We are also able to study a wider group of countries, by repeating the
analysis on the 35 participating countries in the 2001 Progress in International Reading Literacy
Study (PIRLS) where children were again administered identical tests. For the PIRLS, the analysis
groups countries by OECD and developing country status.

The second stage of this chapter is to consider how measured test score gaps relate to two factors
considered in quite a lot of recent work on child development. These are non-cognitive traits of
children (NC) and parental investments (PI). In a number of recent papers both of these have been
shown to display significant correlations with test scores. But again, the question we ask is not just
whether these two traits create channels through which test score gaps emerge, but whether they
play a similar role in different countries, developing the Conditional Cross-Country Constancy and
NC and/or PI Cross-Country Constancy Hypotheses.

Despite different institutional environments, we report evidence of some rather marked cross-
country similarities in the association between early age test scores and their correlates, especially
maternal education, family size, child gender and family earnings. This emerges from the detailed
in-depth UK-US comparison. In the much broader comparison across the 35 countries participating
in the 2001 Progress in International Reading and Literacy Study, around 50% of countries have
correlates instatistically different to the group mean, however family earnings have a similar coef-
ficient on test scores only for a group of rich countries. Other correlates — like ethnicity and lone
parenthood — do not show similarities (probably due to heterogeneous demographics across nations).
Examination of associations with the measures of non-cognitive skills and parental investments rein-
forces findings for test score correlates displaying cross-country similarity in that complementarities
with these factors are also seen in the data.

Importantly for the first three chapters, in chapter 5 Norway generally has correlates between
family status and child achievement similar to the group mean of OECD or developed countries,

suggesting that the results found in earlier chapters can be generalised to other countries.
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3 The Timing of Parental Income on Child Outcomes: The

Role of Permanent and Transitory Shocks.
Abstract

Does the timing of permanent and transitory shocks to parental income matter for child out-
comes? Whilst the literature has linked the evolution of lifetime income to consumption behaviour,
little is known about the response of child human capital. This chapter aims to fill the gap. The
first step is to document the income process for the population of parents in a data set of Norway,
for children born in 1970-1980. I assume that permanent income follows a random walk and the
data indicates an MA(1) process for transitory income. Next, annual household income shocks are
estimated as the deviation from the life cycle profile of income, allowing for a parental fixed effect
and from this, moment conditions allow a decomposition of household income shocks into permanent
and transitory components. The effect of these shocks across child age are then estimated upon
the stock of adolescent human capital. I find that the effect of permanent income shocks declines
across the age of the child between age 6 and 16 - that is a shock realised when the child is age
6 is more important than a shock realised at age 16, but the effect is constant across early years.
When looking just at father’s income however, the smooth decline in the effect starts from age zero,
through to adolescent years. The difference is likely due to a change in maternal labour supply when
children enter school which shifts household permanent income. The declining effect of permanent
income shocks across age is intuitive, given that a permanent shock changes household wealth and
hence a shock at age 1 drives more future income realisations than a later shock. Transitory income
shocks to the household have a slightly increasing effect across child age for three outcomes - years of
schooling, college attendance and ability- suggesting that it is the later shocks that matter most for
child development. Additonally, there is some evidence that mothers insure the household against
paternal transitory income shocks, especially at early ages and during late adolescence. Finally,
the results prove robust to checks which vary the persistence of permanent and transitory income

shocks.

3.1 Introduction

The extent to which consumers insure themselves against changes in income has been well docu-
mented in the economics literature!®, however little is known about how the evolution of household
income drives the human capital of their children. The aim of this chapter is to fill the gap. Specifi-
cally, the question raised is whether there is a differential effect of permanent and transitory shocks
to parental income realised at different points across a child’s life, upon subsequent child human cap-
ital. This is the first paper to date which decomposes income shocks into permanent and transitory
components and subsequently examines the effect upon child outcomes.

In the case of permanent income shocks, one would expect an early permanent income shock to

have a larger effect on child outcomes than one realised later in the child’s lifetime. The reason is

HDeaton (1992), a good summary, describes how under the permanent income hypothesis, individuals smooth
their consumption against transitory income shocks but adjust consumption to permanent income shocks. Blundell
& Preston (1998), Attanasio et al (2002), Blundell et al (2008) examine consumption responses to income changes
and Adda et al (2007) look at health responses to income shocks. Attanasio & Szekely (2004) find that durable
consumption is particularly sensitive to wage changes.
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that a permanent shock shifts household wealth for all future periods and therefore, ceteris paribus,
a shock realised at birth will drive all future income realisations, whereas a shock at age 16 will drive
far fewer.

There are at least two reasons to expect a parental transitory income shocks to have heterogenous
effects at different stages of child development are that the ability of parents to insure children against
transitory income shocks may differ across a lifetime, or that there is a return to parental investment
in child human capital that varies across child age. The first mechanism relates specifically to the
permanent income hypothesis (PTH). According to the PIH, fluctuations in parental investment
should be smoothed against transitory income shocks, but respond to shocks that are permanent.
Thus, there should be a constant, small effect of transitory shocks across child age. However, failure
of the PIH'? may lead to differential effects of transitory income shocks depending upon the child
age at realisation. For example, younger parents may face binding liquidity constraints which relax
as they and the child ages. Consequently, transitory income shocks realised early in the child’s life
will not be fully insured and will have a larger impact upon child human capital than later shocks.

Alternatively (or simultaneously), the return to parental investment may change across different
stages of child development such that ceteris paribus, the effect of income shocks on human capital
varies with the child age in which the shocks are realised. Cunha & Heckman (2008) and Cunha et al
(2006) describe human capital as a function of parental investment made across child age. According
to the authors, the child’s early years are critical periods of investment (where the return equals
zero in all other periods) in cognitive achievement. For example, the ability to learn a language
falls sharply at the age of 5 and therefore failure to invest before this age will seriously damage
cognitive skill acquisition. On the other hand, Cunha & Heckman (2008) find that noncognitive
skills are more malleable, and therefore later investment will also yield a high return. Similarly to
this, the results in chapter 2 of this thesis suggested that income realised during adolescence was
more productive than income received during early years. Consequently, an empirical question to be
addressed in this chapter is whether there are periods during the childhood in which income shocks
are most productive in accumulating human capital.

No study to date has addressed how parental income shocks, realised at different stages of
child development drive the stock of child human capital accumulated by adolescence. The first
contribution of this chapter is to explore this question. The empirical literature has explored the
differential effect of the timing of income levels' and additonally there is a literature which evaluates
whether parents insure their children (who are currently in the labour market) against risk, for
example through financial transfers and cohabitation'®. However, there is no literature assessing how
parental income shocks realised when the child is growing up are insured against and how the ability
to insure differs as the children age. An innovation of this chapter is to combine the methodology
to decompose income shocks into permanent and transitory components with the literature on the
life cycle formation of child human capital, in order to understand the extent to which child human
capital is insured against parental shocks to income.

One potential reason why literature has not examined this issue is a lack of adequate data. The

data in this chapter takes the population of around 600,000 Norwegian children, born in the 1970s

12Empirical failures note excess sensitivity of consumption to predictable income changes (Flavin, 1981) and excess
smoothness of consumption to permanent income changes (Campbell & Deaton, 1989).

13see chapter 2 of the thesis and additionally Levy & Duncan (2000), Jenkins & Schluter (2002)

MSee for example Rosenzweig & Wolpin (1993), Hayashi et al (1996), Becker et al (2004) and Kaplan (2007)
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and tracked through to 2006, which provides in depth information on annual household income plus
a range of cognitive and non-cognitive adolescent outcomes, including years of schooling, dropping
out from high school, university attendance and ability and health test scores from an ability test for
males. Thus, the second contribution of the chapter is to add to the literature on the technology of
skill formation, assessing whether the effect of the timing of income shocks upon cognitive outcomes
is different to the effect upon noncognitive skills.

A third contribution is to understand intrahousehold insurance against shocks to paternal income.
A shock to the income of the father of a household can be insured by potential behavioural responses
of the mother. For example, she can maintain constant investment in child human capital by
raising her time input, or work more hours to raise her financial input. This question is explored by
comparing an analysis of household income shocks to paternal shocks.

The methodology used in this chapter is as follows. A structural model of the parental income
process and child human capital formation decomposes income shocks into permanent and transitory
components, and evaluates the effect of these shocks upon child development. An important first step
therefore is to gather empirical evidence as to the income process that is applied to the structural
model. Permanent income is assumed to follow a random walk and the evidence presented suggests
that transitory income is best described by an MA(1) process. Next, deviations of household income
from the life cycle trend are predicted in each year of child life. Moment conditions from the income
process allow a decomposition into permanent and transitory income shocks from early childhood
to adolescence for each cohort within a labour market!®. Finally, the effect of both types of shock,
realised across child age, is estimated on the eventual stock of adolescent human capital. I allow
for an initial condition in household income and a parental fixed effect in child human capital to
be correlated. The identification assumption is that second order moments of the permanent and
transitory income shocks differ across child age, cohorts and labour markets, but that the effect of
these shocks upon child outcomes is homogeneous.

I find a strong and significant effect of the initial condition on child outcomes, of up to 0.94
standard deviations. Thus, there is significant dispersion in outcomes for the sample of Norwegian
children, determined at the start of their lifetime. For all outcomes, the effect of a household
permanent income shock is significant and approximately constant between ages 1-6 and then declines
thereafter. One explanation for the divergence of results is that at age 7 in Norway, children enter the
schooling system. This may change maternal labour supply and cause a shift in permanent income
in the household. By focusing just on paternal income, which is less sensitive to child schooling, this
effect is removed. Indeed, in general, permanent shocks to paternal income have a large effect early
in the lifetime of the child and this effect falls smoothly across child age, to zero during the later
adolescent years, as would expected.

In terms of transitory income shocks, for the outcomes education, college attendance and ability,
transitory income shocks have an effect which increases across child age. A shock realised in early
childhood has a smaller effect than a late transitory income shock. For the other two outcomes -
drop out from high school and health, there is a flat relationship. Whilst it is not possible to compare
the return to parental investment into child human capital, this suggests that there are important

returns to investment in later years, as the effect of shocks during these years are non-negligible and

15The method is a slight adaptation to Moffitt & Gottschalk (1995), Meghir & Pistaferri (2004) and Blundell et al
(2008) and similar to Jappelli & Pistaferri (2008)
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in some cases, higher than the effect of early shocks.

Heterogeneity in the manifestation of transitory income shocks on child outcomes was also ob-
served when mother’s income was excluded from the analysis. The effect at all years, but particularly
the early childhood and during adolescent, was much lower for paternal income shocks. This is sug-
gestive of intrahousehold insurance against income shocks.

The chapter is structured as follows. Section 3.2 describes the Norwegian data, section 3.3 maps
the income process for the sample of parents in Norway. The empirical strategy is pursued in
section 3.4, section 3.5 discusses the results and section 3.6 the robustness checks. Finally, section

3.7 concludes.

3.2 Data

The Norwegian register and administrative data provides information for the analysis. Annual
information is recorded for the population of Norway on a range of variables, linking across gener-
ations of the same family their records from birth, education, labour market and marriage market
status. Table 1 displays the summary statistics for the data, containing 616,210 children born to
399,603 mothers. The chosen sample contains the population of children born in Norway between
1970-1980.

It is possible to define a wide range of child human capital outcomes, recorded during their
adolescence. Educational status is measured as late as 2006, meaning that the youngest children in
the sample are aged 26 by this time and likely to have completed their education. Three education
variables are defined for the analysis. Firstly, years of completed education is recorded for the full
sample, with a mean value of 12.53 years. Secondly, a focus on the bottom of the educational
distribution records a dummy variable equal to one if the child dropped out of high school before
receiving a certificate for vocational or academic education. Without this certificate, students’ future
paths are restricted and for example, they will not be able to attend university. 26% of students
in the sample are recorded as dropout students'®. The final educational record is attendance at
college /university, which applies to 37% of students.

Additional human capital measures come from tests, when the male child sample are around
age 18. Military service is compulsory in Norway for males, who take tests including a measure of
ability and health for entry to the army. The ability score is a composite score from arithmetic,
word similarities and figures tests. Sundet et al (2004, 2005) detail the tests. The arithmetic and
word tests are most similar to the Wechsler Adult Intelligent Scale (WAIS) and the figures test to
the Raven Progressive matrix, which are approved by psychologists as measures of ability. The
continuous scores are banded into 9 point scale, with a mean of 5.09. Also measured in the Armed
Forces Qualifying Test is an indicator of physical health. The score is again on a 9 point scale, with
9 indicating perfect health. As the mean value of the score is 8.35, it is clear that this test in fact
records perfect physical health for the majority of the sample (85%)!7.

Often the literature on human capital relies on such test scores as measures of child human
capital achievement. For example, both Cunha & Heckman (2008) and Todd & Wolpin (2003)

use test scores from the National Longitudinal Study of Youth, many papers including Blanden

16this outcome is referred to as dropping out of high school, for simplicity
"Note, I created a dummy variable equal to one if individuals scored 9 and zero otherwise. The results for this
outcome were almost identical to the 9 point scale
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et al (2007) measure child achievement from the cognitive tests taken from the UK National Child
Development Survey. Whether these tests are a reliable and generalisable measure of human capital
is debatable. On the one hand, they offer a measure which is closer to ability than tests from an
education system, where child outcomes are closely linked to paternal socio-economic status. On the
other hand, test scores measure human capital with a degree of measurement error and comparability
across different tests taken in different countries is not widely understood. Chapter 5 explores this
issue further. Therefore, it is interesting itself to compare the results across school outcomes and
test score achievement.

I link the child unique identifier from the educational data sets to the mother and father from
the birth certificate and match income and years of education for the mother and father from 1967-
2006. Income is deflated to 2000 prices and household income calculated as the sum of paternal and
maternal income if both parents are known, or one parent otherwise. For ease of comparability, the
income measures are converted to pound sterling. Parental education is defined as the maximum
years of schooling between these years. The parental age at birth is calculated and marital status
information is available for all relevant years of the sample from which an indicator variable is created
to equal one if the parents are married in a particular year and zero otherwise.

The paternal identifier is linked to the municipality of residence in each year. If a paternal
identifier is missing, the maternal identifier is used instead. There are around 450 municipalities
in Norway. However, it is the local labour market identifier that is used in the analysis, so as to
appropriately group areas by something similar to a travel-to-work-area (TTWA). Geographers in
Norway have defined 90 labour markets in Norway. From the sample of parents contained in our
data set, the labour market size varies between 1,000 and 65,000 households. For a large majority
of children in the sample (78%), the labour market observed when the child is born is identical to
that at age 16. I keep only these children in our sample, so as to be able to define the local labour

market of the child as being constant across the lifetime of the child.

3.3 Income Process in Norway

In the empirical section below, the effects of transitory and permanent income shocks across child age
are identified for a particular income process. Permanent income is assumed to follow a martingale
and transitory income follows an ARMA (p,q) process. This section aims to infer the correct income
process using very detailed administrative income data for the population of Norwegian parents, from
1967 to the present. Meghir & Pistaferri (2004) and Blundell et al (2008) suggest that in the US,
a permanent transitory model of income is appropriate, whereby permanent income is a martingale
and transitory income serially uncorrelated or a first order Moving Average process (MA(1)). In the
UK, Dickens (2000) estimates a random walk in age for permanent income and a serially correlated
transitory component. Bonhomme & Robin (2009b) model income in France as a (deterministic
component plus) a fixed effect and first order Markov process for transitory income. In Norway the
income process is as yet unknown, warranting further investigation before making assumptions in
the empirical model.

Similarly to the aforementioned papers, I assume a permanent component to income and estimate
the income process for transitory income. For the bulk of the chapter, income is defined across each
year of the child’s lifetime. However, in the current analysis a panel of income is constructed for

each household across time, from 1967-2004. In the sample there is one observation per household
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in each time period, for those who had a child between 1970-1980, hence this is a sample of parents.
Household income is calculated as the sum of paternal and maternal income, deflated to 2000 prices.

Two methods are used to understand the time series properties of the income process. First,
the variance of income is plotted across the life cycle for the sample of mothers and fathers. If
a random walk describes permanent income, the variance of income will be an increasing function
of age as each period a new permanent shock hits different parents and persists for the remaining
lifetime. Figures la) and 1b) plot the variance of income for the mothers and fathers respectively.
For the mothers, there is a clear increasing relationship in the variance of earnings across age for the
middle periods. During the early years in the labour market and around retirement, the relationship
differs. The same is true of fathers, except for some outliers in the 40s. Of course, there are other
reasons why variance of income may increase across time, however this evidence does not rule out a
random walk permanent component to income.

The second methodology employed, following MaCurdy (1982), seeks to understand the ARMA
transitory income process. Consider the model Inw; = Z},¢ + P;t + v;z where P and v are the
permanent and transitory components respectively to log income (Inw) for individual i in period t.
Z denotes a set of covariates and ¢ a vector of coefficients. Permanent income follows a martingale,
hence P;; = Pj;—1+(;; where ¢ denotes the independently and identically distributed (iid) permanent
income shock. This section estimates the ARMA(p,q) process for transitory income. In a general

P a
model, transitory income is given by v;; = — Z a;Vit—j + Z m;€;—; where mg = 1.

j=1 7=0
a; and my are the lag coefficients and equal zero if transitory income is iid. ¢ denotes the

transitory income shock to the level of transitory income (v). The orders p and ¢ of the AR and
MA components are to be established empirically. The equation can be expressed in terms of
the lag parameter L, by a (L) v;y = m (L) e; where L is the lag operator and a (L), m (L) are lag
P q
polynomials. a (L) =1+ Zaij, m (L) = ijLj and LIz, = ;4 j).-
j=1

§j=0
In order to analyse the persistence of the transitory income component,= separately to the

permanent component, I follow MaCurdy (1982), Meghir & Pistaferri (2004) and Blundell et al
(2008) and estimate the residuals from first differences in income Alnw; = AZlLp + (;; + Avie,
where Axz; = x4 — xy—1. The first differenced residuals are described by Dv;; = (1 — L) v;z. The
ARMA (p, q) process of the first differenced disturbances is now given by a (L) Dv;z = m (1 — L) €.
This shows that the order of the AR process is the same as in the levels, however first differencing
estimates the MA process to the order g + 1.

The first stage is to estimate residuals from a system of equations of log wage first differences
in period t for individual . Estimating in a system of equations allows for serial correlation for
individuals across years. The controls (Z) are a quadratic in parental age, parental education,
marital status and municipality of residence. The second stage is to calculate the autocovariances
of residuals (v) at different lags (k), by calculating E (vv,_,) = 7, + w¢ where w is the error in
the autocovariance process and k = {1,..,8}. Autocorrelations at different lags will provide some
information to ascertain the ARMA process for transitory income.

q
Following Granger & Newbold (1986), if the process is a pure MA process, v; = Z m;es—; with

=0
mgo = 1, the autocovariance is as follows

Evwi_i]) = E (et +migi—1 4 .. + MgEt—gq, E4—k +M1Et—k—1 + ... +MgEt—k—q)
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=02 [mp + mimpg1 + .. = mg_pmy] if k| <0

=0 otherwise

Autocovariances drop sharply to zero for k > q.

P
On the other hand, if the process is a pure AR process vy = Z a;vi—; + ¢ then autocovariances
j=1
are given by

P
E(vwvi_p)=FE E a;Vi—j + €& | ek
j=1

=FE ((a1vi—1 + .. + apvi—p + €1) (@10——1 + .. + apV——p + E1—k))

P
= E aj/\k_j
Jj=1

The autocovariances of an AR process at k > p gradually fall to zero.

For each value of k, the autocovariances are estimated in a system of equations and the coefficient
on the autocovariance is constrained to be constant in each regression. Two potential difficulties
with estimating the autocovariances are firstly that the residuals are estimated in a first stage and
secondly that there may be serial correlation across time for individuals. However, MaCurdy (1981)
notes that using a seemingly unrelated regression procedure to estimate autocovariances will result
in parameters and test statistics that are asymptotically valid.

The results are reported in Table 2, where the autocovariances at different lags are restricted to
take the same value across all years of data. The autocovariances are initially negative at one lag
but fall close to zero after the first lag, although it remains significant. Again, between lags 2 and
3 there is another sharp drop in the autocovariances and after lag 3, they are no longer significant.
This is suggestive of a low order MA process, of the order of 2 or 3 in differences, or of order 1 or 2
in levels.

In conclusion, permanent income will follow a random walk and transitory income an MA process
where I will estimate the model initially for a first order process and test the robustness of results
to a second order process. This is the similar income process found in the studies mentioned above,
suggesting a similar income process in Norway as in the UK and the US.

It is impossible to exactly identify the income process, therefore I additionally test for the sen-
sitivity of the main results to the income process assumed by allowing for less persistence in the

permanent component than a martingale.

3.4 Empirical Strategy
3.4.1 Income Process

Log wages (Inw) for individual ¢ in period ¢ are modelled as a linear function of a permanent and a

transitory component (denoted P and v respectively) and a set of covariates (2)

Inw;; = Zl0; + Pt + vt (1)

where ¢ =,.., N and ¢ = 1,..,7. Permanent income follows a martingale (equation 2) and

transitory income is a serially correlated MA(1) process (equation 3), where ¢ and e denote the
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permanent and transitory income shocks respectively and 6 the first order MA coefficient. Note that
section 3.3 provided evidence to suggest that this is a good representation of the true income process

for the sample of Norwegian parents.

Py = P11+ (i (2)

Vit = Ot + €4t (3)

Both permanent and transitory shocks are assumed to have a mean of zero and be uncorrelated
with each other, E ((;;) = E (eit) = E((jyeir) =0t =1,..,T,i=1,..,N .

Define y as log income with the effect of the covariates removed in a first stage, y;; = lnw;; —
Zl,p, = Py + 0e4_1 + €4 Substituting in for the permanent income component gives

(3

¢
Yit = Pio + > (s +0ci0—1 + et (4)
s=1

Income in period ¢t is the sum of Py, the initial level of permanent income, representing an
unobservable endowment, or initial condition, current permanent and transitory shocks, all past

permanent shocks and transitory shocks at one lag.

3.4.2 Child Human Capital Production Function

Appendix 3.1 details a model whereby a stock of child human capital (k) accumulates at the end
of a lifetime of parental investment. Equation (A5) showed the stock of human capital in the final
period, T, to be a function of permanent and transitory shocks in each period of life. The model saw
parents optimising levels of parental investment and consumption to maximise their utility, which
is a function of the child’s stock of human capital in period 7', hence human capital has a subscript
i relating both to child and parent. For ease, let hyp = e;p — Z[0; where e is the raw measure
of human capital. Child human capital is modelled as the sum of parental income in each period,
where coefficients vary for permanent and transitory components, a set of parental traits Z, a child
level idiosyncratic error u;r and initial endowment, pu,, (for example genes or parental unobservable

characteristics).

T T
hir = 3. BE Py 4+ 3 BF v + pyg + wir (5)
0 =0

t=

Repeatedly substituting for P;; and substituting for v gives

T t T
b = 32 BF (P Ly 4) Y BT (euos + o) + i + wir ©)
t=0 s=1 t=0

I make the assumption that the income shocks are uncorrelated with the child idiosyncratic term,
uw and that u is mean zero; E (u;ire;t) = FE (uwirCy) = E(uir) =0;¢=1,..,T,i=1,..,N. However,
E (Pyop;0) # 0. Both Py and p,, cannot be separately observed, as they are initial conditions causing

an identification problem, the consequences of which can be seen in the identification section below.
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3.4.3 Identification

Cohort-Local Labour Market Level Analysis It is possible to identify the timing of parental
income by exploiting variation in the second order moments of income across cohorts of children in
different labour markets. This method is similar to Blundell et al (2008) and Adda et al (2006),
both of whom used time variation in variance of shocks.

Meghir & Pistaferri (2004) show that it is possible to identify the moments of the income process
using information on income alone. Given the income process above, the covariance matrix of
income at different lags is given at a cohort and labour market level (¢) by

cov (yit,w yit—s,c) = Z Ughc + 0'%30 c + 920'2 + Ugt,c Zf s=0

’ Et—1,c
=1
S
l; O’%hc +0ph .+ 002, if s=1 (7)
t—s
ZO’%DC'FU‘%O)C if |s| > 1

where azt and o2, denote the variance of permanent and transitory shocks in period t, respectively
and the subscript ¢ denotes the labour market. All variance terms are identified, with the exception
of o2,

included at the end of the time series.

O’%T, which are not separately identifiable. For this reason, an additional year of data is

The covariance matrix between income in each year of the child’s lifetime and human capital is

given below.

™=

cov (Yit, hir) = (

(
(8)

where o, p, denotes the correlation between initial condition in income (P0) and child human

t T
+(ﬁf+95?+1)02t+0p0P0 ift=1,..,T—-1
t T
sz) 0hy e+ 32231 (; ﬂf) 0f o +0 (/3?_1 + eﬁf) o | ift=T

T 2
+Bt O, + OpoPo

=0

ftg

capital (11). As noted above, the two initial conditions cannot be separately identified and con-
sequently, 65 is not identified. = However, all other parameters are identified. 6 is estimated
empirically.

I exploit variation in the variance of shocks across cohorts and labour markets for identification.
It allows me to estimate parameters on the income shocks that differ across years of the child’s
lifetime. To be specific, the inherent identification assumption is that second order moments of the
permanent and transitory income process differ across cohorts and labour markets, but that the
effect of these shocks upon child outcomes is homogeneous.

Note that measurement error is omitted from the model to date. Meghir & Pistaferri (2004)
estimate that between a quarter and a third of the transitory income shock variation is due to
measurement error in the Panel Study of Income Dynamics (PSID). However, the bias is likely to
be smaller in the current sample, as income is recorded from administrative data. However, zero

measurement error is very unlikely and future research is planned to incorporate it into the analysis.
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Parametric Analysis A second method allows identification of the parameters of the child human
capital production function without analysing at the level of the cohort and labour market, by
exploiting higher order moments than the second order. Rather than estimate the distribution
of the income shocks, a method similar to Cunha et al (2006) would assume a distribution, then
estimate the effect of permanent and transitory income shocks using simulated maximum likelihood

method. This is the future research strategy.

3.5 Results
3.5.1 Variance of income shocks

Table 3 reports estimates of the variance of the initial level of permanent income and per period
transitory and permanent income shocks. A Diagonally weighted minimum distance procedure
generates the estimates, details of which are in Appendix 3.2.

Variances of the permanent and transitory income shocks and of the initial permanent income
level are estimated within each cohort (from 1970-1980) and labour market (of which there are
90) and across the age of the child. This gives in total 35,640 estimates of the variance particular
components of income. For ease of explication the table describes the sample statistics for the
variances, listing the mean, standard deviation, minimum and maximum across the 990 cohort-
labour market cells. A potential worry with aggregating to the level of the cohort-labour market, is
that much of the variation in income shocks may exist across, not within labour markets or cohorts.
If this were the case, the final estimates of the effect of income shocks on child human capital will
not be representative to the population as a whole. Therefore, in the final column, the variance was
calculated for the entire sample, allowing comparison of cohort-labour market level variances with
population variances.

The first row of Table 3 shows that the variance of log initial permanent income is high, at
0.0477. This means that, even controlling for parental education, a polynomial of age and marital
status, the initial condition in permanent income has a standard deviation of 0.2184. This is
reassuring for generalisation of this study to other countries, as Norway is often considered to have
very little inequality. There is a deal of variation across labour markets, with up to 0.1449 standard
deviations in log income. The population level variance is similar to the labour market mean, at
0.0679, suggesting that exploiting labour market differences in inequalities of shocks for identification
is reasonable.

The variance of transitory shocks at ages 0-17 are reported in the next rows. These tend to be
fairly stable until the final years of child age when they fall although recall from above that it is not
possible to identify the final variance of transitory or permanent shocks in the final period. The
variance of permanent shocks is much smaller, as would be expected. Permanent shocks last for a
lifetime, therefore a small shock can be very important. The variance on average ranges between
0.0051 and 0.0140 across the years. Again, the cohort-labour market variances resemble closely the

population variances.

3.5.2 Effect of shocks on adolescent outcomes

The truly innovative aspect of this paper is the application of methodology which decomposes shocks

into transitory and permanent components and subsequently estimates the effect of the shocks upon
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child outcomes. This section documents the results, examining whether the realisation of transitory
and permanent income shocks will have a heterogeneous effect upon child outcomes, depending
upon the age of the child at realisation. The variances of transitory and permanent income shocks
across child age are applied to equation (8) to estimate the effect of the income shocks upon child
human capital outcomes. The form of the human capital production function in equation (6) allows
the effect of income shocks to vary across child age. Before estimating this complex model, it is
interesting to restrict the coefficients to instead be homogenoues across child age, estimating the
following function

hir = 60 Pio + 01C;; + 02€it + fi0 + wir

A panel data is constructed at the cohort - labour market - child age level. Regression results
are reported in Table 4. Note that as permanent income shocks do not exist in period 0, this year
is dropped from the regressions, resulting in 16830 observations (90 labour markets, 11 cohorts, 17
years of child age). The dependent variables have been standardised such that the coefficients are
expressed in standard deviations of the outcomes. Two different functional forms are estimated. In
columns 1, 3, 5, 7 & 9, the human capital outcomes are estimated as a linear function of the initial
level of permanent income (P0), a transitory income shock and a permanent income shock. Columns
2, 4, 6, 8 & 10 include an interaction term of permanent (transitory) shocks with child age thus
allowing some heterogeneity in the effect of income shocks across child age.

For all outcomes, row 1 shows that there is a strong and significant coefficient on the initial level
of permanent income. This is independent to inclusion of the set of controls. income is logged, thus
the coefficient is interpreted as a doubling of PO raises years of schooling, probability of dropping out
of high school, college attendance, ability and health by up to 1.155, 0.197, 0.150, 0.737 and 0.175
standard deviations respectively. The first column of data for each outcome shows that the effect
of transitory income shocks is to improve child human capital'® (columns 1, 3, 5, 7 & 9), however
once the interaction between transitory shocks and child age is added, the level effect becomes
negative or insignificant. The interaction between transitory income shock and child age is positive
- suggesting that initially there is a negative effect of transitory shocks which is increasing across
child age. Permanent shocks have a larger effect on child outcomes, as would be expected from the
permanent income hypothesis. The interaction between permanent shocks and child age is negative,
suggesting a declining impact of permanent shocks across child age, although the interaction term
is insignificant.

Next, the fully flexible model is estimated and the age specific coefficients on the permanent and
transitory income shocks and initial permanent income are reported in Table 5. The coefficients
and standard errors have been adjusted to represent standard deviations in the dependent variable.
The results are easier to see in graphical form. Figures 2a-2j plot the coefficients across child age,
again in standard deviations of the child outcome. Note that the estimates are plotted only up to
age 16, as it is not possible to separately identify a transitory shock from a permanent shock in the
final period of observation.

Figure 2a plots the coefficients on permanent income shocks realised in every year of the child’s
lifetime, upon years of completed child schooling. Additionally, the effect of the log initial level of
permanent income (P0) is plotted. This is positive, with a coefficient of 0.906, suggesting that a

doubling of initial permanent income raises schooling by nearly a whole standard deviation, or 2.34

18drop out is a negative human capital indicator, hence the sign of the coefficient is the opposite to other outcomes
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years. As I interpret the initial permanent income level as the initial condition, or parental fixed
effect, this is large and statistically significant.

Turning now to the effect of permanent income shocks, the effect of shocks falls between ages
2-4, flattens out for the mid-childhood ages of 6-10 (with the exception of age 7) and declines again
to zero up to age 16. A permanent shock realised during early years has a greater effect on child’s
schooling than a shock realised at age 16. This is intuitive, given that the early permanent shock
shifts household wealth forever and therefore drive income realisations for all future periods. With
reference to the discussion of the optimal timing of investment, Cunha & Heckman (2008) suggest
neurological arguments lead to the return to parental investment early in a lifetime being higher
than later in a lifetime. In this chapter, a permanent income shock realised early in a child’s lifetime
has a larger effect on schooling but mainly because the effect of the shock lasts for a lifetime.

Figure 2b plots the estimates of the effect of transitory income shocks in each year of the child’s
lifetime. The transitory income shocks are logged, hence interpretation of the coefficient at age 1
is that a doubling of transitory income shock raises schooling by 0.4 standard deviations, or around
a year. This effect upon schooling tends to increase slightly across child age. From Table 5, the
effect of doubling the transitory shock at age 1 and age 16 is to raise schooling by 0.427 and 0.915
standard deviations respectively. This suggests that positive transitory income shocks are slightly
more important in raising child education when they are realised during adolescence, than during
the early years. The magnitude of the coefficients on transitory income shocks upon child outcomes
is lower than for permanent shocks, which is consistent with the permanent income hypothesis. In
the consumption literature, a permanent income shock should change current consumption by the
annuity value of the shock, whereas only a proportion 1/T of the transitory shock is consumed.
Interestingly, the coefficients of the permanent and transitory income shocks converge towards the
final period, as a permanent shock in the final period of human capital investment should drive
human capital to the similar degree as a transitory income shock in that period.

The estimates of income shocks upon the probability of a child dropping out from high school
are plotted in Figures 2c and 2d. In this case, the human capital measure is indicating a negative
achievement, which is why the coefficients are negative. Doubling the initial level of income lowers
the probability of a child dropping out of high school by 0.6795 standard deviations. A positive
permanent income shock lowers the probability of dropping out from high school. This effect again
is initially increasing in magnitude, but then declines across the age of the child from age 6. Thus
as with the years of schooling, there is a slightly different pattern for the early years. The effect
of transitory income shocks again are slightly larger early in a child’s life, although the confidence
intervals do not reject a linear relationship. The conclusion for this outcome is that household
transitory income shocks lower the probability of dropping out of high school by around 0.4-0.85
standard deviations throughout the lifetime of the child.

When looking at Figure 2e, a log increase in the initial level of permanent income increases
college /university attendance by 0.8549 standard deviations - a substantive effect. Similarly to the
other outcomes, the effect of permanent income shocks upon college is initially flat, then declines
across time. A different effect of transitory income shocks is seen on college attendance. The
curve initially increases, suggesting that a transitory shock at age 1 will drive college attendance by
a lesser extent than a shock at age 6. From 6-16, there is a flat relationship with a coefficient of

around 0.6 standard deviations.
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The final two outcomes - ability and health - refer to results for tests similar to those often used
in the literature on human capital accumulation, when information on schooling outcomes are not
available. Log initial permanent income raises achievement of ability and health by 0.71 and 0.64
standard deviations respectively. The effect of permanent income shocks, whilst generally declining
like the other outcomes, are noisy for both outcomes. It could be that scores aggregated to a 9
point scale do not provide enough variation to adequately estimate robust effects of the timing of
permanent income shocks. On the other hand, the noise could be generated by the measurement
error in the variable itself, as an imprecise measure of human capital.

There is a definite increasing relationship between the effect of transitory income shocks upon
ability across age, whereas for health, similarly to the drop out outcome, the pattern is flatter.

To summarise, there is a large coefficient on the initial level of permanent income, or parental
fixed effect, suggesting significant heterogeneity in child outcomes which is determined at the birth of
the child. This is interesting, as often Norway is considered a very equal country, with a compressed
income distribution. However, the evidence suggests large variance in outcomes driven by a family
initial condition. Permanent income shocks drive child human capital significantly. There was noted
a declining relationship across child age, such that shocks realised at age 1 will have a larger effect
than those realised at ages 2, 3 etc., up until adolescence where a permanent income shock often has
an insignificant effect on child human capital. This pattern is to be expected, as permanent income
shocks last for a lifetime, hence a shock realised at age 1 will last for the entire childhood, rather
than a shock realised towards the period of adolescence. However, often the patterns vary from this
rule when the shocks are realised early in the child’s lifetime. It is at age 7 that children start
school in Norway, so this jump may well represent a change in maternal labour supply which shifts
permanent income. This raises the question of whether the shocks as estimated in this chapter, are
truly shocks, or unanticipated by the households themselves. If the shock just picks up an expected
change in labour supply, then the resulting change in child outcomes (through adjusted parental
investment) would not be as the model predicted. One way to overcome this problem would be
to run the analysis solely on paternal income, which fluctuates less around child schooling. These
results are reported in the following section.

Transitory income shocks have an effect which is generally constant, or increasing across age such
that shocks realised during early childhood have a smaller effect on outcomes than those realised

during adolescence. This fits in with results of Chapter 2 of the thesis.

3.5.3 Paternal Income

It is interesting to repeat the above analysis, looking at paternal income shocks rather than shocks to
the sum of maternal and paternal income. The relationship between both permanent and transitory
income shocks and child outcomes across the age of the child, may differ somewhat to the previous
estimates.

In terms of permanent income, recall in the results above that the effect of permanent income
shock tended to decline from the age of 6 or 7 until age 16, but that there was a slightly different
pattern for the early years. As Norwegian children start school at age 7, the difference in the effect
could be caused by a change in maternal labour supply which shifts permanent income. Figures
3a-3j plot the effect of permanent and transitory shocks to paternal income upon child outcomes,

across child age. These correspond to the coefficients reported in Table 6. Indeed, Figures 3a, c,
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e & g show that when only paternal income is considered, there is an effect of permanent income
shocks which tends to fall from age 1. In 3i there is a noisy relationship for health however. In
general now, permanent shocks have a large effect early in the lifetime of the child and this effect
falls smoothly across child age, to zero during the later adolescent years.

It may be the case that the effect of paternal transitory income shocks upon child human capital
differs from that of household transitory income shocks. A mother may insure the family from a
negative paternal income shock, by increasing her investment in the child. This could take two
forms, increasing either the number of hours she works, or the amount of time she spends with
the child. If this were the case, then a household income shock, the sum of maternal and paternal
income, would have a larger effect than a paternal shock alone, as the effect of the latter could be
reduced by the behaviour of the mother. The figures show evidence which would fit with the idea
of maternal insurance against paternal income shocks.

Firstly Table 6 reports magnitudes for the coefficients of paternal transitory income shocks that
are lower than the household equivalents of Table 5. For example, a 1 log point change in the
paternal transitory income shock at age 1 raises education by 0.204 standard deviations, whereas
for a household transitory shock, the coefficient is 0.427. Additionally, for years of schooling and
college attainment, in figures 3b and 3f respectively, there is an inverse-u shaped curve in the effect
of transitory shocks across child age. The effect of transitory shocks initially increases across child
age between age 1-6, flattens out for the middle years, then falls again from age 11-16. That is,
there is a larger difference between the effect of transitory shocks for the early years and the teenage
years. These patterns fit with the idea that mothers are available to spend more time with children
before they start school or during adolescence, to smooth parental investment in child human capital

despite paternal transitory income shocks.

3.6 Robustness Checks

A structural model for income generates the results presented above. Section 3.3 undertook tests to
ascertain the correct income process for the sample of parents in Norway. However, it is worthwhile
changing the particular form of the income process, to understand the sensitivity of the results to
the particular choice. In the bulk of the chapter, permanent income follows a random walk and
transitory income a MA process of order 1. Section 3.6.1 relaxes the assumption of a unit root in

permanent income and Section 3.6.2 allows transitory income to follow an MA(2) process.

3.6.1 Relaxing the Assumption of a Unit Root in Permanent Income

This chapter made the common assumption that permanent income followed a random walk, or has
a unit root so p = 1 in the model P;; = pP;i—1 + (;;; 0 > p < 1. In order to test whether the
results are sensitive to this particular functional form assumed, a different model is estimated which
allows a coefficient on lagged permanent income to differ from zero. As a robustness check, the
model above is estimated, with p = 0.9, so that the permanent income shocks enter future income
realisations, but die out across time. Repeatedly substituting for permanent income leads to the

following income process rather than equation (4)

t .
yit = p'Pio+ Y p' ¢ 4 Ozt + €t 9)
i=1
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The results, available upon request, show no significant difference once the assumption of mar-

tingale is relaxed. The findings are robust to a different specification for permanent income.

3.6.2 Assuming MA(2) Process for Transitory Income

Section 3.3 estimated a process for transitory income that was described by an MA(1) or an MA(2).
This section tests the sensitivity of the effect of permanent and transitory income upon child human
capital to the order of the MA process, by extending to a second order process. That is, vy =

€it + 016541 + 0285._2. The covariance matrices of income becomes

-+
|
)

= 2 2 2 2 2 9 9 e

cov (Yit, Yis) = ; et Op et 0ioZ, | ct+b30z, ,.+oz . ifs=0

=1

t—s

Z Uglac + 0-%70,6 + elagtfl,c + 91920-;7270 lf s=1

Z Ugl,c + U%—’o,c + 920-;,2,6 lf S:2

=1

t—s 5 9

T¢re T TPy ,c if [s|>2

Il
-

Again, allowing such a change leads to exactly the same conclusions in the bulk of the chapter.
For household income shocks, permanent income shocks have an effect that declines across child age
from 6 onwards and coefficients on transitory income shocks increase across child age for schooling,
college attendance and ability, but are flat for high school drop out and health. The conclusion
from this section is that the results of this chapter are robust to two quite substantial changes in
the assumed income process generating the estimates for the variance of shocks, which are used to

identify the role of permanent and transitory income shocks upon child outcomes.

3.7 Conclusion

In this chapter, I have estimated the income process in Norway, for the population of parents having
children born in the 1970s. Similarly to studies of other countries, Norwegian individuals’ income
process is best described by the sum of a deterministic, permanent and transitory component where
permanent income is a martingale and transitory income follows an MA(1). Given this model for
income, the next stage was to estimate annual deviations of log household income from a life cycle
profile, and decompose these into yearly permanent and transitory income shocks. The effect of the
shocks was estimated upon a range of cognitive and non-cognitive child outcomes, to understand in
which stages of child development the income shocks drive human capital achievement. There is
evidence that permanent income shocks have a stronger effect on child outcomes early in life, and the
effect falls to zero as the child ages. There was a slight divergence in this pattern for early shocks,
before the child started schooling. Running the analysis using just father’s income led to a large
effect of an age 1 permanent shock, which declined smoothly across age. This result was expected
and mechanical, because a permanent shock drives the household wealth and should therefore drive
human capital investment. Therefore, a positive early shock will raise this investment for more
periods than a later shock.

In terms of transitory income shocks, for three outcomes - years of schooling, college attendance
and ability, there is an increasing relationship with the effect of the shock across child age. For high

school drop outs and health, the relationship was flat. Some evidence of intrahousehold insurance
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against transitory income shocks was observed, as the effect of a paternal income shock was smaller in
magnitude than for a shock to the entire household, suggesting the mother may respond to paternal
income shocks by increasing investment in children.

There is a question of generalisability to address, as Norway is richer and has a lower level of
inequality than average. However, as the results still pointed to an effect of income shocks on
child outcomes, even this government is not fully insuring the households against income shocks.
Therefore, whilst a future research agenda is to carry out the same analysis on countries with a
less supportive welfare state, this chapter still provides evidence of a lack of full insurance against
household income fluctuations, albeit for a sample of households with access to relatively a generous
government insurance mechanism.

Finally, future research is planned to extend this chapter in an important way. The assumption
that income is linear in the human capital production function is empirically rejected by the analysis
in Chapter 2, which finds strong evidence of dynamic complementarities in the return to income. An
extension would therefore allow a nonlinear human capital production function, either by identifying
off higher order moments (see Bonhomme & Robin, 2009a) or by moving away from a nonparametric
estimation of the second order moments of the income process and estimating through a simulated

maximum likelihood methodology (see Cunha et al, 2006).
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Table 1: Sample Descriptives

Variable N Mean Std. Dev. Min Max
Child's education 616210 1253 234 21
College 616210 0.37 0.48 1
Ability (males) 290883 5.09 176 9
Health (males) 311163 8.35 1.65 9
Table 2: Autocovariances of residuals from log income differences Alnw;; — AZ., S
Lag k=0 k=1 k=2 k=3 k=5 k=6 k=8
Autocovariance 0.0610** -0.0145** -0.0041** -0.0028** -0.0009 -0.0011 -0.0001 0.0012
Standard error (0.0044) (0.0018) (0.0012) (0.0010) (0.0011) (0.0010) (0.0010) (0.0009)
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Table 3: Variances of Initial Permanent Income, Transitory and Permanent Income Shocks

Cohort-Labour Market Variances Total sample
Mean Standard Min Max Variance
Deviation
G?gn 0.0477 0.0210 0.0000 0.2196 0.0679
F o 0.1036 0.0576 0.0061 0.4686 0.1144
o? . 0.0745 0.0461 0.0011 0.5873 0.0961
oz z 0.0801 0.0533 0.0000 0.3831 0.0989
F : 0.0785 0.0581 0.0000 0.6326 0.0979
7, f., 0.0870 0.0695 0.0000 0.6320 0.1020
oz e 0.0947 0.0760 0.0000 0.5527 0.1020
5:-2 & 0.1006 0.0880 0.0000 1.0031 0.1004
F - 0.1061 0.0860 0.0000 0.6306 0.0996
F = 0.1104 0.0957 0.0000 0.8505 0.0990
5:-2 5 0.1153 0.1040 0.0000 1.0270 0.0955
f"—zg 10 0.1008 0.0855 0.0000 0.6066 0.0917
o? a1 0.1085 0.0908 0.0000 0.6728 0.0877
oZ 12 0.1048 0.0961 0.0000 0.6830 0.0811
P 18 0.0913 0.0909 0.0000 0.7582 0.0713
F " 0.0763 0.0822 0.0000 0.9546 0.0656
oZ 1= 0.0560 0.0721 0.0000 0.5826 0.0585
5:-2 16 0.0369 0.0724 0.0000 1.1912 0.0437
a? ur 0.0307 0.0393 0.0000 0.2899 0.0291
“_{2 s 0.0051 0.0077 0.0000 0.0527 0.0035
o‘?, 0.0064 0.0087 0.0000 0.0732 0.0098
C"zzs 0.0063 0.0089 0.0000 0.0697 0.0076
C"zg,, 0.0060 0.0097 0.0000 0.1357 0.0069
f"—(: < 0.0055 0.0085 0.0000 0.0772 0.0064
“_(2 - 0.0057 0.0092 0.0000 0.1068 0.0048
7, 2? 0.0055 0.0085 0.0000 0.0618 0.0042
C"zzs 0.0062 0.0118 0.0000 0.2162 0.0044
ng., 0.0058 0.0100 0.0000 0.0835 0.0048
0'{2._0 0.0068 0.0127 0.0000 0.0990 0.0057
5{2._ . 0.0074 0.0156 0.0000 0.1449 0.0053
f"—(: 4z 0.0096 0.0189 0.0000 0.1342 0.0069
c".,3,_5 0.0124 0.0301 0.0000 0.2593 0.0076
0'(2._4 0.0140 0.0346 0.0000 0.3224 0.0102
7, zg._s 0.0111 0.0271 0.0000 0.3431 0.0028
0'{2._5 0.0086 0.0252 0.0000 0.2613 0.0000
C";%_; 0.0307 0.0393 0.0000 0.2899 0.0337

84



"puodes
o[} UI 98e PIIYD PUR JDOUS 9} UMD UOIJORISIUL 9T} JO UL} [RUOIIIPPR UR 9PN[OUI PUR ‘U0IRIYIAdS 18I o) Ul 98% P[IYD SSOIOR JURISUOD 9 0} PIIOLISAI dIe
ssppoys ewodul (juetreuriod) A£I01SURI) UO SIUAIDIYOO0D ST, "SOWOIINO O} JO SUOIJRIADD PIRPUR)S Ul Passaldxa oIe S)USIONJO0d 91} IR} [ONS PISIPIRPUR]S UIO( DAY

so[qeLeA Juapuade ‘seseyjuared Ul 10118 pIepurlg *(() 98 I10J Juasqe a1 SYOOYS juauruLIad) 98 PIYD JO SIRAA /T 4 SIIOTYO0D [T 4 SIIRUW INOR] )6=N :9ION

0€891 0€891 0€891 0€891 0€891 0€891 0€891 0€891 0€891 0€891 N
(c100) (810°0) (€000) (€000) (9100)

8100 20°0- 1000 1000 €00°0- abe , JueLeW R
(e11°0) (8v0°0) (8vz'0) (€200 (ov0°0) (T10°0) (ov0°0) (€10°0) (e120) (090°0)

2920 Zv00 0E0 xx+8€2°0 G200 xxx80°0 1£0°0- xxx180°0" ¥€2°0 x2:x0V7°0 JWBUeW g
(c000) (¥000) (T000) (T000) (#000)
+xxL00'0 «x¥620'0 +x¥800'0 +4x900'0- +4¥870°0 abe ,Aioysuel |
(620°0) (ce00) (9v00) (9200) (800°0) (9000) (T10°0) (2000) (6%0°0) (0£00)

ov0'0- 2200 #x/60°0- xx:TLT°0 xx2220°0" #2600 1100 xxx/70°0" AN xxxE0€°0 Aioysuel |
(e0T°0) (ot0) (r10) (evT0) (¢e00) (e€00) (610°0) (6100) (tvT0) (evT0)

GIT0 €170 xxxL€L°0 xx292L°0 x2:0GT°0 x2x9VT°0 #xxL6T°0 #x:G6T°0" #xxGGT'T #2:GET'T od

(o) (®) (® @) )] ©) ) ©) (@) ()
YieeH Aay abe|00 inodoiq uo1eonp3

98y PIIYD SSOIOY SHULIOLE0)) UO SUOIIDLIPSIY YIIAN :SOW0dN()
PIIY) uodn SO0 JUSURULIdJ PUR () dWOIU] JUSURULID] [RIFU] ‘S{DOYG AI0JISURIT, P[OYOSNOF] JO SUTWLT, 91T, JO 190[H o1} JO S01emIIsH 7 9[qR],

85



1S9, $9010,] POUWLIY 9} UI SI[RUL I0] PIINSLIW 9I19M [I[BIY pue A[IqY "A)ISIOATUN/9FS[[00 Je 90ouRpUSIIR 930[[00 pue o8 Aros[ndwod a1 18 [0oyds Juraes] sejeorpur nodoip
‘gurjooyos Jo sieod sojouep uoreonpy ‘ssedord ()Y @ 9WO0oul AI0)IsURI}) PUR 9[RSUIIIRI B SMO[[0] dUIODUT JUOURULIOJ 'S99eUIIsd (JINA( OWO0dUl P[OYasnoy Suisn sojewi)sy

*oW02Ul JuaurTLIad JO [9AS] [RIFIUI $9j0USP () ‘SO[(BIIRA JUSPUdap UI SUOIIRIASD PIRPUR)S JUIsaIdel SIOLIS PIRPUR)S PUR SIUSIDYJA0)) ‘sosatfjuared Ul SIOIId PIRPUR)S :9JON

(e6€0°0) (ze£00) (c0z0°0) (8220°0) (85€0°0) (r2v0°0) (0150°0) (7290°0) (ev90°0) (8820°0) (¥9.0°0) (1220°0) (51200) (0£200) (¥6200) (€060°0)

28000 1800 89000 L6100 15000 88€0°0 12600 26500 16800 90020 $010'0 Y¥E00 12600 [zan] 16200 €700 nBUERWRd

(12100) (28000) (1800°0) (6200°0) (2£000) (69000) (9200°0) (¥900°0) (5200°0) (6200°0) (0800°0) (¢800°0) (1600°0) (6600°0) (e1100) (e€10°0)

SE000 9100 22000 25100- €9700- €2000 %2000 2v000- £1000 10100 92000 28000 6€000- 9,000 92000 20000- Aioysues.

(91200) (91200) (9120'0) (9120'0) (91200) (9120°0) (9120'0) (9120'0) (91200) (912010) (9120'0) (9120'0) (912010) (91200) (91200) (91200)

2v900 27900 27900 2900 2v900 27900 27900 2900 2v900 2v900 27900 2900 2900 27900 27900 27900 od uesH

(68v0°0) (vzy0'0) (esz0°0) (0620°0) (rv0°0) (2650°0) (€590°0) (06.0°0) (¥80°0) (ev60°0) (9880°0) (0z60°0) (8580°0) (9260°0) (ev60°0) (890T°0)

85500- S2IT0 ¥210'0 €210 €59T0 S/8T0 18820 T60£0 68690 6070 850 659€0 0EELO 65950 9190 26890 ueUeLLad

(0510'0) (20100 (5600°0) (1600°0) (2800'0) (6£000) (1600°0) (9200°0) (¢800°0) (5800°0) (6800°0) (0600°0) (8600°0) (6010°0) (vz100) (8v10°0)

¥8L0°0 08v00 €500 YIv0'0 £8v0°0 89v0'0 16200 ¥0£0'0 90200 ¥680°0 2900 08500 ¥920'0 01200 02800 90800 Aioysues.

(esz00) (eszo0) (e5200) (¢5200) (esz00) (eszo0) (e5200) (¢5200) (¢sz00) (¢sz00) (e5200) (¢5200) (¢se00) (esz00) (esz00) (e5200)

YTIL0 YITL0 Y120 PITLO YTIL0 YITL0 YTTL0 YITLO PTILO YTIL0 YITL0 PTTLO YTIL0 YTIL0 YTIL0 YITL0 0d Aunay

(35€0°0) (e0e00) (18100) (t120°0) (ee€00) (Tov0'0) (2v+0°0) (t250°0) (¥850°0) (0690°0) (ev90°0) (2590°0) (2£90°0) (€990°0) (6020'0) (86.0°0)

11200 2/900 €TTT0 080T'0 22920 £90£°0 61080 08670 0T0r'0 02170 22990 1870 1870 6TEY0 61950 ¥ETS0 ueUeLLEd

(6010'0) (0800°0) (0200°0) (€900°0) (8500°0) (55000) (5900°0) (€500°0) (9500°0) (25000) (2900°0) (€900°0) (6900°0) (2200°0) (2800'0) (9010°0)

L7200 €900 0v50'0 11500 £€550°0 92800 12900 80900 ST90'0 11500 L1900 28500 76500 11500 89€0°0 19200 AioysuesL

(28100) (28100) (28100) (28100) (28100) (28100 (28100) (28100) (28100) (28100) (2810°0) (28100) (28100) (28100) (28100) (28100)

6v58°0 675810 65810 67580 6v58°0 675810 675810 67580 67580 6v58°0 675810 67580 67580 67580 6v58°0 675810 od abo]100

(89€0°0) (S0e0'0) (8£10°0) (9020°0) (0ge00) (60v0'0) (s50°0) (250°0) (5250°0) (9990°0) (5590°0) (9990°0) (T190°0) (1990°0) (6890°0) (26200

2ELO0- YEPTO- 81900 0860°0- 99720~ 65920~ 16620 T601°0- 289€°0- 9E9E 0~ 89050 YTIED- SYOE0- LLYEO- ZEVY0- €Lero- WaLRWLR

(e1100) (8£00°0) (6900°0) (€900°0) (09000) (8500°0) (€900°0) (500°0) (6500°0) (6500'0) (€900°0) (5900°0) (1£00°0) (62000) (6800°0) (9010°0)

25800~ 00500 26500 2080°0- ZEV0'0- 89500 SLY0°0- 86€0°0- 00500~ 9TY0'0- 12900 T90'0- 15800~ S2Y0'0- 89Y0'0- 00700 AwoysuesL

(8,700) (8100 (8£10°0) (8£10°0) (8,100) (8100 (8£10°0) (8£10°0) (8£10°0) (8£100) (8£10°0) (8£100) (8£10°0) (8,100 (8,100 (8£10°0)

690~ §6.9'0- 96190 96.9°0- 690~ 6190 96190 S6.9°0- 690" 690~ 96190 S6.9°0- 690" 690~ §6.9'0~ S6/9°0- od nodoiq

(¥920°0) (s1€0°0) (08100) (¢120'0) (Tv€00) (yTv0°0) (esv0'0) (2250'0) (58500) (62900) (T790'0) (¥590'0) (02900) (05900) (8890°0) (98200)

08700 25210 92010 £5VT0 99620 28L€0 2/e€0 €550 15070 80EV'0 15590 80€Y0 L0 92250 €019°0 12950 WeUeLLEd

(e1100) (2800'0) (1200°0) (€900°0) (09000) (9500'0) (5900°0) (€500°0) (2500°0) (2500'0) (1900°0) (2900°0) (8900°0) (2£00°0) (9800°0) (€010°0)

ST60'0 ¥€50'0 2900 86500 20900 91800 €900 86500 Y1200 6500 98500 1200 #0500 0€500 18700 12900 Aioysue

(9810°0) (98100 (9810°0) (9810°0) (98100 (9810'0) (9810°0) (9810°0) (9810'0) (9810'0) (9810°0) (9810'0) (9810'0) (9810'0) (9810°0) (9810°0)

90V6'0 90v6'0 90v6'0 90760 90V6'0 90v6'0 90v6'0 90760 90V6'0 90V6'0 90v6'0 90760 90V6'0 90V6'0 90v6'0 90v6'0 0d uoieanp3

9T ST T €T <t T ot 6 8 L 9 S 14 € [4 T 3WoaN0

E7Ts)

93y PIIY) SSOIOY SHULIIE0)) UO SUOIIDLIPSIY JNOYIIAN SOWO0IN()
PIIYD uodn s00oYG JusueuLIdJ pue (()J) 9UW0dU] JUsURULIS] [RIFU] ‘SYD0G AI0)ISURI], P[OYSSNO] JO SUTWIL], o1 T, JO 199 o1} JO So1et)sH G o[qR],

86



911 Je [ooyDs Suraeo] soyedIpul nodorp ‘BUI0OYDs Jo sI1vIA sojouep uoreONpPH (T)VIN ® 9WO0OUl AI0}ISURI} PUR O[RSUIIRU ® SMO[[0] SUWIODUI JUIURULIOJ

"89], S90I0,] POULIY o1} UI SO[RUI I0] POINSBOU IR PUR AN[IqY "A)ISISATUN/SFS[0D IR 9dURPUAIIR ST 9F0[[0)) "98e Aros[ndurod

'sojewTyse (INMA

‘omwrooul justrewrIad Jo [9AS] [BIIUL 1) S9j0ULp () ‘d[qelIeA juspuadop Ul SUOIJRIADD PIepUR)s JusseIdol SIOLID PIRPUR]S PUR SJUSIDIFA0)) "sosorjjuaied Ul SIOLId PIBPUR)S 9)0N

(e2200)  (ecz00)  (e67000)  (00200)  2080°0)  (G6€0'0)  (Tevo0)  (00S00)  (5TS00)  (9090°0)  (h2S00)  (€sS0'0)  (T990°0)  (1990°0)  (£2200)  (0080°0)
¥8200-  ¥8¥00  06T00-  €9000-  OTTO0- 65200  LT¥00  LISOO0  €SKO0 83600 99200 Zv900  L.600-  ¥OE00-  YBITO0 86200 ueLeLLRd
(99000)  (z5000)  (¢G000)  (25000)  €5000)  (05000)  (1S000)  (¥S000)  (6500°0)  (S900°0)  (69000)  (G2000)  (6L00°0)  (8800°0)  (06000)  (SOTO'0)
78000 02000~  90TO0 €000  §5000-  S0000 00000 62000 €000 20700 6T000- 2000  SYOO0  SS000- 6000~  STO00 Kioysuel |
(20z00)  (20200)  (L0Z00)  (20200)  20200)  (20200)  (20200)  (20Z00)  (2020°0)  (10z0°0)  (20Z0'0)  (2020'0)  (L0z00)  (202000)  (L020°0)  (2020°0)
6,900  6.900 6,900 6,900 6/900 6900 6900  6/900  6.900 6,900 6/900 6900 6900  6/900 6900 6900 od UreeH
(8ee00)  (e8200)  (vE200)  (9v200) 228000  (ev00)  (62s00)  (bT900)  (1650°0)  (G0L00)  (1€900) (029000  (£9200)  (19.00)  (8180°0)  (ST60°0)
8SYO0- 92600 €620°0 820T°0 9rT0  22zz0 00020  YZEED  8BYED ST6E0 €6LE0 EYY0  6YPP0  L6S€0  6v¥SO  820E0 ueewad
(18000)  (€9000)  (09000)  (T9000)  09000)  (2G000)  (19000)  (€9000)  (¥900°0)  (0£000)  (22000)  (€800'0)  (S800°0)  (26000)  (20TO'0)  (9TTO'0)
vErO0 18800 22600 LT€0°0 SvE00 2200  6LT00 66200 98200 06200 0TSO0 6200  OEE00 66200  LT200  S9T00 AKioysuert
(ee200)  (ec200)  (€€z00)  (€€200)  €€200)  (€€200)  (€ec00)  (€€z00)  (e€200)  (€€z00)  (€€200)  (eee00)  (€ezo0)  (€€200)  (€€20'0)  (€€20°0)
SCIL0  STLO S2TL0 S2TL0 GZTL0  SeTL0  STIL0  SZTL0 SCILO S2TL0 STL0  SeTL0  SIL0  SZTL0 SCIL0 STILO od Ay
(evz00)  (eoc00)  (6910°0)  (18T00)  8.200)  (1€€00)  (89€00)  (vGv00)  (6vv0'0)  (0zS00)  (evo0)  (T6v0'0)  (b18S00)  (6vS00)  (8¥900)  (#TL00)
Zv100- 28200 S02T°0 S8IT0  ¥EOZO0  96LT0 02820  OV/E0  8SECO 87€0 G/Zy0  83EZ0  6eyy0  6EZE0  6I950  ZISED eueulad
(65000)  (6v000)  (S¥000)  (ev000)  €v000)  (0v000)  (€¥000)  (9v000)  (9v000)  (8Y000)  (95000)  (65000)  (T9000)  (02000)  (22000)  (S800°0)
P00 €5200 €5200 6T€0°0 9¥00  ¥9500 /900  6¥S00  TIS00 900 8700 L0500 /€800  8O0VO'0  0BT00  6ETO0 Kioysuert
¥8100)  (¥8100) (¥8100) (¥8100) +8100)  (¥8100) (+8100) (¥8100) (+8100) (¥8100) (+18100) (¥8T00) (#8100) (¥8100) (+¥8100)  (¥810°0)
9/6L0 960 9/6L°0 9/61°0 9/6/°0 960  9/6L0  9/6/0  9L6L0 9610 9/6/°0 960  9/6L0  9/6/0  9/6L0  96L0 od Eille]
(65200)  (8020'0)  (9910°0)  (8210°0)  222000)  (cee00)  (22€00)  (6Sv00)  (6Ev0'0)  (z0s00)  (89v00)  (T6v0'0)  (0550°0)  (6850°0)  (€2900)  (#¥990°0)
TI000-  L/S00-  €.500-  ZSTTO-  vESTO-  [S/T07)  ¥9820-  €..20-  9TIC0-  S¥Gc0- 81820~ ZEyg0-  02Zc0-  T60E0-  TV8E0-  0SLEO- IeLew.ad
(19000)  (9¥000)  (Gv000)  (€¥00'0)  SP00'0)  (ev000  (ev000)  (9v000)  (Lp00'0)  (05000)  (G5000)  (0900'0)  (z900°0)  (02000)  (€200°0)  (S800°0)
P00~ G6200-  0200-  L0S00-  [SE00-  GZvO0-)  PEEOO-  86E00-  T9X00-  08€00-  HIVOO-  OESO0-  8TE0D-  8YEOO-  9€E00-  TTEDO- AKioysuet
(021000 (02100)  (0210°0)  (02100)  0100) (0100 (0100)  (0L10°0)  (O100)  (0£10°0)  (O2100)  (02T0'0)  (0£T0°0)  (02100)  (02T0°0)  (0LTO°0)
€/290- €290~ €290~  €/Z90- €290~  €/2907) €/Z90- €290  €/290- €290~ €290~  €/290- €290~ €290  €LZ90-  €L290- od nodoia
(€5200)  (GT200)  (6910°0)  (€8T00)  28200)  (9ve00  (G8€00)  (99v0°0)  (€Sv0'0)  (T2S00)  (Ov00)  (L8v0'0)  (89S0°0)  (LvS00)  (T¥90°0)  (6020°0)
60000- 67100 T80T0  ¥6STO G9zz0  OT¥Z0)  LL0£0  T6LE0  0S920 8/2€0 299€0  TeSZ0  [/SYED  ¥S9E0  8TZS0  299v'0 ueLeLLed
(19000)  (G8100)  (9v000)  (€¥00'0)  SP00'0)  (Tv00'0)  (E¥000)  (9v000)  (LpOO'0)  (6¥00°0)  (G5000)  (6S00'0)  (T900°0)  (12000)  (22000)  (#¥800'0)
0cr00  Y0E0D 66200 TLE00 00S00 06500  €8¥00 €500 86500 L1500 €1S00  €0900 88800 /OO €500  ¥OZO0 Rioysuelt
(68100)  (G8100)  (6810°0)  (S8T0°0)  (G810°0)  (68T0°0)  (S8T00)  (S81000)  (5810°0)  (G810°0)  (6870°0)  (S8T0°0)  (G870°0)  (5870°0)  (G810°0)  (S8T0°0)
55880 95880 95880 95880 95880 99880  S9880  G9880 95880 95880 95880 99880  S9880  G9880 95880  S988°0 0d  uomeInp3
oT ST vT €T T T oT 6 8 L 9 S v € z T 3W00IN0
ES7I0s)
‘Sou10991N O

PIIYD uodn s¥oog JusuRUIS] PuR (()J) 9WO0OU] JUSURULIDJ [RIIIU] ‘SO0YS AI0)ISURI], [ellIa)Rd JOo SUTWIT, o], JO 199[H oY) JO sejewI)sy 19 o[qe],

87



Figure 1a Figure 1b
Variance of Income Across the Life Cycle: Mothers Variance of Income Across the Life Cycle: Fathers
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Figures 2a-2j. The Effect of Household Permanent and Transitory Income Shocks at ages 1-16

Upon Child Human Capital Outcomes.
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Note: Estimates of the impact of permanent and transitory income shocks across child age upon child human capital.

upon permanent income following a random walk and transitory income MA (1).
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Coeffi cients represent standard deviations in the child outcome.




Figure 2g

Figure 2h
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Note: Estimates of the impact of permanent and transitory income shocks across child age upon child human capital.

upon permanent income following a random walk and transitory income MA(1).
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DWMD model based

Coeffi cients represent standard deviations in the child outcome.
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Figures 3a-3j.

Upon Child Human Capital Outcomes.

The Effect of Paternal Permanent and Transitory Income Shocks at ages 1-16

Figure 3a Figure 3b
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Note: Estimates of the impact of transitory income shocks across child age upon child human capital using father’s income.

based upon permanent income following a random walk and transitory income MA(1).
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Figure 3g Figure 3h
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Appendix 3.1. Model for Child Human Capital Accumulation

The model is a simple extension of the classic household optimisation, in which individuals choose
consumption in different periods to maximise their utility, subject to a budget constraint. The
extension adds the choice of the investment in their child’s human capital in each period, and the
additional constraint of a human capital (HC) production function, which describes the process
through which parental investment is converted to child HC.

In a three period model, parents choose consumption in the first, second and third periods
(c1,c2,c3) as well as investment in child HC, (21, 22, x3) to maximise their expected utility, subject
to a budget constraint and a human capital (h) production function. A stock of HC accumulates at

the end of the three periods.

max u(cr) + Efu(cy) + Ef%u(cs) + Eau (h)

€1,€2,C3,T1,T2,T3
The two constraints are the HC capital production function.

h = f (mlax27$3)
and the intertemporal budget constraint
+ +as Y y
ata+ PR ELE TN T IS T ooy
8 denotes the discount rate for consumption and a the discount rate, or parental altruism, of
HC.

The particular functional form of the HC production function is important. Cunha & Heckman

(2008) define a CES production ﬁunction, for example

h=A|y2f + 7,08 + 7337?} ’

1,72 and 5 denote the productivity of investment in periods 1, 2 and 3 respectively and ¢ is
a complementarity parameter and takes the value 1 if investments are perfect substitutes and -oo if
investments are perfect compliments. If investments are complementary, the return to investment in
period 1 (2) is increasing in the level of investment in period 2 (1). For simplicity, assume the value
of ¢ = 0, which allows for some complementarity. This is the Cobb-Douglas production function.
Taking logs leads to the log linear production function, which is common in the child production
function literature, for example Todd & Wolpin (2003).

Additionally, specify a logarithmic utility function, meaning that individuals are risk averse. The
optimisation problem becomes

max Incy + BEIncy + fElncs +aEInh

€1,€2,€3,21,72,23

subject to the HC production function
5

h = z§xlxs;
and the intertemporal budget constraint

cat+xo catxy Y2 Y3 .
CFTE R T 0 TN T i T ey

Income uncertainty exists in the model through shocks to the income process in each period.
Income is the sum of a permanent component (which follows a martingale) and a transitory com-
ponent (for now MA(0), although an extension to allow serial correlation in the transitory income
shocks is simple).

Yy =P+
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Po=P 1+
Assume the error terms are mean zero and independent to each other; E((,) = E(v;) =

E (Cyvr) = 0.
The optimal level of consumption and investment are given by the equations below.

o Ay (L47) B [yo] + B [ys]
(B taly+d+a)+1)

aa{(1+r)2y1+(1+T)E[y2}+E[y3]}
T) = 2 2 (A2)
I+ B+ +a(y+d+a)+1)

C* _ 6(1+T) Y1 + BEy2 B(C2 +U2) (A3)
2T B+ ta(y+ita)+l B+ taly+o+a)+l a(B+)+B+8
+ BEy3
(1+r)(B+8>+a(y+o+a)+1)
" aa (1+7) 11 acly; aa (G + v2)
x5 = 5 + 5 5 (A4)
B+B +a(y+d+a)+1 B+B +a(y+d+a)+1l a(d+y)+B°+p
+ Eys
(1+r)(B+B2+a(y+6+a)+1)
cf = B0 BPO4n)E(s) | B4 (Ctvy) | B*E(y3) 4 B(CaCatua)
37T BB ta(vtota)+l T BB +a(y+e+a)+l a(6+v)+6+82 B+B2+a(y+o+a)+1 ad+p2
o — ac(1+7)%y; + aa(147r)E(y2) + aa(147)%(Co+v2) + acE(ys3) + ac(Cy+C3+v3)
37 BB +a(y+o+a)+1 T B+A Ha(v+o+a)+1 a(6+7)+B+p7 B+B7+a(y+d+a)+1 ad+p?
Substituting into the human capital production function:
o 5
h = [j]" [k]" 1] (A5)
here i — {041+ (+0)E(y2)+E(ys) }
W J = T 2B Fa(rota) 1)
i — aal+r)ytaab(ys) + ao(Cotva) | E(ys)
B+B7+a(v+o+a)+1 T a(6+y)+B2+B8 1 (1+r)(B+B%+a(y+o+a)+1)

| = 22(4)’yi+aa(l4+n) B(ys)+aaB(ys) | aa(1+7)% (¢ +v2) 4+ (G tCgtus)
- B+B%+a(y+o+a)+1 a(6+7)+B-+52 ad+p?

Parental investment in each period depends upon realised income shocks and expectations of
future income. The influence of permanent income shocks is felt in each future period, whereas
transitory shocks display no persistence, and are therefore relevant only in the period in which they

occur.

Appendix 3.2. Estimation by DWMD

Estimation is by minimum distance. For each individual, I observe the scalar h;7 and define the

dummy variable d? to equal 1 if human capital is non-missing for this individual, and 0 otherwise.
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Define observations over parental income y; and the relevant non-missing dummy variable dY as

follows
Yy dl 7
Yt.i dy;
Yi = diy = (A6)
Yri dT,i
I define the vector z; and d; by
h; dr
Yi d?
The empirical moments are given by
(A8)

m = vech { (i ”) @ (% did;) }

unique moments. The vector of theoretical moments is given by f (A) where

There are @
A= {0’%;.0,0'30,0?1, ",05T70§170%27 "aa—gTaﬁ(l)Dva, "aﬁgvﬂgaﬁf, 7B§)
v (Y1)
cov * (y1,Y2)
cov * (Y1, Ys3)
cov * (Y1, yr)
cov x (y1, hr)
fA) = (A9)
v (y2)
cov x (ya, hr)
cov * (yr, hr)

Choose parameter values to minimise the difference between the theoretical moments, given in
the identification section above, and the empirical moments contained in m.

min (m — £ (A))' ~ A (m — f (A))
The weighting matrix (A) is the diagonal from (Vﬁl) , where V' is the variance-covariance matrix

of m, consequently estimation is diagonally-weighted minimum distance (DWMD).
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4 Maternal Smoking During Pregnancy And Early Child

Outcomes

Abstract

The harm from smoking during pregnancy upon child birth outcomes is estimated, using a rich
data set on a cohort of mothers and their births. Exploiting a fixed effects approach disentangles
the correlation between smoking and birth weight from the causal effect. The results suggest that,
despite a detailed set of controls for maternal traits, around one-third of the harm from smoking
remains unexplained by observable traits of the mother. Smoking tends to reduce birth weight
by 1.7%, but has no significant effect on the probability of having a low birth weight child, pre-
term gestation or weeks of gestation. Exploring heterogeneity in the effect on birth weight, it is
mothers who smoke for the entire nine months of gestation that suffer the harm, whereas there is an
insignificant effect for mothers who chose to quit by month five. Additionally, there is evidence of
potential complementarity in investment of human capital, as the impact on birth weight of smoking

is much greater for low educated mothers, even controlling for the quantity of cigarettes they smoke.

4.1 Introduction

Maternal smoking during pregnancy remains prevalent in many countries, despite decades of research
testifying to the harm it imposes upon the unborn children!?. Since the 1998 “Smoking Kills” White
Paper, maternal smoking cessation has been a target of policy in the UK. However, as one in five
mothers still smoke whilst pregnant in the UK, the current practice does not seem to be having a
strong impact on pregnant mothers. To better understand how policy can be targeted to pregnant
mothers, the chapter paints a picture of exactly how smoking during pregnancy lowers child health
at birth. Care is taken in assessing the extent to which the estimate is causal. Additionally, the
heterogeneity by socio-economic status (SES) and the dynamic nature of the harm from smoking
across the duration of the pregnancy is explored.

The chapter focuses on the harm from smoking upon four pregnancy outcomes: child birth
weight, the incidence of having a low birth weight (LBW) child?’, weeks of gestation and whether
the birth was pre-term?!. As in many studies of this kind, smoking may harm these outcomes
not just through the causal route, but through endogeneity inherent in the choice to smoke during
pregnancy. Consequently, identification requires a technique to separate the confounding influence
of the mother’s traits from the causal parameter of interest. The chapter adopts a mother fixed
effects (FEF) approach, exploiting multiple births to the same mother in the data set.

There exists a large epidemiological literature examining the harm from smoking upon a range
of child health outcomes, adjusting for a set of characteristics of the mother such as her education
and age at birth?2. A snapshot of some of the results is that smoking lowers birth weight by 5.7%
(Carter et al 2006), that this harm accumulates throughout the months of gestation (Hebal et al

9 See for example the US Surgeon General’s report 1977-78.

20LLBW infants, weighing less than 2500g, are susceptible to infant death, short- and long-term health problems and
raise large hospital costs (Almond et al (2005)).

21 classified as less than 38 weeks gestation.

228ee Kramer (1987) and Floyd et al (1993) for reviews.
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1988), but that the effect on weeks of gestation is generally of much smaller magnitude than on birth
weight (Kramer 1987).

The link between smoking during pregnancy and early child health has also been investigated
in the economic literature, in which study designs use econometric techniques which explicitly in-
corporate smoking as an endogenous choice of the pregnant mother. Evans & Ringel (1999) exploit
within state variation in taxes on cigarettes in the US between 1989-1992 as an instrumental variable
(IV), finding that smoking during pregnancy lowers birth weight by 356-594 grams, (or 10.6-17.6%
of average birth weight in their data set). The fact that the IV estimate is higher than their OLS
estimates and far higher than many of the epidemiological estimates suggests that the parameter
identified may be a local average treatment effect (LATE). In this case, the variation in behaviour
is identified from marginal smokers enticed to change their behaviour as a result of the small tax
changes across time and states. Compared to the average, these mothers will have a higher marginal
benefit from smoking. This parameter is interesting to policy makers considering an increase in
taxes on cigarettes, but less so for a general policy to improve child health outcomes.

Lien & Evans (2005) avoid the problem of estimating LATE by exploiting the introduction of
one-off tax hikes in four US states between 1992-1994, which were sizeable enough to change the
behaviour of a relatively large group of individuals. The authors estimate that smoking reduces
birth weight of the child by 189 grams (or 5.6% of the average birth weight across the 4 states),
which was of a similar magnitude to the OLS estimation. Unfortunately, tax changes may not be
a strong instrument for measuring the dosage of cigarette smoked inhaled by the mother. Adda &
Cornaglia (2006) explain that, whilst individuals may respond to the higher taxes by cutting down
the number of cigarettes they consume, they can top up the level of nicotine by inhaling with a
greater intensity and smoking the cigarette right down to the filter. Therefore the instrument used
in the above papers is hard to interpret, if there is not a clear cut change in the dosage. This would
explain, for example, why the OLS estimates in Lien and Evan’s paper were of similar magnitude
to IV estimates.

Almond et al (2005) adopt a propensity score matching approach to investigate the effect of
smoking during pregnancy upon the probability of having a LBW baby and the duration of gesta-
tion. They use birth records from Pennsylvania between 1989-1991 and find that smoking during
pregnancy increases the incidence of LBW by 3-4%, but has little effect on gestation. The problem
with a propensity score matching technique is that it addresses selection into smoking based upon
observable, not unobservable traits of the mother. Therefore, it is possible that the causal estimate
of the harm from smoking is not identified in this study.

Finally, differences in smoking behaviour of mothers across pregnancies have been exploited
using panel data methodology, which control for mother specific heterogeneity. This is the approach
I use. On a study in the US, Rosenzweig & Wolpin (1991) use the children of the 1979 National
Longitudinal Survey of Youth. Mothers who had given birth by 1986 were included in the sample,
restricting the age of the mother at birth to a young group, aged 21-28. The authors estimate a
harm from smoking, controlling for a mother FEF of 3oz for mothers smoking less than one pack
per day and 5.60z for those smoking at least one pack on birth weight, but zero for gestation. It is
worth considering the potential bias in this chapter, by the restrictions on the age of the mother at
births. Mothers giving birth later in their lives tend to be of a higher SES and simultaneously are

less likely to smoke during pregnancy. Therefore, by excluding the older parents, the counterfactual
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group of non-smokers will be relatively less healthy than in the population of smokers, which may
lead to an upwards bias in the estimate of the harm from smoking during pregnancy. This chapter
avoids this problem by including maternal births up to the age of 42.

Abrevaya (2006) matches siblings with their mothers in Natality Data Sets in the United States,
to identify how a change in the smoking behaviour of mothers across births translates into health
outcomes for the offspring. Results show the panel data estimates to be of a smaller magnitude than
the OLS estimates, finding a birth weight effect of around 144-178g and additionally, that smoking
during pregnancy may increase the incidence of low birth weight children and reduce gestation.
The major problem inherent in this study is in the lack of unique identifiers to match mothers. The
authors take care to explore the potential bias and construct three different samples with increasingly
stringent requirements for identifying a mother-child pair — for example, linking questions of marital
status and father’s race if married. However, one may reasonably expect remaining difficulties in
the ability to match uniquely on such characteristics. On the contrary, the analysis in this chapter
uses a data set which follows the mothers from their birth in a longitudinal panel survey, to identify
each birth for the mother, up to the age of 42, thereby avoiding any potential mismatch across
generations.

Utilizing the UK National Child Development Study (NCDS), the chapter exploits a data set with
detailed information on the mother, allowing us to control for the potential source of endogeneity
through variables including grandparent smoking habits during adolescence, maternal birth weight
and paternal smoking habits*®. Currie et al (2007) find in the UK that much of the variation in child
health stems from unobserved family effects. Therefore effort is taken to eradicate any remaining
unobservable elements, by adopting a FEF approach, differencing out any mother level component
which is fixed across time. It may be that the maternal input is not fixed in time, therefore as a
robustness check time-varying traits are controlled for to allow the mother’s behaviour to adapt to
health trends. It will be of interest itself to see how different the OLS and FEF estimates are, given
that the NCDS enables control for a wealth of maternal characteristics which contribute towards
the maternal fixed effect.

A large contribution of the chapter is that this is the first study in the economics literature to
evaluate the harm from smoking within the UK. This is important, as for example Banks et al (2006)
find evidence that the effect of poor health accumulates differently in the USA and the UK, showing
that health gradients across SES are stronger in the US, with those at the bottom of the income
distribution penalized more in the US than in the UK. For this reason, this study is necessary to
gain a full picture of the harm from smoking.

Another contribution is on providing evidence not just on the harm from smoking, but on het-
erogeneity in the harm from smoking upon early child health. The chapter examines whether the
mother can undo some of the harm from smoking if she quits smoking during pregnancy. Mothers
in the study are categorised into those who never smoked during pregnancy, who smoked for the
first 5 months and quit and those who smoked consistently for the entire pregnancy. It is often
thought that the first few months, in which the fetus develops its skeleton and organs, are the most
important in terms of maternal behaviour. However, using birth weight as the outcome may lead
to a different effect, as it is during the final 20 weeks that the baby gains most of its body weight.

Consequently, the final months of gestation may be the most important, with respect to smoking

23To my knowledge, no former study has controlled for paternal smoking habits.
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behaviour. This is a useful contribution to the policy debate of maternal smoking, as there is often
a time lag between the mother becoming pregnant and learning of the pregnancy.

The chapter additionally looks at potential complementarities in investment by considering the
harm from smoking separately for low- and high- educated mothers. Complementarity in invest-
ments are present if the return to later investments are increasing in earlier investments, and wvice
versa. In this case, high educated mothers may be able to offset some of the harm from smoking.

The impact of maternal smoking during pregnancy on child outcomes is policy relevant because
birth weight and gestation have been shown in the literature to drive a range of short- and long- term
outcomes. An increase in birth weight lowers one year mortality rates whilst raising education and
wages (Black et al (2007)), self-reported health and earnings (Currie & Hyson (1999)) and similarly
input fetal growth?! has been estimated to improve educational outcomes (Behrman & Rosenzweig
(2004)). A finding that smoking during pregnancy does indeed lower pregnancy outcomes suggests
that policy makers could use smoking cessation policies as tools for raising not just health, but
economic prospects for individuals.

A brief summary of results is that the effect from smoking during pregnancy is surprisingly uncor-
related with the detailed set of mother level variables. In the conditional OLS regressions, smoking
during pregnancy lowers child birth weight and gestation by 5.6% and 0.188 weeks respectively and
increases the probability of a LBW and pre-term birth by 4.2% and 1.7% respectively. However,
conditioning for remaining unobservable traits of the mother in the FEF estimate, only the birth
weight effect remains significant, although it falls to 1.7%. The FEF estimate is one-third of the size
of the OLS estimate. Two assumptions of the FEF estimate are explored. Firstly, the FEF estimate
is identified only from parents whose behaviour changes across births. When the OLS is estimated
for these “changers”, the coefficient falls to 3.3% suggesting that half of the OLS correlation is due
to unobservable traits of parents. Secondly, potential failure of the strict exogeneity assumption of
the FEF technique and the potential attenuation bias from measurement error means that the FEF
estimate should be considered only as a lower bound. Therefore, the harm from smoking during
pregnancy on child outcomes is within the range of 1.7-3.3% (43-91g) for mothers who change their
behaviour during pregnancy and an upper bound of 5.6% (164g) for the total sample of mothers.

Focusing the remaining analysis on birth weight, contrary to beliefs that the greatest harm to
the baby will be borne during the first trimester of pregnancy (weeks 1-12), a negligible effect on
birth weight to smoking during pregnancy exists if the mother quits smoking by the fifth month
of the gestation period. This result is intuitive given the chosen child outcome of birth weight,
because it is during the final 20 weeks that 90% of the growth of the child occurs. This is a positive
result, suggesting that government policy could be effective if aimed at mothers not just during
the first trimester of pregnancy, but into the second. Finally, there is suggestive evidence of strong
complementarities in investment of human capital, as it is the low educated mothers who bear the
greatest burden of smoking, even conditioning on the quantity of cigarettes consumed.

The chapter is structured as follows. Section 4.2 and 4.3 presents the estimation strategy and the
data set. Section 4.4 and 4.5 report and discuss the results and robustness checks. Finally, section

4.6 concludes.

24Estimated as birth weight divided by gestation
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4.2 Empirical Methodology

A production function for human capital h of child ¢, to mother m, is detailed below?®.

hcm = /80 + Blscm + BzXcm + Eem (1)

where outcomes h = {log birth weight, low birth weight (LBW), gestation, pre-term birth}.

S is a dummy variable which takes the value 1 if the mother smokes during pregnancy and 0
otherwise. (3, is the parameter of interest in this model, the harm from smoking during pregnancy
upon child human capital. Mother specific characteristics which vary across births are denoted by X.
¢ denotes the latent unobservable term. As panel data methods are used to identify 3, it is assumed
that the error term can be decomposed into a maternal FEF (u,,) and a child level idiosyncratic

component (Uep, ):

Eem = My, + Uem (2)

Econometric issues confound the causal estimation of ;, namely the unobservable maternal
input in the child production function. The problem of endogeneity arises from the existence of two
mechanisms through which smoking during pregnancy can lower child health. The first is a causal
mechanism. Tuormaa (1995) describes how child birth outcomes are driven by maternal smoking.
When a mother smokes during pregnancy, nicotine causes the flow of blood between the uterus and
the placenta to slow. Additionally, the intake of carbon monoxide transforms oxygen carried to the
fetus into carboxyhaemoglobin. The result is that smoking during pregnancy causes fetal hypoxia
— or low levels of oxygen — which slows fetal growth and reduces gestation. Note however that, as
Floyd et al (1993) point out, “This lower birth weight results primarily from intrauterine growth
retardation (IUGR), observable at all gestation ages” (pp. 381), therefore the effect on birth weight
may be stronger than that for gestation.

Secondly, there may be traits of the mother which drive her to smoke during pregnancy whilst
simultaneously choosing other behaviours which lower the health of the child. Smoking habits are
easily predicted by SES (in terms of education and age at birth)?¢ and family background. If the
selection into smoking is also driven by unobservable traits of the mother which lower birth weight
and gestation, then estimates of the harm from smoking during pregnancy will be prone to bias.
Consequently, if this were the case, efforts to entice smoking mothers to quit during pregnancy would
have less effect on the health of their child than conventional estimates suggest.

There are many sources of endogeneity, for example it may be the case that mothers who smoke
during pregnancy have relatively high discount rates. This creates an omitted variable bias in the
estimate of the harm from smoking, if this difference leads to lower child health independently of the
smoking habits, for example through inducing other adverse behaviour. Simultaneously, smoking
may be correlated with the health endowment of the mother. Rosenzweig & Schultz (1983) raise
the issue of endogeneity of health inputs in the child health production function. They conjecture
that individuals have superior information on the expected health of their children, which may cause

adverse selection. For example, if the mother has a low endowment, she may increase prenatal care

25 Although the specification is linear, we can allow for polynomial and interaction terms, to explore a more flexible
relationship between inputs and child outcomes.

26For example, in the 2000 UK Millennium Cohort Study, smoking mothers were on average 2.6 years younger and
had 1.29 fewer years of education than non-smoking mothers.
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in anticipation of her child’s poor endowment. Additionally, to the extent that parents assortatively
mate by health behaviour, paternal smoking habits will be an important control in the child health
production function, to identify the causal effect of maternal smoking. If smoking mothers tend to
live with smoking fathers, then the harm from the maternal smoking will be overestimated, picking
up the harm from passive smoking.

When estimating the harm from maternal smoking upon child human capital, two approaches
are employed to take into account the endogenous decision of the mother to smoke during pregnancy.

Firstly, using an OLS framework, proxies for the potential sources of bias control for a wealth
of information about the mother spanning her lifetime. Using the NCDS, variables are included
which aim to capture the discount rate, or measures of the endowment of maternal human capital,
which are often unobserved in other studies within this literature. These are the birth weight of
the mother and her height at age 16. As mentioned above, information exists additionally on the
smoking behaviour of the child’s father. To the extent that parents assortatively mate by smoking
habits, this acts as an additional control for the endogeneity.

Using this methodology, the estimate §; will be unbiased if E (p,,, + Uem|Sem, Xem) = 0. Tt is
impossible to guarantee that endogenous smoking behaviour of the mother is controlled for with
the above methodology. Therefore secondly, the chapter exploits information on sibling births for
all mothers with more than one child, estimating a FEF model. The within-group estimator will
eliminate p,, which is common across different births to the same mother. The regression below

shows the difference equation which is estimated for each child in the FEF approach.

Bem = han = 81 (Sem = Sin) + 82 (Xem = Xon ) + (tem — tim) (3)

where A, Sm, Xm and 4, denote the human capital, smoking status, covariates and the error
term respectively, averaged across all births for each mother. For simplicity, this can be written
as Ahem = 01ASe, + 02AX ), + A, where A denotes a child level deviation from the maternal
mean.

The FEF estimate is employed to overcome endogeneity in the human capital production function.
To be assured that the FEF estimate is causal requires exploration of the assumptions of the method
itself.  Strict exogeneity, measurement error and identification in the FEF estimate solely from
individuals changing smoking behaviour are now explored in turn.

Strict exogeneity requires E (ucm| {Xcm}z;l , {Scm}il) = 0 where T is the total number of
children for a mother. There are cases when this may be invalid within this particular framework,
which are detailed, in order to understand the direction of any potential bias in the estimate.

The potential failure of strict exogeneity is that mothers may respond to the endowment of the
birth of a previous child when choosing smoking behaviour during a current pregnancy. As child
endowment is unobservable to econometricians, the consequence is that present smoking behaviour
is driven by past realisations of the error term, violating strict exogeneity. Abrevaya (2006) describes
that a response of parents along this dimension would induce a negative bias in the estimate of the
harm from smoking. Unfortunately, it is not possible to explore the existence of this bias any further
than taking note that the estimated coefficient will potentially be biased towards zero and therefore
considered as a lower bound estimate.

A second failure of the strict exogeneity assumption is that changes in health habits may con-
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found the estimates. A decision to quit smoking is endogeneous and, any reduction in the smoking
behaviour of the mother may be accompanied by additional health improvements. This is controlled
for by including a set of time varying measures of healthiness or discount rates, which are whether
the mother drinks over the recommended level of alcohol and whether she participates in sporting
activities. Controlling for time varying traits is to move away from the FEF assumption of a mother
input which is time constant, adding an additional mother level term which picks up varying habits
over and above the FEF. As the estimates to the harm from maternal smoking during pregnancy
are not significantly changed by this inclusion, I conclude that failure of the strict exogeneity does
not impose a large bias on the estimates.

Griliches & Hausman (1985) describe the attenuation bias from measurement error that is larger
in a model where the explanatory variable is in changes not levels. Without a secondary source of
information on smoking habits, or a valid instrument, it is not possible to control for this bias and
the estimates can therefore be seen as a lower bound to the harm from smoking. One possibility
that can be controlled for, however, is that the misreporting of smoking habits are correlated with
parental characteristics. If, for example, high SES mothers are more aware from the harm from
smoking, they may be more likely to misreport their smoking habits. I exploit the fact that across
time, smoking has become more stigmatized during pregnancy, meaning that the correlation between
misreporting and SES would have increased across time, to understand the extent of this bias of
the correlation between smoking habits and maternal SES. Section 4.5.2 documents the intuition
and reports no bias from potential correlation between the mismeasurement of smoking habits and
maternal background.

The final issue regarding the causality of the FEF estimate is that in this estimation strategy,
identification stems from mothers whose smoking behaviour changes across pregnancies. This means
that outcomes for mothers who smoke during pregnancy for all births or for no births, do not create
the variation which generates the estimate. It is possible that these group of mothers (called ‘non-
changers’ for the remainder of the chapter) will look different to the “changers”. To understand
that extent to which this is true, the OLS is estimated additionally for the group of changers, which
is compared to the FEF estimate to understand the true extent of endogeneity in the smoking

parameter

4.3 Data

The NCDS is a longitudinal panel data set, whose participants are the cohort of children born in the
UK in one week in 1958. The most recent period of observation at the time of writing was in 2001,
which gives over 40 years of information on the cohort members. It is the information on children
of the cohort members which is exploited for this study, using the in-depth pregnancy information
on siblings. The children in the sample are born between 1973-2000.

The sample includes 3368 female cohort member mothers and 6860 children®’. 2799 of these
mothers (and 6291 children) had more than one child, which is necessary for the FEF approach, and
therefore will be the chosen sample.

An advantage of the panel data nature of the NCDS over other data sets with pregnancy informa-

tion, is that it allows us to observe in-depth smoking habits of pregnant mothers. The incidence of

271 restrict the sample to families with fewer than six children, to eliminate outliers.
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smoking during pregnancy is observed and whether the mother stopped smoking by the fifth month
of gestation.

The birth outcomes of the children of the cohort members are very detailed. The measures of
child human capital are log birth weight, whether the child was low birth weight (LBW), weeks of
gestation and whether the birth was a pre-term birth (<38 weeks). Note that gestation is believed
to be measured with lower accuracy than birth weight, due to errors in identifying the exact date of
conception. Observed additionally is child gender, which will be an important control as boys tend
to be heavier than girls at birth.

Given that the cohort members have been tracked in the NCDS since birth, the chapter incor-
porates a wealth of information on the mothers which will drive their smoking behaviour and form
important inputs into the child human capital production function. To proxy for the mother’s inher-
ent discount rates, or attitudes towards health, controls are included for the grandfather’s social class
at the date of birth of the mother, as well as her parents’ smoking habits when she was aged 16. As
explained in the model, the endowment of the child is partly driven by maternal health endowments.
The endowment is proxied using information on the mother’s birth weight observed directly in the
first wave of the NCDS and additionally the mother’s height at age 16. To my knowledge, no other
study looking at the impact of maternal smoking upon child birth outcomes has controlled directly
for such health inputs of the mother. However, it is a very important control in the child production
function for three reasons. Firstly, Conley & Bennet (2000) report the impact of maternal birth
weight upon the probability of having a LBW child. Using PSID sibling data between 1968-92, the
authors find LBW of the mother increases the probability of the child being LBW by a factor of
four. Secondly, it is important to control for endowments in child human capital as for example, low
birth weight may not be a negative outcome, rather a genetic trait. Finally, if mothers adapt their
behaviour in response to their own health endowments, the result of insufficient control along this
dimension will produce a bias in the estimates of the birth weight effect of maternal smoking. Of
course, this endowment will be differenced out in the FEF estimates. Of interest itself is whether
these extensive controls for the mother’s endowment and environment will produce an OLS estimate
in the range of the FEF estimate, or whether unobserved heterogeneity still remains.

It is taken into account whether the mother lives with a smoker. Living with a smoker may drive
child birth weight, through a direct and an indirect channel. Firstly, through the indirect channels,
to the extent that partners do assortatively mate by "healthy behaviour", controlling for the mother
living with a smoker will in part absorb the endogeneity inherent in the mother’s smoking status
during pregnancy. Further, the event of living with a smoker may drive motivation for the mother to
quit smoking, therefore the control will allow a more accurate description of the mechanisms through
which mothers smoke during pregnancy. The direct channel is through passive smoking. It is possible
to partly disentangle these two effects as the FEF should eradicate the indirect mechanism, leaving
only the passive smoking effect.

Black et al (2005a) find that birth order is an important determinant of child outcomes, thus
this will be a control in the data. It is additionally important however given the identification as, if
for example mothers decide to smoke for the first child but not for the second, then the change in
health will be perceived to change smoking behaviour when really, it is the birth order effect that is
being picked up. Additional controls are marital status, ethnicity education of the mother and the

age of mother at birth. The descriptive statistics for this data set are reported in the section below.
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4.4 Results
4.4.1 Descriptive Statistics

Summary statistics are reported in Table 1. The total number of children born to female cohort
members in the sample is 6291. Of these, 68% were born to non-smoking mothers, 6% born to
mothers who smoked for the start of the pregnancy but quit by month five and 26% of the mothers
smoked consistently for the duration of the pregnancy. Child birth weight tends to fall with the
duration of the smoking habit during pregnancy. The mean birth weight for non-smoking births
is 239g heavier than the mean for the consistently smoking sample and the probability of having a
LBW child is 0.6 percentage points higher. There is no large difference in the mean gestation period,
however pre-term births are more likely for the smoking mothers. Smoking during pregnancy is not
random across observable mother characteristics, as smoking mothers give birth at an earlier age,
have more children, leave school at a younger age, are three times more likely to live with a smoker
and have parents who smoked when the mothers were aged 16. All in all, these statistics signify
that mothers smoking during pregnancy tend to have less advantageous outcomes.

It is important to understand mothers’ changing smoking behaviour across births, as the iden-
tification exploits variation within mothers, across siblings. Table 2 shows the transition matrix
for three child families. Within each cell, the top and bottom values represent the column and
total percentages respectively. For each child, the mother is classified as smoking during pregnancy
(=1) or not (=0). Looking at behaviour across the first and second births smoking habits are very
persistent. Of the mothers smoking (not smoking) for the first birth, 78% (89%) smoke (do not
smoke) for the second. Similarly, of the mothers refraining from smoking for the first, only one in
ten choose to smoke for the second birth. The numbers are similar for comparisons in the remaining
cells. Despite this persistence in habits, there is variation in behaviour. When the smoking status
of mothers changes across births, mothers are more likely on average to quit smoking than to start

smoking.

4.4.2 Regression Results

Table 3 reports the estimated coefficients and standard errors for the incidence of smoking during
pregnancy for the four pregnancy outcomes. All regressions control for child year of birth dummies,
to absorb health trends in smoking habits and the analysis clusters at the level of the mother?®.
Moving from column 1 to 5, the controls are sequentially included. The raw harm from smoking
during pregnancy is a reduction in child birth weight by 5.8%, an increase in the probability of having
a LBW child by 4.5%, a reduction in gestation by 0.224 weeks and an increase in the probability of
having a pre-term birth by 2.3%. All of these estimates are significantly different to zero.

The inclusion of additional controls will reduce the magnitude of the estimate, if generally less
healthy mothers smoke and give birth to lighter children. In column 2, controls are added firstly for
a set of standard child health production function inputs. The coefficients either increase or have
no effect on the coefficients, indicative that on average, omitting these controls led to an upward
bias, contrary to the expectations. This result is driven mainly by the control for birth order, which

appears positively correlated with child birth weight and also with maternal smoking habits. That

28The full set of results can be seen in Appendix 5.1.
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is, conditional upon traits such as the mother’s age and education, mothers tend to smoke more for
later births.

Moving across the table, as further controls are added up to column 5, the estimates for the
harm from smoking fall in magnitude, as was expected. However, each set of controls reduces the
effect only slightly. For example, including the set of health and endowment controls, which may
be important in driving smoking behaviour and child health, reduces the effect on birth weight
by 0.2 percentage points. Information on the partner’s human capital and smoking behaviour are
important controls for the estimate of maternal smoking. Smoking during pregnancy now reduces
log birth weight and weeks of gestation by 5.6% (or 164¢) and 0.188 weeks respectively, and raises
the probability of giving birth to a LBW child and pre-term births by 4.2% and 1.8% respectively.
The birth weight estimate is in line with that of Lien & Evans (2005), Rosenzweig & Wolpin (1991)
and at the upper bound of Abrevaya (2006) and the estimate of the harm on the probability of low
birth weight is very similar to that found in Almond et al (2005). Controlling for a detailed set of
background traits of the mother, including whether her parents smoked during her adolescence, has
no significant impact upon the harm from smoking during pregnancy®’.

Although the first 5 columns of Table 3 control for a particularly detailed set of traits of the
mothers in the data set, it is not possible to be certain that the endogenous decision to smoke during
pregnancy has been fully accounted for. Therefore, in column 6, a mother FEF model is estimated
to difference out any inherent healthiness or endowment of the mother which may have been creating
an omitted variable bias in the previous estimates.

The estimated coefficients for the dependent variable log birth weight are displayed. Row 1 shows
the harm on log birth weight has fallen dramatically, from 5.6% to 1.7% (or 43g), a difference which
is statistically significant. This finding that the FEF estimate is lower than the OLS replicates
those of Rosenzweig & Wolpin (1991) and Abrevaya (2006). The results suggest that two thirds
of the harm from smoking upon child birth weight is driven by unobservable traits of the mother.
This is somewhat surprising, given the wealth of controls incorporated into the final OLS estimate
— from the choices of the mother regarding her education and age at birth, measures of her health
endowment and also behaviour of her family spanning her lifetime. Therefore, the chapter now seeks
to understand exactly what the FEF estimate is capturing.

The FEF estimate will exploit variation in the smoking behaviour of each mother across her
multiple births. That is, unless the mother changes habits (called a changer) from one birth to
another, she will not influence the estimate of the harm from smoking. Within a heterogeneous
returns model, the harm from smoking for changers may differ than that for mothers whose habits
persist (non-changers). The FEF estimate, rather than estimating the harm from smoking controlling
for unobservables may instead estimate this effect for changers. In column 7 therefore, the OLS is
estimated (linear probability model) for log birth weight and gestation (LBW and pre-term births)
for a sample of changers, with the full set of time varying controls. The number of observations has
fallen accordingly, to 734.

As expected, the harm from smoking, excluding those mothers who smoke consistently across
births, is lower than the previous estimate in column 5, owing to the selection into the two groups

of changers and non-changers. Comparing the harm from smoking upon log birth weight, in the

29Note that we ran these regressions including additionally families with only one child. It may be that one
child families are particular, hence excluding them will estimate the effect for only a subgroup of the population of
households. None of the estimated coefficients were statistically different to Table 3.
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FEF model and the OLS for changers, looking at the appropriate comparison group, one third of
the harm stems from unobservable traits. The harm is now 3.3%, or an effect of 91g. However
the OLS bias is still large and the FEF estimate is significantly different to the OLS estimate for
the changers. Comparing the estimate of the harm from smoking for changers, to the literature,
the harm for these groups of mothers is lower than for most studies, which again is indicative that
the group of mothers who change their behaviour during pregnancy are a select group. This is the
estimate to compare to the FEF estimate however and possibly the most policy relevant estimate,
as the non-changers do not demonstrate marginal behaviour so may not be induced to change their
habits through smoking cessation policies.

Column 6 shows that the FEF regressions are insignificantly different to zero for all three re-
maining outcomes. Comparing these coefficients to column 7, there is small and only just significant
impact upon the probability of pre-term gestation, for the group of changers, increasing the proba-
bility by 3%, which compares to 1.8% for the full sample and 1.4% in the FEF regression.

For the remaining analysis, attention is restricted to the outcome log birth weight, as FEF
estimates and regressions for the changers produce small or insignificant results for the other three
outcomes. It is interesting to briefly consult the estimates in the birth weight equation, of other
inputs into the child production function, in columns 1-3 of Appendix 5.1. Boys are heavier than
girls, that the mother’s education, age and marital status at birth are all insignificant in these
conditional regressions. What is interesting is the difference between the coefficient for living with
a smoker, in the OLS and the FEF regression. Section 4.3 outlined that living with a smoker may
have an effect on child birth weight firstly through passive smoking and secondly by changing the
behaviour of the mother. Additionally, controlling for a variable for whether the mother lived with
a smoker may condition for endogeneity of the mother’s choice to smoke, if there exists assortative
mating by health behaviour. Whilst in the OLS regression, living with a smoker lowers child birth
weight by 2.1%, there is no significant effect once the mother FEF is controlled for, suggesting that
passive smoking plays only a small role in the transmission of poor health to the fetus. Indeed, this
finding is supported by scientific evidence. Jarvis et al (2001) found that the cotinine®’ concentration

for passive smokers is only 0.6-0.7% that of smokers.

4.4.3 Heterogeneity

The next stage of the analysis is to explore heterogeneity in the harm from smoking during pregnancy.
Results are reported in Table 4. The first column estimates an OLS, conditional upon the full set of
controls, then in column 2 OLS for the group of changers is estimated and finally column 3 reports

estimates from a FEF model, for subsets of the sample of mothers.

Duration In the first regression of Table 4, possible non-linearity in the duration of pregnancy
the mother smoked for is examined, as scientific studies suggest that if mothers give up smoking,
the month they quit may be important for the health of their child. The detailed information in
the NCDS allows us to change the explanatory variable to dummies for the mother not smoking,
smoking during the first 5 months and for the entire 9 months of pregnancy.

In all three specifications, a negligible birth weight effect is estimated of smoking during the first

30Nicotine converts to cotinine which remains for longer in the blood than nicotine so is therefore a more accurate
measure of smoking than nicotine
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five months, relative to non-smokers during pregnancy. This result is replicated in scientific research
where, for example, Hebal et al (1988) find that women quitting smoking during pregnancy bear no
harm of the smoking on birth weight.

This result could be due to two factors. Considering the stages of growth and development of
the fetus during the pregnancy, it is in the first trimester of pregnancy (weeks 1-12) that the baby
develops facial features, limbs, heart and organs. During the second trimester (weeks 13-28) the fetus
strengthens and grows. 90% of weight growth occurs from week 20 onwards. Consequently, in order
to get a fuller picture of the harm from smoking, further investigation is needed into the harm from
smoking for early months upon other health outcomes of the children. However, data limitations
mean that this is outside the scope of this study. Another explanation is that the group of quitters
is possibly an endogenous one, with unobserved heterogeneity leading to smoking cessation during
pregnancy and simultaneously other precautions taken to ensure the fetus is healthy. None of the
controls for health behaviour vary within a pregnancy therefore is not possible to adequately capture
the endogeneity. For this reason, a cautious interpretation is given to the result and conclude that
mothers are able to undo the harm from smoking during pregnancy if they change their behaviour
during the first two trimesters, which may include quitting smoking.

A large impact of smoking consistently for the full 9 months of pregnancy is estimated, relative
to not smoking. In column 1, the OLS effect on the full sample, shows that mothers smoking for
the entire 9 months of pregnancy will give birth to babies 7.2% (or 212g) lighter than non-smoking
mothers. This falls to 5% (150g) when excluding mothers who smoke continuously and estimate the
effect for changers only. Finally, column 3 shows that differencing out the mother FEF reduces the
estimate by more than half, compared to column 2 — indicating that for the full gestation smoker
mothers, at least 50% of the harm from smoking is due to unobservable factors omitted from OLS
regressions. Again, this suggests that along with quitting smoking, it is important for mothers to

adapt other behaviour to improve the health of their child.

Socio-Economic Status It is of interest whether the impact of maternal smoking during preg-
nancy displays heterogeneity across the distribution of education. This would be the case for two
main reasons. Firstly, if there are complementarities in investment of human capital, then high
educated mothers are able to extract a higher return to their investment, or a lower harm from
smoking. Additionally, high education may shift the budget constraint faced by a pregnant mother.
This means that high educated mothers may be able to reduce the harm, by for example buying a
higher quality of prenatal care than low educated mothers.

Mothers are defined as having a low level of education if they leave school by the compulsory
age, which is 16 for the NCDS cohort, and high education otherwise. In Table 4, comparing across
regressions 2 and 3, in column 1 the OLS harm from smoking is nearly double for low educated
mothers than high educated mothers. The harm for low educated mothers classified as changers,
shown in the second column of regression 2, is 1.6 percentage points higher than for the total sample
of smokers, at 5% (150g). For the high educated changers, there is no significant effect of smoking.
In the final column over half of the harm from smoking for low educated mothers is differenced out
in the FEF model, as compared to the pervious column, and the harm from smoking falls to 1.9%
(53g). For the high educated mothers, there is no significant effect of smoking during pregnancy in

a mother FEF model. This suggests that the harm from smoking is borne by low educated mothers.
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This result may be due to the fact that the quantity of cigarettes consumed is inversely related
to education. Indeed, low educated mothers on average smoke 3 cigarettes a day more than high
educated mothers, hence the above result may be due to a dosage effect, rather than due to comple-
mentarities or difference in the budget constraint. Therefore, in regressions 4 and 5, the explanatory
variable of interest is changed, to the quantity of cigarettes consumed during pregnancy®'. The re-
sults show that the harm from smoking each cigarette is relatively higher for low educated mothers,
at 0.2% per cigarette in the FEF regression, compared to a result insignificantly different to zero for
other mothers. The significance of this result is very relevant for policy targeting. As it is the low
educated mothers who are more likely to smoke, who smoke a greater quantity during pregnancy
and whose child receives the greatest harm for each cigarette smoked during pregnancy, it seems
necessary that the low educated, or more generally low SES mothers, be the focus of targeted policies

to change behaviour during pregnancy.

4.5 Robustness Checks
4.5.1 Health Habits

The decision of a mother to quit smoking is endogeneous. This will create a problem for the
identification strategy, if the driving force for the mother to quit also influences other investment
behaviour, which raises child health. This is overcome by controlling for health traits of the mother
which are time-varying as, across births the mother may change her behaviour according to health
trends or experience. The controls incorporated are whether the mothers exercise regularly and
drinks over the recommended allowance of alcohol®?, at the period of observation most recent to the
birth of the child. In the sample, 66% of mothers report regular sporting activity and 26% drink
over the level of alcohol recommended by the government. These are good proxies for discount
rates, or risky behaviour of individuals. Controlling for time-varying traits moves away from the
FEF assumption of a mother input which is time constant, however inclusion of these two proxies do
133

not change the coefficient on maternal smoking at all°®. This suggests that the method of assuming

a maternal FEF in the production function of child health is indeed robust.

4.5.2 Misreporting of Smoking Status

Abrevaya (2006) details the measurement error likely in the fixed effect estimate of the harm from
maternal smoking during pregnancy upon child health. In this study, the consequences are that the
FEF estimates are reported as a lower bound, as the possible sources of the measurement error are
not possible to examine closely with the current data.

However, one other aspect of measurement error which can be explored is that the misreporting
of smoking habits, which may be correlated with maternal SES. High SES mothers may be more
likely to misreport their smoking status during pregnancy, if they are relatively more responsive
to the stigmatization of smoking during pregnancy. This could be because, with a higher level

of education, they are more aware of, or responsive to improved knowledge regarding the harm

31The cohort members were not directly questioned about the number of cigarettes they smoked during pregnancy,
but rather quantity smoked at each wave of observation. Therefore, assigning a value of the quantity of cigarettes
smoked requires restricting the sample to mothers who reported not changing their habits during pregnancy.

32This recommended level of alcohol is 14 units per week for women and 21 units per week for men.

33The FEF coefficient on maternal smoking is still 1.7% (standard error 0.0099)
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from smoking. Health trends have developed such that smoking during pregnancy has become
more stigmatized over time, meaning that if misreporting by SES is a problem, it is one that will
have increased across time. It is possible therefore to examine the bias from a correlation between
misreporting of smoking status and maternal SES, by interacting the education of the mother with
the child’s year of birth.

The FEF model of Table 3, column 6 is estimated including an additional term for the interaction
between the education of the mother (where low and high education are defined as above) with the
child’s year of birth. The result is that the coeflicient on smoking changes by a very small and
insignificant amount, from 1.72% to 1.71%, suggesting that the bias is insignificantly different to

zero. Again, the FEF estimates seem particularly robust estimates.

4.5.3 Other Effects of Smoking

This chapter has analysed the harm from smoking upon child birth weight and gestation. It can be
argued however that smoking during pregnancy may drive other outcomes of the child, which drive
child health independently to the smoking. For example, Tuormaa (1995) lists some of the other
effects from maternal smoking as placenta previa and placental abruption®®. These two conditions
may lead to pre-term births, which will affect birth weight. The estimate has identified the total
effect of smoking on birth weight, which is arguably the most interesting. However, a robustness test
is conducted, by controlling for gestation in the birth weight equation and also for a dummy variable
which equals 1 if there were complications during pregnancy and 0 otherwise. The problems cited
by Tuormaa were mentioned by the mothers as complications during the birth, as well as others
such as heart problems.

Table 5 shows the estimate of smoking upon log child birth weight under the three specifications,
with a full set of controls including complications during pregnancy and gestation. Compared to
Table 3, the estimated "direct" impact of smoking during pregnancy is lower, as expected, once
these two pregnancy outcomes are factored out. The OLS for the total sample and for changers
respectively, has fallen to 4.6% and 3.1% respectively, and FEF estimate is 0.3 percentage points
lower, at 1.4%. Complications during pregnancy reduce child birth weight by 4.9%-6.2% and an
increase of gestation by one week will raise the child birth weight by between 4.7%-5.5%. This table
suggests that the channels through which smoking does lower early child human capital are partly

explained by gestation and the incidence of complications during pregnancy.

4.6 Conclusion

The chapter used a data set very rich in information about mothers and children, in order to estimate
the harm on child human capital from smoking during pregnancy. Estimated OLS conditional effect
on birth weight was 5.6% for the total sample of mothers, 3.3% for the sample of changers and the
FEF 1.7%. The FEF estimate is a lower bound, hence the harm from smoking is reported as 1.7-
3.3% (43-91g). These estimates are relatively low compared to most existing studies, which is due
to the fact that the FEF estimates exploit variation in the group of mothers who exhibit a changing

behaviour across births. That is, mothers who smoke consistently across all births, who are arguably

34Gee Appendix 5.2 for precise details of other outcomes
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a select group of mothers, do not contribute to the FEF estimate. However, the marginal mothers
seem the most policy relevant group to target, in order to change smoking habits.

The fact that the FEF estimate is considerably lower than the OLS estimate suggests that
unobserved traits of the mother play a large role in the development of child human capital over
and above her smoking habits. Therefore policies targeting child human capital should aim to
educate pregnant mothers on health behaviour generally during pregnancy, rather than just smoking
behaviour specifically. There needs to be more understood about exactly what the unobservable
traits are, to get inside this black box of child health outcomes.

A negligible effect was found of maternal smoking during the pregnancy, if the mother quits
by month five, which suggests that there is a cumulative effect of smoking. This is reassuring, as
cessation or education programs do not have to just target pregnant mothers early in the gestation,
but can have some effect later in the pregnancy. The harm from smoking was found to be non-linear
and decreasing across the education of the mothers, results which are robust to controls for the
quantity of cigarettes smoked during pregnancy.

Smoking cessation policies are not enough to address inequalities in child health. Further, not
only is it the low SES mothers who choose to smoke, but they are also the mothers bearing the
greatest burden from the smoking. Therefore, any potential solution must offer help to these mothers,

to target those with the worst habits and poorest records of child health.
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Table 1: NCDS Sample Statistics.

Smoking Never Atthestart  Consistently Total Sample
during
pregnancy
Number of obs 4266 378 1647 6291
% of sample 67.8 6.0 26.2 100
Birth weight 3412.17 3411.32 3173.49 3349.63
(grams)
(546.29) (571.03) (588.40) (568.77)

LBW 0.05 0.05 0.11 0.06

(0.22) (0.22) (0.32) (0.25)
Gestation 39.73 39.76 39.53 39.68
(weeks)

(2.05) (2.41) (2.44) (2.18)
Pre-term 0.10 0.08 0.13 0.10
Gestation

(0.30) (0.28) (0.39) (0.3)
Mother age 28.95 25.88 25.36 27.82

(5.36) (4.08) (4.92) (5.43)
Age left school 17.40 16.70 16.32 17.08

(2.24) (1.50) (1.18) (2.03)
Mother Height 63.94 64.00 63.39 63.80
(inches)

(2.70) (2.53) (2.47) (2.64)
Livewitha 0.23 0.49 0.62 0.34
smoker

(0.42) (0.50) (0.49) (0.48)
Grandmother 0.32 0.39 0.46 0.36
smoked, mum
age 16

(0.47) (0.49) (0.50) (0.48)
Grandfather 0.39 0.45 0.50 0.43
smoked, mum
age 16

(0.49) (0.50) (0.50) (0.49)

Standard deviation is shown in parentheses.

Note: sample of mothers with at least 2 children and fewer than 6.
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Table 2: Transition matrix of smoking habits, for 3 child families.

1% child 2" child
0 1 0 1
2" child 0 089 0.22
0549  0.083
1 011 0.78
0.069  0.300
3 child 0 092 0.33 0.95 0.19

0.576 0122 0.623  0.067
1 008 0.67 0.05 0.81
0.050 0252 0.030 0.280

Key: Row 1: Column percentage, Row 2: Total percentage

112



"APAIBASal PAS| %T ‘%S ‘%O0T U} 1 0J0Z WOJ JUSRHIP

ANUed 1 1IUBIS SO10UBP «xx' xx + A8 “BPOW AlljIqegod Jesul| au1 Sslouep 47 "9T Jeylow Usym payows Byte puel pue sylowpuelb ‘yuig .
SSe|0 e100s S Joytepuelb ‘TT e uoifial ‘uiog JBylow ajeym uoibal :uoIfew.ou| punolbydeq [eay “eMoWSs UM aAI| |ooyds 1a| abe :uoiew.oul
Byed ey pue WM yuig euslew JusWMopue YieaH “AlIuyie ‘Bp.o yuig XS PlIyo ‘Yuig Te palliew eyiow uoieonps ‘palenbs

Jaylow abe ‘Yuig e ,eyow afe [S104U0d plepuelS "SNP YUIg Jo Jeak pliyo Joy) [01ucd suossaifal ||y ‘seseyiuaed Ul SiolL prepuels

113

vEL 1629 1629 1629 1629 1629 1629 N
«(8170°0) (£T0°0) (TT0°0) (TT00) «x(0T0'0)  +x(0T0'0)  ++(0TO0)  uomEISe6
000 ¥100 8100 /700 2200 €200 £20°0 wel-a.d %4
(gzT0) (8TT0) #x(@800)  «x(T800)  xxx(8200) xxx(2200) +xx(S20°0) (S>eem)
GE0'0- 080°0- 88T°0- 88T°0- 9020~ 212°0- ¥22'0- UoIEISeD €
(€T00) (2100)  +x+(0T00) x%+(0T00)  +xx(0T0°0) ++x(0TO0) xx(600°0)
1200 8000 Zv00 Zvoo 900 100 S¥00 Mg I4
+xx(ZT0°0)  «(6000)  %+x(8000) +xx(800°0) xxx(£000) xxx(2000) xxx(2000) yBrem
€€0°0- 1T0°0- 950°0- 950°0- 2900~ #90°0- 850°0- yuiq bo T
(s,ebueyo) punoiBdIeq UuOoIRWIOUI  JUSWUMOPUS  S|0JJU0D
d1/S170 434 ol + Jouped + ‘Ueay + - plepuess + Mey uossaloy
L 9 S ¥ € Z T

'sawo2INo Asueubaid unoj uodn ‘Aoueubaid Buinp Bu{ows Jaylow Joj a|geleA Alwnp Jo Uossalbtey € ajgel



Table 4: Heterogeneity in the harm from smoking during pregnancy.

Dependent variableislog child birth weight.

1 2 3
Regression Sample OLS(@l) OLS (changers) FEF
1 Quit by month 5 0.002 -0.022 -0.009
(0.011) (0.015) (0.012)
Smoke 9 months -0.072 -0.050 -0.024
(0.008)*** (0.014)*** (0.012)**
N=6291 N=734 N=6291
2 Low education -0.062 -0.049 -0.019
(0.009)*** (0.014)*** (0.011)*
N=3980 N=509 N=3980
3 High education -0.035 0.016 -0.017
(0.014)** (0.023) (0.018)
N=2311 N=225 N=2311
4 Low education, quantity -0.004 -0.003 -0.002
(0.001)*** (0.002)* (0.001)*
N=3320 N=145 N=3320
5 High education, quantity -0.002 0.001 -0.001
(0.001) (0.003) (0.002)
N=2049 N=54 N=2049

Standard errorsin parentheses. All regressions control for child year of birth dummies.
Standard controls: age mother at birth, age mother squared, education mother, married at
birth, child sex, birth order, ethnicity. Health endowment: maternal birth weight and height.
Father information: age |eft school, live with smoker. Real background information: region
where mother born, region at 11, grandfather’s social class at birth, grandmother and
grandfather smoked when mother 16.

Key: * ** *** denotes significantly different from zero at the 10%, 5%, 1% level

respectively.

Table 5: Additional controls for birth outcomes.

() 3 2

OoLS@l) OLS (changers) FEF
did CM smoke -0.046 -0.031 -0.014
during pregnancy

(0.005)*** (0.010)*** (0.008)*
Complications -0.049 -0.062 -0.051
during birth

(0.008)*** (0.030)** (0.009)***
Child gestation 0.054 0.055 0.047

(0.002)*** (0.011)*** (0.003)***
Obs 6291 734 6291
R-squared 0.45 0.46 0.42

Standard errorsin parentheses. All regressions control for child year of birth dummies.
Standard controls: age mother at birth, age mother sguared, education mother, married at
birth, child sex, birth order, ethnicity. Health endowment: maternal birth weight and height.
Father information: age left school, live with smoker. Real background information: region
where mother born, region at 11, grandfather’ s social class at birth, grandmother and
grandfather smoked when mother 16.

Key: * ** *** denotes significantly different from zero at the 10%, 5%, 1% level

respectively.
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Appendix 4.1. Full Regression Results

OLS (dl) OLS (changers) FEF
Did CM smoke during pregnancy -0.056  -0.033 -0.017
(0.008)***  (0.012)*** (0.009)*
Child sex 0.031 0.001 0.031
(0.005)***  (0.014) (0.005)***
Age parent left school 0.000 -0.004
(0.002)  (0.006)
Age when mother had child 0.005 -0.126 0.057
(0.057) (0.182) (0.055)
Mother age child squared -0.000  0.003 -0.001
(0.001) (0.004) (0.001)
Married when had baby 0.000 -0.030 0.009
(0.007)  (0.024) (0.017)
Birth order 0.021 0.019 0.024
(0.003)***  (0.008)** (0.006)***
Black -0.106  -0.103
(0.040)***  (0.042)**
India/Pakistan -0.095  0.000
(0.027)***  (0.000)
Other Asian 0.000 0.000
(0.000)  (0.000)
Mixed Race -0.090  0.000
(0.199)  (0.000)
Mother's height aged 16 inches 0.008 0.002
(0.001)***  (0.004)
Log birth weight parent 0.147 0.143
(0.020)***  (0.071)**
Partner’s age | eft school -0.001  -0.003 -0.008
(0.002)  (0.008) (0.008)
Live with smoker -0.021  0.007 -0.015
(0.008)***  (0.023) (0.018)
Region mum’s birth -0.001  -0.002
(0.002)  (0.008)
Region mum aged 11 0.000 0.004
(0.001) (0.008)
Grandfather’s social class, mum'’s birth -0.005 0.026
(0.009) (0.043)
SES dad when cm born -0.001  -0.001
(0.001) (0.004)
Father smoked, mum 16 0.009 0.004
(0.006)  (0.021)
Mother smoked, mum 16 -0.004  -0.016
(0.007)  (0.020)
Observations 6291 734 6291

Appendix 4.2. Smoking during pregnancy: other effects

Smoking during pregnancy may reduce child birth weight. Additionally, there may be other health
problems. Tuormaa (1995) lists the other effects as:
reduced gestation and prematurity, increase miscarriages, placenta previa, placental abruption,

premature rupture of membranes, sudden infant death syndrome.

115



6 Conclusion

This thesis has explored two aspects of the life cycle of skill formation. Firstly, it has provided
evidence on whether the timing of income, over and above the level of family income, causes child
human capital to accumulate differently. This was done in two ways. In chapter 2, using a fully
flexible nonparametric functional form, income conditional upon permanent income, was estimated
at ages 0-5, 6-11 and 12-17 upon a range of subsequent child outcomes. Placing no restrictions on
the functional form of the human capital production function meant that not just the productivity of
income, but also the complementarity in the return to income in each period was estimated. Whilst
the theoretical literature provides arguments for parental investment in early years having a larger
effect than later years, I found that early income was approximately as productive as income received
aged 6-11, and less productive than income received age 12-17. Complementarities were found, for
a group of poor parents likely to face credit constraints. In chapter 3, shocks to a stochastic income
process were decomposed into permanent and transitory components, and subsequently the effect
of these shocks upon child outcomes was estimated across the full range of childhood, from age
1-16. Permanent income shocks shift household wealth and subsequently investment in child human
capital. An earlier shock was found to have a larger effect than a later shock, which was expected
as the change to parental investment would last for more periods if the shock was realised early on.
Transitory income shocks had a much smaller coefficient, which was in general constant across child
age. The findings of these two papers are somewhat surprising, given the arguments in the theoretical
literature which expect the return to parental investment to be higher early in the lifetime of a child.
Indeed, whilst it was not possible to formally identify whether the mechanisms behind the findings
were due to a higher return to later investment, they definitely indicate an important, non-negligible
return to investment during adolescence. This has strong policy implications, suggesting that it is
not just early intervention that will raise adolescent outcomes, but later investments will also yield
a return. My plan for future research is to estimate a fully structural model of the role of the timing
of income shocks upon child outcomes. The research will benefit from a model in which there are
two types of investment goods - time and financial investment and additionally income shocks will
be endogenised. This methodology would allow me to say something stronger about the mechanisms
driving the differential return to income shocks.

The second aspect of skill formation was to evaluate the correlation between early child outcomes
and parental inputs. Chapter 4 considered neo-natal smoking behaviour, and follow Todd & Wolpin
(2007) in allowing for a history of inputs observed prior to the smoking behaviour through a maternal
fixed effect. This chapter showed that the parameter estimated is very sensitive to the methodology
adapted, as the coefficient on smoking during pregnancy fell by around two thirds once a maternal
fixed effect was controlled for. However, what is often ignored by papers employing a fixed effect is
that the estimate uses variation in inputs and outcomes only for individuals who change behaviour
across births. Once the OLS was estimated on the group providing variation in the fixed effect, the
coefficient was much closer to the fixed effect estimate. However, there was still a difference, which
shows that even controlling for a wide range of maternal traits, much of the correlation between
maternal smoking during pregnancy and child outcomes is caused by unmeasurable traits of the
mother. Finally, chapter 5 considered whether the early determinants of test score outcomes at age
6 are similar across countries. The findings are that mother’s education, family size and child gender

are correlated with child test score outcomes to the same extent in the UK and the US. Additionally,
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they show similar correlates in around 50% of the countries considered in the PIRLS dataset. This
is a new finding. There is a plan to extend the PIRLS analysis, to create a measure for how similar
or different countries are to each other in terms of their institutional settings, for example in the
proportion of mothers working in the labour market or in the distribution of income, to take a step
towards understanding how it is that countries with apparently different institutional settings have

correlates between familial inputs and child outcomes which are similar in magnitude.
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